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Anotace

Predkladand habilitacni prace se soustfedi na komentaf vysledka autorova ptivodniho vyz-
kumu, ktery se zaméiuje na aplikace matematicko-fyzikalnich modelt v biomedicinskych
technologiich a jejich ptimé aplikaci v didaktice fyziky. Prace nastinuje zakladni témata
problematiky tykajici se zpracovani biosignald, ukazku aktudlniho stavu poznani v dané
specifické oblasti a naznacuje nékolik sméru vyzkumu, kam je mozné se i v budoucnu
ubirat. Téma se také dotykd casto opomijené oblasti didaktiky fyziky, coz je zaméreni
na tercidrni vzdéldvani. Price se soustiedi na celou cestou od zdkladni myslenky, po
vyzkum a experiment, publikaci v odbornych ¢asopisech az po ochranu dusevniho vlast-
nictvi a naslednou piimou aplikaci nové objevenych skute¢nosti v praxi a ve vyuce fyziky,

konkrétné na katedie fyziky Piirodovédecké fakulty Univerzity Hradec Kralové.



Annotation

The presented habilitation thesis focuses on the commentary of the results of the author’s
original research, which focuses on the application of mathematical-physical models in
biomedical technologies and their direct application in the didactics of physics. The thesis
outlines the basic issues related to the processing of biosignals, an example of the current
state of knowledge in the given specific area and indicates several directions of research
where it is possible to expand in the future. The topic also touches on an often neglected
area of didactics of physics, which is a focus on tertiary education. The thesis focuses on
the entire journey from the basic idea, to research and experiment, publication in scientific
journals to the protection of intellectual property and the subsequent direct application
of newly discovered facts in practice and in the teaching of physics, specifically at the

Department of Physics of the Faculty of Science of the University of Hradec Kréalové.
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Uvod

Ptedlozena prace tvoii soubor uverejnénych védeckych praci doplnénych komentafem.
Zakladem komentare tak jsou nasledujici publikace, které jsou obsahem piilohy habilitaéni

prace:

e Studnicka, F., Slégr, J., Stegner, D. (2016). Free fall of a cat—freshman physics
exercise. European Journal of Physics, 37(4), 045002.

e Studnicka, F., Slégrovd, L., Voglova, K., Slégr, J. (2022). Heat index, wet-bulb tem-
perature and psychrometrics: what to expect in the 21st century. Physics Education,

58(2), 025003.

e Busovsky, D., Kifzov4, M., Kiiz, J., Loskot, J., Studnicka, F., Slégrova, L., Slégr,
J. (2022). Simple device for spectroscopy laboratory exercises. Physics Education,

57(1), 015014.

e Cimr, D., Studnicka, F. (2020). Automatic detection of breathing disorder from

ballistocardiography signals. Knowledge-Based Systems, 188, 104973.

e Cimr, D., Studnicka, F., Fujita, H., Tomaskova, H., Cimler, R., Kuhnova, J., Slegr,
J. (2020). Computer aided detection of breathing disorder from ballistocardiography

signal using convolutional neural network. Information Sciences, 541, 207-217.

e Cimr, D., Studnicka, F., Fujita, H., Cimler, R., Slegr, J. (2021). Application of me-
chanical trigger for unobtrusive detection of respiratory disorders from body recoil

micro-movements. Computer Methods and Programs in Biomedicine, 207, 106149.

e Cimr, D., Busovsky, D., Fujita, H., Studnicka, F., Cimler, R., Hayashi, T. (2023).
Classification of health deterioration by geometric invariants. Computer Methods

and Programs in Biomedicine, 239, 107623.
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e Cimler, R., Studnicka, F., Slégr, J., Stépan, J., Matyska, J., Kiihnova, J., Sec,
D., Seba, P. (2019). Zafizeni pro sledovani mikropohybti zivych organismi. Utrad
prumyslového vlastnictvi, uzitny vzor ¢. CZ33574U1.

e Studnicka, F., Slégr, J., Seba, P. (2023). Method of monitoring peristalsis of organs of
the gastrointestinal tract and a device for monitoring peristalsis. World Intellectual

Property Organization, patent ¢. WO2023006134A1.

e Studnicka, F., Cimler, R., Kiihnové, J., Matyska, J., Stépan, J., Slégr, J. (2023).
Systém pro monitorovani pohybové aktivity a vitdlnich funkci zvirete. Urad prumys-

lového vlastnictvi, uzitny vzor ¢. CZ36821U1.

Na katedte fyziky Ptirodovédecké fakulty Univerzity Hradec Krélové (UHK) probiha
dlouhodoby vyzkum v oblasti konstrukce senzort, zpracovani ¢asovych fad, novych mode-
I kardiovaskularniho systému a také zde probiha pfimé aplikace téchto novych poznatku
na poli védy a techniky. Nové poznatky jsou aplikoviany jak v podobé komercializace
vybranych technologii, tak i v podobé, ktera se piimo promita do vyuky fyziky na katedie
v podobé novych studijnich programu zamétrenych na aplikovanou fyziku, ale i v piipraveé
budoucich ugciteli fyziky. Jedna se tak o rozsahly proces didaktizace vysledki vyzkumu
a vyvoje, tedy didaktické ¢innosti, kterd vede k implementaci téchto vysledku do vyuky
v tercidrnim vzdélavani.

Prvni ¢ast predkladané prace se zabyva uvedenim ¢tenare do problematiky provadéného
vyzkumu a senzorickych feSeni. Druhd ¢ast prace se zabyva dvodem do pouzitych ma-
tematickych metod. Tteti ¢ast prace shrnuje zasadni vysledky, které jsou obsahem ci-
tovanych odbornych €lanki, uzitnych vzoria a patenti. Ctvrtd édst prace pak shrnuje
vyznam provedeného vyzkumu v didaktice fyziky a zabyva se pravé procesem didak-
tické transformace recentnich vysledku pro jejich vyuziti ve vyuce. Prace se tak dotyka
casto opomijené oblasti didaktiky fyziky, a to procesem implementace vysledku vyzkumu
a vyvoje do tercidarniho vzdélavani (alespon na tirovni ISCED 5) [1]. Préce popisuje celou
cestu od zdkladni myslenky, pfes vyzkum a experiment, publikaci v odbornych ¢asopisech,
az po ochranu duSevniho vlastnictvi, komercializaci a naslednou pfimou aplikaci nové
objevenych skutec¢nosti ve vyuce fyziky. Ty jsou aplikovany konkrétné na katedie fy-
ziky Ptirodovédecké fakulty Univerzity Hradec Kralové. Jednd se tak o unikétni rozvijeni
osobnosti budoucich odbornikl ve fyzice a budoucich uéiteli formou vyzkumu a vhodné
propojeni fyziky a aplikovanych véd, coz mohou studenti ucitelstvi v budoucnu zahr-

nout i do vlastni ucitelské praxe. Z hlediska didaktiky je podstatné zvySovat atraktivitu



fyziky tesenim zajimavych, zejména interdisciplindrnich problému (v této praci je akcen-
tovéna oblast humanni mediciny, ale i veterindrni mediciny ¢i socidlni péce). Proto je téma
predlozené habilita¢ni prace ¢asto popularizovano na katedie fyziky v podobé prednasek
a seminaiu urcéenych jak pro odborniky, tak pro sirokou vefejnost.

Hlavnim cilem predlozené prace je s nadhledem ukézat, co vSe obnési zarazeni novych
a unikatnich vysledku vyzkumu do ptimé vyuky na univerzitach, jak je mozné je popu-
larizovat a motivovat tak budouci generace ucitelt fyziky i odborniky z praxe. Komentar
k souboru uvefejnénych praci si tak neklade za cil zduraznovat prospésnost samotnych
vysledki vyzkumu, ani podrobné sezndmit ¢tenafe se viemi podrobnostmi realizovaného
vyzkumu nebo technickymi detaily — to je obsahem jiz publikovanych komentovanych praci
a vedenych zavérecnych praci. Realizované 1ékaiské a jiné diagnostické metody je tak tfeba

chapat vice jako doprovodny, ale z hlediska didaktické aplikace zasadni jev.



Kapitola 1

Balistokardiogratfie

1.1 Historie balistokardiografie

Zakladnim pojmem, ktery je nosnym tématem aplikovanych didaktickych vysledka témeér
celé prace, je balistokardiografie. Tento pojem bude ¢asto rezonovat predevsim v prvni
Casti prace, kde které je popsan rozvoj myslenek, které vedly k samotnému odbornému
vyzkumu. Pojem balistokardiografie je oznaceni metody, kterd studuje tzv. mikrovibrace
lidského téla. Oznaceni samotné pochéazi z fectiny a vzniklo slozenim t¥i slov: ballizein
— tancit, kardia — srdce, grafein — psat, zobrazovat [2]. V anglické literature se pojem
uvadi jako ballistocardiography (BCG). Toto slovo muze evokovat slovo podobné a i laické
vefejnosti znamé — elektrokardiografie (EKG). Elektrokardiografie studuje elektrickou ak-
tivitu lidského srdce, zatimco balistokardiografie studuje jeho mechanickou aktivitu a
zejména propagaci téchto pohybu po celém lidském téle.

Prvni zminka o balistokardiografii se objevuje jiz v roce 1877 [3]. Nize je ptilozen abs-
trakt historicky prvni odborné publikace, kde diky technickému pokroku v oblasti méticich
piistroju J. W. Gordon zaznamenal, Ze télo lezici na posteli osazené ,,seismografy”, vy-
kazuje rytmické pohyby piimo korespondujici s rytmem stahu lidského srdce, viz obrézky
1.1a1.2.

Pro vysvétleni jevu, ktery Gordon pozoroval, vyuzijeme zjednoduseny diagram vysvét-
lujici déje pii kazdém jednotlivém tderu (zdravého) srdce [4], na obrdzku 1.3. Pojem
srde¢ni cyklus oznacuje periodické déje, které srdce vykonava a ke kterym dochéazi od
zacatku jednoho srdecniho dderu spontannim generovanim akéniho potencidlu v sinoa-
tridlnim uzlu do zacatku dalstho srde¢niho tderu [5]. Pro nase ucely jsou podstatné déje,
které maji jasnou mechanickou odezvu. Mezi né patii zejména (ale nikoliv vyhradné)

uzavieni mitralni (sinové) chlopné, izovolumetrickd kontrakce srdce (stlaceni srdeéniho
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ON CERTAIN MOLAR MOVEMENTS OF THE HUMAN
BODY PRODUCED BY THE CIRCULATION OF
THE BLOOD. By J. W. Gorpon.

A PERsON standing erect in a perfectly easy posture on
the bed of an ordinary spring weighing-machine, and maintain-
ing, as far as possible, perfect stillness, will be found, if the
instrument is delicately adjusted, to impart a rhythmic move-
ment to the index, synchronous with the pulse and according
to the following rule:—At each occurrence of systole in the
heart, the needle will be vigorously deflected toward the zero
point of the dial, and in the intervals of systolic action will
return by a slower movement {0 the starting point; this point
nearly coinciding with the point at which the needle would
rest if the subject were laid horizontally on the bed of the
instrument. The return of the needle is effected by a series
of secondary vibrations which appear to bear an appreciable
but imperfect analogy to corresponding features in the sphyg-

mograph.

Obrézek 1.1: Prvni ¢ldnek zabyvajici se balistokardiografii, 1877 [3].

Obrézek 1.2: Signal rytmického pohybu téla zaznamenany Gordonem [3].
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Obréazek 1.4: Moderni zdznam BCG signdlu — jednd se o simultdanni méfeni pomoci Sesti

lokalnich senzoru na ruznych mistech anatomie ¢lovéka.

svalu pfi zachovani nac¢erpaného objemu krve, poc¢atek systoly), otevieni aortalni chlopné
(po piekonani tlaku v krevnim fecisti), vypuzeni krve z levé srdeéni komory (doprovazené
sifenim tlakového pulsu siti tepen, tzv. pulsni vlny) a odraz pulsni vlny na bifurkacich
(vétvenich) krevniho fecisté. Tyto velice drobné mechanické pohyby (které je mozné ve
srovnani s makroskopickymi pohyby lidského téla oznacit jako mikropohyby) se dale diky
vnitinim mechanickym vazbam i po celém lidském téle. Informace o jednotlivych déjich
srde¢niho cyklu je logicky v pohybu celého lidského téla ukrytd. Na obrazku 1.4 je pro
predstavu ukézano, jak vypadd moderni zaznam BCG signalu. Jednd se o méfeni pomoci
Sesti lokalnich piezokeramickych senzoru (viz déle).

Gordonuv objev nebyl dlouhd léta rozvijen. K pochopeni duvodu uved me ro¢nik ob-
jevu do historického ramce. V roce 1877 zacala vystavba zdkladu Eiffelovy véze v Paiizi,
do provozu bylo uvedeno prvni ¢eské verejné elektrické osvétleni celoméstského vyznamu
v Jindfichové Hradci a ubéhlo pouhych pét let od prvniho dolozeného pokusu s elektro-
kardiografii (1872) [6]. Mezi zdsadni pticiny docasného upadku BCG patii nestandardizo-
vané méreni, nedostatecné dobové pochopeni fyziologického pozadi metody a ve 20. stoleti
rozvoj dalsich neinvazivnich metod sledovani ¢innosti (nejen) lidského srdce. Technické
problémy s pofizenim zdznamu a problémy s interpretaci znamenaly odsunuti balistokar-
diografie do ustrani na témér jedno stoleti. Proto, i kdyz se Gordonovo poznani ve své dobé
jevilo jako vskutku revolu¢ni objev, dlouhou dobu byl pouze zajimavosti a nedoslo k jeho

dalsimu rozvoji ani vyzkumu. Z dnesniho hlediska je to pochopitelné, jelikoz BCG kopiruje
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Obrazek 1.5: Princip akce a reakce v balistokardiografii, schematické znazornéni, modie

akce uvnitf ¢lovéka, ¢ervené reakce.

Obrézek 1.6: Pristroj od spoleénosti Nihon Kohden [8] — jednd se o luzko zavésené na

pruzinéch se zdznamem jeho pohybu.

podobnou kiivku technologického rozvoje jako EKG. EKG lze zjednoduSené popsat jako
projekci modelu lidského srdce jako elektrického dipdélu do ruznych soufadnicovych os
zavislych na tom, kde elektrickou aktivitu pomoci elektrod sniméme. Z hlediska BCG se
v8ak jednalo o zcela novou metodu na pomezi fyziky a mediciny. Z fyzikdlniho hlediska jde
o dusledek tretiho Newtonova pohybového zakona — principu akce a reakce, viz obrazek
1.5: Drobné pohyby srdce, odrazu a &ifeni pulsni viny kardiovaskuldrnim systémem a po-
hyb krve v srdci a tepnach je akce uvniti ¢lovéka, kterd se na statické luzko, na kterém
muze méfeny clovek byt, promitne jako adekvatni reakce. Tuto reakci je pak mozné snimat

pomoci §irokého spektra senzoru, o ¢emz pojednava nasledujici sekce.

1.2 Senzoricka reseni

Renesance balistokardiografie byla pfimo spjata s technologickym rozvojem. Po dlouhych
letech zapomnéni lze za prvni sériové vyrabény komeréni ptistroj pro zdznam balistokar-
diografického signalu povazovat piistroj od japonské spolecnosti Nihon Kohden z 50. let

20. stoleti, viz obrazek 1.6, zalozeny na praci Isaaca Starra [7].
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Obrazek 1.7: Piistroj ve tvaru zidle snimajici balistokardiograficky signdl [10].

Pro zajimavost je mozné zminit, ze jeden z prukopnikt balistokardiografie je i cesky
roddk Zdenék Trefny, ktery studoval balistokardiograficky signal ¢lovéka sediciho na zidli
[9], viz obrazek 1.7.

Vétsinu senzoru, které slouzily po jedno stoleti ke studiu balistokardiografickych
signall, lze shrnout jako senzory seismografické ¢i senzory pruzinové. S rozvojem méfici
techniky ve 21. stoleti doslo i k rozvoji méficich senzoru umoznujicich snimani mecha-
nickych pohybt. Seismografické a pruzinové senzory byly postupné nahrazeny cenové
dostupnymi akcelerometry, které navic pfinaseji vyhodu v jednoduchosti zapojeni do
vypocetnich systémi, jelikoz jejich vystupem je piimo analogovy signal. Tyto senzory
byly rovnéz pouzity pro snimani BCG signélu [11], ovSem pro sniméni mikrovibraci se
ukézaly jako zcela nevhodné. Méteni vibraci 1ze fyzikalné interpretovat jako méfeni zrych-
leni. Akcelerometry disponuji Sirokym rozsahem meéfenych zrychleni, zpravidla minimalné
+ g — tthové zrychleni. Mikrovibrace lidského téla v dusledku ¢innosti srdce jsou fadové
slabsi, a tedy pro jejich kvalitni zaznamenéni by bylo nutné zajistit rozliSeni ptislusného
analogové-digitalniho prevodniku s takovou bitovou citlivosti, ktera je nejen ekonomicky
nednosnad, ale i technologicky neproveditelna, pokud bude cilem méfeni vice nez jen hledani
periodickych vykyvu signalu souvisejicich s rytmem srdce.

Porovname-li pocet publikaci spojenych s BCG v prubéhu let, viz obrazek 1.8, lze
pozorovat velky rozmach v 50. letech 20. stoleti, a to zejména diky technologickému po-
kroku v oblasti méficich senzori. Bohuzel vzhledem k problémum se zpracovanim BCG
signalu nastal postupny upadek, ktery se podafilo zvratit az po¢atkem 21. stoleti.

Tehdy se totiz podaiilo vyftesit dalsi pirekazku, a sice problém zpracovani digita-
lizovaného signalu a vypocetni naroc¢nosti tohoto zpracovani. Budeme-li na BCG signal

nahlizet z jakéhokoliv hlediska, vzdy (stejné jako u EKG signalu) pujde ve vysledku o jisty
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Obrézek 1.8: Pocet publikaci spojenych s BCG v prubéhu let [12]

druh projekce mechanického pohybu lidského téla. EKG signél je v dnesni dobé povazovan
za zlaty standard v oblasti diagnostiky srdce. Mista, kam se umistuji méfici elektrody jsou
jasné definovand a standardizovand a reprodukovatelnost méfeni je tim plné zajiSténa.
BCG signél naopak trpi tim, Ze jeho méfeni neni standardizované a je zavislé na tom, kam
se umisti méfici senzory, jak je ¢lovék umistén na mérici zafizeni, a tedy jaka projekce

celkového mikropohybu je ve vysledku mérena.

Nyni se zaméfime na feSeni problematiky citlivosti a digitalizace signalu. Problema-
tikou jejich interpretace se budou zabyvat kapitoly nasledujici. Pfi experimentalni potiebé
snimat vysoce citlivé signdly bylo po mnohaletém vyzkumu autora potvrzeno, ze pro
snimdani balistokardiografickych signalt je idealni konfigurace obsahujici piezokeramicky
senzor (viz obrazek 1.9). Tento typ senzoru funguje na principu generovani elektrického
naboje pii mechanické deformaci. Vznikly naboj je pak sniman nadbojovym zesilovacem a
transformovan na méfitelné elektrické napéti. Zasadni vyhodou vyuziti piezokeramickych
senzoru je jejich extrémni citlivost i na jemné mechanické deformace. Vyuziti stejného
typu senzoru je pak zndmé i v zahranici [14], kde autofi tento senzor umistili pfimo mezi
podlahu a nohy lizka. Samotny senzor je vSak nedostate¢ny pro vhodné snimani balisto-
kardiografického signalu, jelikoz jeho umisténi napt. pfimo pod méfenou osobu nebo pod
matraci postele nevyvolava jeho dostatetné mechanické namahani. Za ucelem dosazeni
idealniho elektromechanického prenosu, ktery zajisti jednak pfenos téch frekvenci, které
jsou zadané, a ktery navic dokdze mechanicky zesilit mikropohyby, bylo nutné vyvinout
pouzdro, do kterého je piezokeramicky senzor umistén a jehoz soucasti je kontaktni bod
pevné spojeny se senzorem, ktery tyto mechanické pohyby pfendsi. I tato ¢ast vyzkumu,
zatim zcela oprosténa od dalsich aplikaci, trvala nékolik let. Tyto zacatky lze doslova na-
zvat praci ,na koleni®, viz obrizek 1.10. Zde bylo vyuzito pravé zkusSenosti z piiprav na

vyuku fyziky, kdy je pedagog ¢asto postaven pied kol demonstrovat néjaky fyzikalni déj
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Obrézek 1.9: Piezokeramicky senzor pouzivany pii méfeni balistokardiografickych signalu

[13].

s co nejvetsi fyzikalni presnosti, ovsem s minimem prostiedku.

Pies fadu dalsich prototypt, vyuzivajici zejména vyhod 3D tisku, a tedy rychlého
prototypovani a uprav, bylo vyvinuto specidlni pouzdro pro senzor, které je oSetfeno ame-
rickym prumyslovym vzorem [15], viz obrézek 1.11. Senzor s timto pouzdrem je dnes
pouzivan ve vyzkumu zabyvajicim se praktickym vyuzitim BCG na Univerzité Hradec
Kralové. Snimaci elektronika vyvinuta na UHK pak disponuje snimkovaci frekvenci 330 Hz,
kterd je nezavisld na samotném senzoru. Ohledné snimkovaci frekvence je vhodné vratit
se k obrazku 1.3. Z néj je patrné, ze déje v srdeénim svalu jsou rychlé a zmény od-
povidaji fadové desetindam sekundy. Dle Nyquistova—Shannonova vzorkovacitho teorému
by pak minimdalni snimkovaci frekvence méla byt 40 Hz, ale pro zajisténi dostatecné
presnosti méfeni a pro zajisténi snimani rychlejsich déju (o kterych bude fe¢ v dalsich
kapitolach) povazujeme za minimélni vhodnou vzorkovaci frekvenci 200 Hz, coz bylo em-
piricky ovéfeno. Vyhodou popisovaného senzoru je moznost jeho umisténi do v zasadé
libovolného kusu nabytku. Byly tak provadény experimenty jak v nemocniénim lazku, tak
v bézné posteli, gauci ¢i zidli. Vysledky tohoto vyzkumu budou shrnuty déale a jsou obsa-
hem niZe citovanych uzitnych vzoru a narodnich i mezinarodnich patenti. Mezi nevyhody
tohoto typu senzoru je méfeni pouze v jednom lokdlnim misté. U nabytku je toto mozné
fesit vyuzitim vice simultdnné umisténych méficich senzoru. Ovsem konstrukce senzoru
vylucuje jeho pouziti jako tzv. nositelného senzoru (wearable), anebo pokryti rozsahlejsi
méfené oblasti. Z toho duvodu jsou nyni na UHK vyuzivany i dalsi dva typy senzoru
pro sniméni BCG dat. Typicka ukazka BCG signdlu méreného pomoci piezokeramickych

senzoru je na obrazku 1.12. Graf zdmérné neméd popsané osy, jednd se pouze o ukéazku
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Obréazek 1.10: Prvni verze elektromechanického pouzdra piezokeramického senzoru. Sa-

motné senzory jsou v této konfiguraci dva, umisténé pod kiizovou konstrukei.

Obrézek 1.11: Pouzdro piezokeramického senzoru chranéné americkym pramyslovym vzo-

rem [15].

morfologie signélu a jeho zobrazeni jakozto zdznamu rytmickych ideru srdce, jeho kvan-
titativni popis je pak obsahem priloh této préce.

Nositelny senzor, ktery je vyuzivan ve vyzkumu vyuziti BCG dat, je zafizeni MetaMo-
tionR r0.3 od spolecnosti Mbientlab Inc, viz obrazek 1.13. Jednd se o mikroc¢ipovou desku
v plastovém pouzdfie, celek pak lze pfipevnit za opasek, na zapésti ¢i piilepit na libovolné
misto na téle. Zafizeni vynikd nizkou energetickou naro¢nosti (doba méfeni je cca 24 ho-
din), data jsou pfendSena pomoci rozhrani Bluetooth do mobilniho telefonu, odkud jsou
pomoci aplikace odesilana na vzdéalené servery pro dalsi zpracovani. Toto zafizeni obsahuje
¢ip Nordic Semiconductor, ke kterému je pies sbérnici pfipojen mimo jiné trojosy gyro-
skop Bosch s volitelnym rozsahem 125/250/500/1000/2000 °-s~!. Ve vyzkumu je pouzita

vzorkovaci frekvence 200 Hz.
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Obréazek 1.12: Ukazka morfologie BCG signdlu méfeného piezokeramickymi senzory.

Cervené jsou oznacCeny udery srdce. Graf zamérné nema popsané osy.

“e

2}

Obrazek 1.13: Bezdratovy senzor MetaMotionR r0.3 [16].
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Obrazek 1.14: Ukazka morfologie BCG signalu méreného 3osym gyroskopem, v grafu je
zobrazena jedna z os gyroskopu. Cervené jsou oznaceny tdery srdce. Graf zAmérné nema

popsané osy.

Vyuziti bezdratového gyroskopu se ukazalo jako vhodnd alternativa k piezokera-
mickym senzorum, jelikoz disponuji mimoiddnou citlivosti na drobné uhlové vychylky
(na rozdil od akcelerometril). Mezi jeho nevyhody patii nemoznost ziskani analogového
signalu. Celkové zpracovani obsluzné elektroniky je tedy narocnéjsi jak na vyvoj, tak i na
navrh obsluzného firmware. Z tohoto duvodu byl vyuzit pravé kompletni komeréni senzor.

Typicka ukazka BCG signdlu méfeného pomoci gyroskopu je na obrazku 1.14.

Poslednim typem senzoru, ktery je aktudlné na UHK ve vyzkumu i v praxi vyuziva-
ny, je tenzometr. Konkrétné se jedna o tenzometry s rozsahem meéfeni od maxima 5 kg do
maxima 120 kg, dle konkrétniho vyuziti, které jsou pfipevnény na hlinikovou konstrukei a
funguji na stejném principu jako klasické vahy, viz obrazek 1.15. Tenzometry jsou jednou
stranou pfipevnéné ke konstrukci a druhou stranou jsou opiené o podlahu, pfi zatizeni
se tenzometr prohne a uroven prohnuti je pravé vyslednym signilem, ktery tenzometr

poskytuje.

Tento modularni systém lze pak skladat do tzv. dlazdic ve tvaru obdélniku, jehoz
strany mohou mit variabilni rozméry od 20 do 100 cm, kde v kazdém rohu takového
obdélniku je umistén jeden tenzometr. Samotné tenzometry disponuji mimofadnym méficim
rozsahem, ktery po vhodné kalibraci umozinuje métit i hmotnost télesa umisténého na
dané dlazdici, ovéem pro méfeni BCG signala by takové usporadéni bylo nevhodné. Z to-
hoto divodu byla na UHK vyvinuta snimaci elektronika, kterd pomoci vestavénych filtri
dokaze signal rozdélit na dvé slozky — statickou a dynamickou. Staticka slozka je stan-
dardni signal, ktery poskytuje tenzometr, tedy idaj o jeho prohnuti ¢i neptimo zatézi na

dlazdici. Dynamicka slozka je pak hardwarovym filtrovanim zbavena velmi nizkych frek-
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Obrézek 1.15: Uchyceni tenzometru na konstrukeci pro méfeni.

venci obsazenych v signalu (pod 0,05 Hz). Teprve poté je tento signdl digitalizovan a diky
tomu je mozné zachytit drobné vychylky v méfeném signalu odpovidajici pravé mikrovib-
racim BCG signalu. Ukazka typického BCG signdlu méfeného pomoci tenzometru je na

obrazku 1.16. Snimkovaci frekvence pouzivand u tenzometri je nastavena na 1000 Hz.

Pii vyvoji senzoru a snimaci elektroniky byl bran zfetel i na rozliseni kazdého pii-
slugného analogové-digitalniho prevodniku. Z vyzkumného hlediska je zde jasny poza-
davek na co nejvyssi rozliSeni za icelem zachyceni i drobnych zmén v méfenych signdlech.

Vzhledem k tomu, zZe bylo mysleno i na dany pfesah do praxe, bylo nutné hledét i na

Obrézek 1.16: Ukdzka morfologie BCG signalu méfeného tenzometrem v dlazdici. Cervené

jsou oznaceny udery srdce. Graf zamérné nemé popsané osy.
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finanéni stranku a dostupnost. U piezokeramickych senzoru a gyroskopu je pouzit 16bitovy
prevodnik, u tenzometru bylo nutné pouzit 24 bitovy pievodnik pro zajisténi dostatecéné

citlivosti pro méfeni vSech potiebnych veli¢in pfi zachovani cenové dostupnosti.

Z didaktického hlediska (viz dale) je vhodné zminit i vyklad fyzikdlnich velicin, které
senzory snimaji. Byly zde pfedstaveny t¥i pomérné odlisné typy senzoru: piezokeramicky
senzor, gyroskop a tenzometr. Pro pochopeni méfené veli¢iny u piezokeramického senzoru
staci provést myslenkovy experiment: Predstavme si hrot, ktery se dotyka senzoru a je na
pocatku v klidu. Poté hrot za¢ne ptisobit konstantni silou na senzor. Piezokeramicky senzor
funguje na principu generovani naboje na svych elektroddch v momenté, kdy dochézi
k jeho deformaci. Tento nédboj je pak pfes rezistor vybit, pficemz na daném rezistoru
vznikne napéti, které tvori méfeny signal. Na pocatku je signal nulovy; v momenté, kdy
zaCneme pusobit konstantni silou, dojde k deformaci senzoru, ktery tak vygeneruje signal.
Pii stalém pusobeni sily v8ak dochazi k vyrovnani s odporovou silou, kterd je vyvolana
pnutim senzoru. V tu chvili dojde k vybiti vygenerovaného naboje a signal klesne opét na
nulovou hodnotu. Jelikoz ptisobici sila je pfimo timérnd zrychleni hmoty v lidském téle,
méfime pouze zmény v tomto zrychleni, tedy derivaci daného zrychleni a tim nepiimo

derivaci silového pusobeni v lidském téle.

Signal z tenzometru odpovida piimo vychylce daného tenzometru, pokud budeme
uvazovat pouze vyse zavedenou statickou slozku. U dynamické slozky se v8ak situace méni.
Tim, ze filtrujeme téméf konstantni posunuti signalu, tedy jeho velmi nizké frekvenéni
slozky, eliminujeme s dostatetnou ¢asovou konstantou pomalé déje a provadime tak hard-
warovou derivaci signalu, opét pii pusobeni konstantni sily dojde k poklesu signalu na

nulovou hodnotu a méfime opét derivaci zrychleni, a tedy derivaci silového pusobeni.

Odlisn4 je situace u gyroskopu, ktery méif ihlovou rychlost ve t¥ech osach, tedy rych-
lost rotace. Pokud budeme na gyroskop pusobit konstantni silou pouze v jednom sméru,
vSechny tfi signaly gyroskopu zustanou nulové. Vzhledem k tomu, ze veskeré dulezité déje
v lidském téle, kterymi se zabyva dalsi vyzkum, jsou trojrozmérné a nedochézi zde pouze
k jednorozmérnému pusobeni a vzhledem k tomu, Zze gyroskop neni uréen pro umisténi
napi. v ndbytku, kde by se akcentovalo pusobeni pouze v jedné ose, ale jako nositelny

prvek, je mozné i tento senzor vyuzit jako zdroj balistokardiografickych dat.

Mezi hlavni divody, pro¢ méa smysl zabyvat se typem méficich senzoru a balisto-
kardiografii obecné, jsou zasadni vyhody této metody. Na rozdil od napt. EKG ¢&i inva-
zivnich metod lze pii vyuziti vhodné konfigurace senzoru doséhnout zcela neobtézujiciho

méfeni danych subjekti. Méfeni, pti kterém nenf potfeba na ¢lovéka umistovat zadné sen-

21



Obrazek 1.17: Umisténi piezokeramickych senzoru ve specializovaném luzku uréeném pro

socialni sluzby.

zory, zamezi napt. syndromu bilého plasté (zmén fyziologickych hodnot v dusledku stresu
z méfeni), pripadné jsou s vyhodou vyuzitelnd v pfipadech, kdy neni z ruznych duvodu
mozné ¢i zddouci na méfené osoby senzory umistovat (typicky u seniori, v doméci péci
atd.).

Na zaveér kapitoly se jesté podivejme na typické experimentalni uspoiradani senzoru
a méfeného subjektu pro v8echny tii typy senzoru. V piipadé pouziti piezokeramickych
senzoru v praxi zpravidla pouzivame konfiguraci dvou ¢&i ¢tyf senzoru umisténych v ne-
mocni¢nim lazku nebo posteli, viz obrazek 1.17 a 1.18. Vyhodou takového usporadani je
moznost umistit senzory pod matraci postele ¢ pod polstrovanou cast zidle. Je vhodné
zduraznit, Ze tento systém je soucdsti uzitného vzoru [17], ktery se podafilo tspésné ko-
mercializovat. V soucasné dobé se tak v ptipadé tohoto méficiho systému jednd o systém
certifikovany pro pouziti ve zdravotnictvi a ktery je kromé komercializovanych aktivit
aktivné vyuzivan i ve vyuce a vyzkumu na katedte fyziky UHK, viz obrazek 1.19.

U tenzometru je typické usporddani do tzv. dlazdice, viz obrdzek 1.20, kde dlazdice
obsahuje ¢tyfi tenzometry. Volba maximélni hmotnosti osazenych tenzometru je zdvisla
na typu méreni a predpokladaném maximalnim zatizeni systému.

Bezdratové gyroskopy je pak mozné zpravidla umistovat za opasek pro sledovani
aktivity a chuze clovéka, pfipadné je mozné je lepit piimo na konkrétni mista na téle za

ucelem ziskani informaci napt. o dychani ¢ srde¢ni ¢innosti, viz obrazek 1.21.
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Obrazek 1.20: Osoba méfena na sestavené dlazdici osazené ¢tyfmi tenzometry.
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Obrézek 1.21: Osazeni osoby bezdriatovym gyroskopem.
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Kapitola 2

Metody zpracovani dat

Pfed tim nez se budeme zabyvat dé&ji, které jsme schopni pozorovat v samotnych BCG
signalech, co je z nich mozné odvodit a jak je aplikovat do ruznych obori, zaméime
se na metody, které byly pouzity ve vétsiné publikaci, komentovanych habilita¢ni praci.
Renesance oboru balistokardiografie totiz souvisi nejen s rozvojem vysoce citlivych sen-
zord, ale rovnéz s technologickym pokrokem v oblasti vypocetni techniky. Vratime-li se
opét k analogii se zpracovanim EKG signalu, dlouha léta byl tento signal zpracovavan
rucné, lékar tedy pouze studoval namérené kiivky, odhadl vybrané ¢asové parametry to-
hoto signalu na milimetrovém papitfe a z toho usuzoval na mozné kardiovaskularni potize
a dalsi fyziologické a patologické parametry. Tento piistup byl mozny jen diky standardi-
zaci EKG signdlu. Navic ani v dnesni dobé neni mozné spolehlivé analyzovat EKG signal
plné automaticky [18]. Zpracovani BCG signélu pfedstavuje mnohem vétsi vyzvu, jelikoz
neexistuje zadny standard pro méfeni a za tento signél je obecné povazovén kazdy signal
odpovidajici mikropohybum lidského téla vyvolanym srde¢ni aktivitou a pohybem krve ve
velkych tepnéch. Zde prezentované metody zpracovani dat jsou silné zdvislé na dostupném
vypocetnim vykonu ¢ipu a procesoru, jelikoz pouze diky tomuto vykonu je mozné provadét
nize uvedené vypocty takika v redlném case.

Jednim ze zdkladnich fyziologickych parametru, ktery popisuje vlastnosti rytmickych
uderu srdce, je tepova frekvence. Ta se zpravidla udava v poctu jednotlivych ideru srdce za
jednu minutu. K vysledku Ize dospét vice zpusoby. Jako nejjednodussi postup lze v ¢asovém
intervalu jedné minuty spocitat redlny pocet uderu srdce. Tato metoda vSak neni pro
vyzkum zcela vhodné. Lidské télo nefunguje jako metronom a ¢asové intervaly mezi jed-
notlivymi ddery se zpravidla mezi sebou ligi. Pokud bychom tak sledovali skute¢ny pocet
uderu srdce za jednu minutu, ztratime informaci pravé o variabilité téchto ¢asovych zmén,

ktera, jak ukazeme déle, je zdsadni pro ur¢ité sméry vyzkumu. Dal$i moznosti je divat
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se na kratsi ¢asovd okna, kde se pocty uderu pocitaji a pocet uideru za jednu minutu
se nasledné dopocte, coz je metoda vyuzivana béznymi komerénimi piistroji. V naSem
piipadé pujdeme jesté dél a budeme sledovat ¢asové intervaly mezi kazdym jednotlivym
uderem srdce. Je-li interval mezi dvéma tudery srdce ¢, méfeno v milisekundach, lze dopocist
okamzitou tepovou frekvenci v po¢tu tderu za minutu jako H R = 60000/t.

Zakladnim problémem, se kterym se potyka kazdy vyzkumnik na celém svété pti
zpracovani BCG signdlu, je jejich variabilita. At uz pouzijeme jakykoliv typ senzoru uve-
deny v ptredchozi kapitole, vzdy bude vysledny signal kromé aktualniho déje v lidském téle
zavisly na umisténi senzoru vuci lidskému télu. Zjednodusené si muzeme predstavit situaci,
kdy vyuzijeme konfiguraci senzoru na obrazku 1.17. Budeme-li pfedpokladat, ze samotné
fyziologické déje jsou v lidském téle stale stejné (tj. kazdy uder srdce a souvisejici mecha-
nickd odpovéd budou stejné), bude vysledny signdl méreny jednotlivymi senzory zavisly
jednak na poloze ¢lovéka na posteli (zda lezi napi. v levé ¢i pravé ¢asti postele) a déle na
jeho natoceni (zda lezi napt. na zddech ¢i na boku). Uz jen pouhé urceni tepové frekvence
je pak pomérné slozity 1kol, coz doklada i upadek poctu publikaci zabyvajicich se BCG na
obrazku 1.8. Z komercéniho hlediska lze fici, Ze selhaly ruzné experimenty k ur¢ovani te-
pové frekvence napf. pomoci rozpoznavani patternu, tedy tvaru kiivky [19], jelikoz zmény
tvaru méfené kiivky mohou byt velice rychlé a reakéni doba takovych systému byva zpra-
vidla velice pomald. Stejné tak selhdvaji tradi¢ni frekvenéni metody (af jiz hledan{ tepové
frekvence pomoci Fourierovy transformace, nebo pomoci pokrocilejsich metod, jako je Wel-
chova transformace), jelikoz BCG signdly obsahuji celou fadu frekvenénich pasem a navic
rytmus srdce neni zcela periodicky. Pro urceni frekvenénich maxim (peaku) ve spektrech
tak jsou potieba dlouha ¢asova okna, kde ovSem vlivem variability v srdecnich tiderech
dochézi k rozostieni daného frekvenéniho peaku souvisejiciho s tepovou frekvenci a jeji
urceni je tak nepfesné. Vhodnym néastrojem muze byt i spojitd vinkova transformace,
jejimz velkym problémem je vSak vysoka vypocetni narocnost.

Vyzkum v oblasti zpracovani signdli vyuzivany na UHK je zalozen na pilotni préci
[20], kde se autorum podafilo propojit dvé zdsadni myslenky. Prvni z nich je vyuziti vice
nez jednoho senzoru pro méfeni. Vyhodou této myslenky je zajisténi vétsi méfené plochy
v ptipadé lokdlniho méfeni. Je logické, ze pokud bychom umistili do postele pouze jeden
lokalni senzor, mohou ¢asto nastat situace, kdy ¢lovék lezi zcela mimo jeho méfenou oblast.
Dalsi vyhodou této myslenky je pak vyuziti inovativni metody zpracovani dat z vétsiho

poctu senzoru. Tato mySlenka je zalozena na nésledujicich stavebnich kamenech:

e Na signdly mérené jednotlivymi senzory nahlizime jako na vicerozmérné casové fady.
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e Srdecni cyklus povazujeme za zakladni déj, ktery se odehrava v lidském téle.

o Kazdy signél povazujeme za souradnicovou silovou projekci tohoto déje. Tedy mame-

li n senzoru, ziskdme projekci déje do n souiadnicovych os.

e Srdecni cyklus tak 1ze popsat jedinou kiivkou v m—rozmérném prostoru, kterd je

parametricky uréena pravé signaly jednotlivych ¢asovych fad.

S vyuzitim vySe uvedeného pristupu se tak oteviely zcela nové moznosti zpracovani
BCG signdla, jelikoz se oprostujeme jak od klasickych frekvenénich metod, tak od hledani
obecnych patterni v kazdém jednotlivém signdlu. Naopak se muzeme zaméfit na cisté
geometricky pristup ke zpracovani signalt a to zejména metodami diferencialni geometrie
kiivek v eukleidovském prostoru.

Jak bylo fe¢eno, jednim z problému pii méfeni je vzajemnda poloha méfeného ¢lovéka
a senzoru. V préci [20] byla zavedena myslenka hleddni matematickych objektu, které
by na takovém geometrickém uspoiradéni byly nezavislé. Z matematického hlediska lze
problém posunu a natoceni ¢lovéka vué¢i senzorum popsat jako hledéni objektu invari-
antnich vuédi takovym geometrickym transformacim, konkrétné invariantnim vuci translaci
a rotacim v trojrozmérném eukleidovském prostoru. Takové transformace lze pak popsat
grupou SO(3)xR"™ a je mozné déle studovat objekty invariantni vuci akci této grupy.
Cilem ptedlozené préace neni zabihat do rigoréznich detaili matematickych metod, ty
byly popsédny v diplomové préci obhajené na katedie fyziky UHK pod vedenim autora
predlozené habilitaéni préce [21]. Tato diplomova préce je jednim z dulezitych didak-
tickych vystupu popisovaného vyzkumu. Na katedie fyziky slouzi jako ndzornd vyukova
pomiucka pro vyklad matematickych metod pouzivanych pii zpracovani signédlu, véetné
praktickych piikladu.

Zakladem dalsiho zpracovani BCG dat je vypocet dvou hlavnich invarianta viaci akei
vyse uvedené grupy. Témito invarianty jsou délka oblouku a Cartanovy kiivosti [22]. Délka
oblouku s(t) je funkce, ktera zjednodusené feceno popisuje miru narustu kiivky v zavislosti

na case:

s(t):/ot é(d%’y))zﬂ (2.1)

kde C;(7) reprezentuje i-tou kiivku, tedy casovou fadu naméfenou danym senzo-
rem, n pocet kiivek, tedy Casovych fad, 7 vzorkovaci ¢as a t vzorkovaci ¢as odpovidajici

zpravidla délce méreného signdalu.
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Cartanovy kfivosti tvori zobecnéni klasické geometrické kiivosti, kterd je defino-
vand pro kiivku v dvourozmérném eukleidovském prostoru jako prevracena hodnota po-
loméru oskula¢ni kruznice, do vice rozméru. Tyto kiivosti lze vypocitat pomoci tzv. Frenet-
Serretova piistupu, ktery je podrobné popsén v [21]. Tento pfistup operuje s principem za-
veden{ lokalnich soufadnicovych systému v kazdém bodé kiivky v n—rozmérném prostoru,
které jsou pro nazornost v trojrozmérném prostoru definovany jako soubor ortonormélnich
vektoru teény, normaly a binormély dané kiivky. Oznacme si tyto Frenetovy vektory jako
(e1(t),...,en(t);t € [a,b]), kde a resp. b oznacuje pocatecni resp. koncovy vzorkovaci cas,
mezi kterymi uréujeme dané kiivosti. Pak lze j—tou Cartanovu kiivost x;(t) vypocitat

jako:

IRCTORIIOY
S0 ="

(2.2)

kde (., .) je skalarni soucin v R", €/(t) derivace Frenetova vektoru e;(t) podle ¢asu, C(t)
je kiivka popsand n parametrickymi projekcemi C;(t) (tedy méfené signdly) a ||C’(¢)]|
velikost vektoru tvoreného derivacemi kfivky C(t) v daném vzorkovacim Case.

Zakladni matematicky princip lze shrnout tak, ze v dal§im zpracovani a vyzkumu
nepracujeme piimo s namérenymi signaly jakozto Casovymi fadami, ale pracujeme az
s novymi vypoctenymi casovymi fadami v podobé délky oblouku a Cartanovych kiivosti.
To piindsi zcela nové moznosti pii zpracovani BCG signalt, jelikoz timto piistupem se
podafilo obejit nutnou standardizaci naméfenych dat. Veskeré dalsi vysledky vypoctené
z téchto invariantu jsou totiz do jisté miry nezavislé na poloze Clovéka vacéi pouzitym
senzorum.

Jednou z velkych vyzev také byla aplikace matematickych metod, které pracuji se
spojitymi kfivkami, do praxe. V experimentalnim vyzkumu pracujeme vzdy s digitali-
zovanymi kfivkami, jinak by jejich dalsi zpracovani pomoci vypocetni techniky nebylo
mozné. V tu chvili v8ak jiz pracujeme pouze s diskrétnimi daty. Proces transformace
matematickych vztaht do praxe véetné pouzitych matematickych metod byl podrobné
popsén v sérii odbornych ¢lanku [23], [24] a [25] publikovanych v odbornych ¢asopisech,
které jsou obsahem Prilohy A této prace. Tyto odborné publikace pak tvoii dalsi dulezity
vystup piedloZené habilita¢ni prace. Byt v téchto publikacich jsou jejich cile orientované
do praxe, popis matematickych metod zde tvoii didakticky most mezi teorii nabytou
pii vzdéldvani na univerzitach a aplikaci téchto znalosti na konkrétni problémy. Vystupy
téchto odbornych publikaci slouzi jako vyukové pomucky pro vyklad problematiky zpra-
covani signali pfi pfednaskédch na katedie fyziky UHK.

Jednou z hlavnich vyhod predstaveného matematického aparatu, ktery je pouzivan
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pro zpracovani BCG signalu, je variabilita jeho pouziti. Veskeré piistupy jsou nezavislé na
poctu pouzitych senzoru, ten pouze uréuje pocet dimenzi, ve kterych vypocéty provadime.
S vyssim poctem senzoru se zvySuje presnost vystupi, které budou prezentovany v dalsich
kapitolach, ale rovnéz se zvysSuje vypocCetni ndrocnost daného procesu a dulezitym hle-
diskem je i ekonomickd otdzka. V praxi je proto nutné piejit ke kompromisu a nejcastéji
jsou pouzivané konfigurace obsahujici dva az Ctyii signdly. Naopak v oblasti vyzkumu
byly provadény experimenty s az 16 simultanné méfenymi signaly. Dalsi vyhodou tohoto
aparatu je i jeho nezdvislost na puvodu vstupnich dat. Uvedené metody funguji stejné
spolehlivé jak u piezokeramickych senzoru, tak i u tenzometru ¢ gyroskopu. Dalsi mate-
matické metody, které jsou pfi zpracovani vyuzity, pak pfedstavuji zejména celou fadu
ruznych typu filtrovani. Tyto metody nejsou soucasti predklddané habilitaéni prace, je-
likoz predstavuji ¢asto know-how aplikovanych ¢ komercializovanych vysledki. Samotné
hledani frekvenc¢nich zavislosti pak probihd zejména pomoci tzv. autokorelace zpraco-
vanych signalu, kterd byla vyuzita pro méfeni tepové frekvence jiz v roce 1993 [26] a

je pouzivana i v dalsich publikacich [27].
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Kapitola 3

Aplikace ve vyzkumu a praxi

Aplikace matematicko-fyzikalniho ptistupu ke zpracovani BCG signéla ma §iroké uplatnéni
ve vyzkumu, ktery je pak zakladem didaktického vyuziti pfi vyuce. V ptredchozich kapi-
tolach byly akcentovany matematické metody a vyuzité senzory, z hlediska aplikaci vSak
byla zminéna pouze tepova frekvence. Rozsah mozného pouziti je samoziejmé vyrazné
vetsi. V této kapitole budou uvedeny vybrané vyzkumné zaméry, které vyuzivaji zpra-
covani BCG dat a jejich presah do dalsich oblasti. Z tohoto hlediska je nutné poznamenat,
ze mikrovibrace ¢lovéka méfené pomoci ruznych typu senzoru nesouvisi jen a pouze se
srde¢ni ¢innosti ¢i §itenim tlakového pulsu v cévnim Fecisti. Jednim z dalsich vyznamnych
pohybt, které lidské télo vykondvd, je napt. dychani, kterému se budeme vénovat dale.
Mezi méfené pohyby ale patii i makroskopické pohyby jako pievalovani, mimovolni po-
hyby, tremor, nebo naopak pohyby jesté mensi intenzity nez je srdecni ¢innost, jako je
peristaltika. Z tohoto hlediska jiz neni mozné mluvit pouze o BCG signélech, ale obecné

o mikropohybech.

3.1 Poruchy dychani

Meéfené signaly samy o sobé obsahuji informaci o respira¢ni ¢innosti ¢lovéka. Oddélent
srde¢ni a respiracni ¢innosti se zpravidla provadi pomoci vhodného filtrovani, dalsi zpra-
covani pak vyuzivé stejné matematické metody popsané v piedchozi kapitole. Ukéazka
naméfenych dat véetné krivky souvisejici s respiracni ¢innosti je na obrazku 3.1. Zde, ani
v fadé dalsich grafu zdmérné nebudeme popisovat jednotky na ose y. Duvod takového
poc¢inani je jednoduchy - v matematickych metodach, které jsou vyuzivany, se nikde ne-
pracuje s amplitudou signélt, ale pouze s uddlostmi v ¢ase a morfologii daného signélu. Pii

zpracovani tak jsou témér vzdy signdly i vystupy standardizovany (aritmeticky pramér
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Obrazek 3.1: Ukazka naméfenych dat z jednoho senzoru (modfe) a kiivky ziskané fil-

trovani, kterd reprezentuje dychani ¢lovéka (oranzové). Na ose y zdmérné nejsou jednotky.

namétenych dat je nastaven na 0 a jejich rozptyl na 1). Poté se jiz pracuje pouze s mor-
fologii daného signdlu. Duvod je opét prosty, kdybychom pracovali pfimo se samotnou
amplitudou signalu, byl by vysledek méfeni napf. na posteli ovlivnén napf. zménou tu-
hosti nebo tloustky matrace, coz je v praxi silné nezddouci. Vzhledem k tomu, Ze méiené
signaly nejsou ni¢im jinym, nez digitalizovanym napétim, jedna se tak vzdy o ruznym
zpusobem prepoctené elektrické napéti. Toto napéti pak samoziejmé piimo souvisi se si-
lovym piisobenim a silovymi zménami v lidském téle, oviem studium téchto zavislosti
se ukazalo nepodstatné pro vystupy prezentovanych metod, proto nejsou dosud nikde
rigorézné popsany. Zde, i na dalsich mistech predlozené prace, tedy muzeme povazovat
jednotky na ose y za urcitou reprezentaci pohybu, které jsou snimény pomoci senzoru.
V prubéhu matematického zpracovani pak v mnoha piipadech jde zejména o ¢asové deri-
vace téchto pohybu.

Modra kfivka na obrazku 3.1 v sobé obsahuje dvé zdsadni informace, pozorovatelné
peaky reprezentuji ¢innost srdce. Ty ovSem lezi na obdlce déje o vyrazné mensi frekvenci,
ktery je zvyraznén oranzovou kiivkou. Tato kf¥ivka do jisté miry reprezentuje kiivku tzv.
respiracniho usili. Jelikoz se jednd o laboratorné naméfena data, je pozorované respiracni
usili pravidelné a bez vyznamnéjsich artefakt, coz v praxi samoziejmé neplati. Kromé
sledovani dechové frekvence, k jejimuz urceni se vyuzivaji stejné metody jako pro urceni

tepové frekvence, se vyzkum dychéni na katedie fyziky UHK vénuje zejména zkoumani
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poruch dychéni.

Série publikaci [23], [24] a [25] je obecné zaméfena na automatické hleddni re-
spiracnich potizi u lidi lezicich na posteli. Série tii publikaci spojuje nosné téma auto-
matické detekce zastav dychani (apnoe). Z vyzkumného hlediska se pak jedna o propojeni
dvou modernich metod a to geometrického pristupu ke zpracovani mikropohybu lidského
téla a zpracovani dat pomoci konvoluénich neuronovych siti. Geometricky piistup si zde
tak neklade za cil dodat pfesny vysledek v podobé informace o tom, zda doslo k zastaveé
dychéni, ale jednd se o unikétni metodu piedzpracovani dat pro neuronové sité, diky
¢emuz bylo dosazeno mimoiadné presnosti pii jejich aplikaci a pri rozhodovacim procesu
zda doslo ¢i nedoslo k zastavé dychani. Dalsi unikatni piistup, ktery byl v téchto pub-
likacich vyuzit, je mySlenka nezaméfovat se pfimo na mikropohyby vyvolané dychanim,
ale naopak na zcela jiné fyziologické déje, které nepiimo s dychanim souvisi. Jedna se
tak spiSe o publikace, které se snazi ukazat, jaké netradi¢ni metody lze vyuzit pro feseni
celkem jednoduché otazky a ukazuji smér dalstho mozného vyzkumu, ktery bude jiz mozné
aplikovat do praxe. Tyto smeéry jsou pak vyuzivany ve vyuce na katedfe fyziky UHK jako

neortodoxni metody piistupu k feSeni biofyzikélnich problému.

V publikaci [23] byla fada dobrovolnikii méfena na posteli osazené tenzometry. Tito
dobrovolnici v presné definovanych intervalech zadrzovali dech v nddechu a vydechu a v de-
finovanych intervalech lezeli na zadech, nebo na boku. Namisto zkoumani k¥ivky respiracni
tize byl vyuzit princip popsany v [20]. Dobrovolnikum byl simultdnné sniman EKG signél
a byly identifikovany tzv. R-kmity v EKG signdlu, které se vyuzivaji pro hledani tzv. QRS
komplexu [28], vice na obrdzku 3.2. Tyto ¢asové okamziky jsou vyuzivany pro identifikaci
zacatku srdecni systoly a tedy predchazi samotné izovolumetrické kontrakci, tedy stahu
komor. Vzorkovaci ¢as zacatku systoly byl u kazdého jednotlivého tideru srdce oznacen jako
¢as 0. Déle byla z BCG signélu, viz obrazek 3.3, vypocitana prvni Cartanova kfivost a na
zékladé modifikovanych metod vyuzitych v [20] byly nalezeny v dané kiivosti peaky souvi-
sejici s odrazem pulsni viny v kardiovaskularnim systému, a tedy byl odhadnut ¢as dobéhu
pulsu od poc¢édtku izovolumetrické kontrakce na definovana mista v cévnim fecisti pro kazdy
jednotlivy uder srdce. Zastava dychani se projevi ve zméné tlakovych poméru v tepnach
a tedy i v rychlosti sifeni pulsu a tedy jeho dobéhu na zikladé Moens-Kortewegovy rov-
nice. Tento déj se v publikaci ukazal jako skutetné méritelny a vysledky dobéhu pulsu
slouzily jako vstup do neuronovych siti, véetné informace o tom, zda clovék dychal nebo
nedychal. Neuronové sit v tomto pifpadé dosahovala tispésnosti piiblizné 89 %. Z didak-

tického hlediska je piinos ¢lanku zejména v ukazce recentnich metod zpracovani signdlu
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Obrazek 3.2: Naméreny EKG signal (modfe), Gervené oznacena mista identifikace R kmitu.

Na ose z je ¢as v milisekundéch.

a v interdisciplinarnim propojeni fyziky s dalsimi oblastmi vyzkumu. Vysledky préace jsou
soucéasti prednasek pro studujici na katedfe fyziky, ktefi jsou pak ¢asto do samotného
vyzkumu zapojeni a pravé interdisciplinarita je akcentovana pii samotné vyuce.

Navazujici publikace [24] si kladla za cil jednak zvysit pfesnost dané metody a
rovnéz pokusit se oprostit od ruéntho hleddni piislusnych peaku v kiivostech. Jednim
z piinosu této publikace je predstaveni efektivnéjsiho vypoctu prvni Cartanovy kiivosti a
tedy zna¢né snizeni vypocetni narocnosti celého systému a déle efektivnéjsiho filtrovani
této kiivosti. Jako vstup do neuronovych siti nyni vstupovaly samotné kategorizované
kiivosti, opét rozdélené pomoci EKG do jednotlivych bloku dle jednotlivych uderta srdce,
viz obrazek 3.4. Diky lepsimu filtrovani a modifikaci neuronové sité se podafilo dosdhnout
jeji uspésnosti 98 %. Z didaktického hlediska tato publikace opét slouzi jako vyukova
pomtcka pii prednaskich na katedie fyziky UHK, jelikoz poméhd piekondvat bariéru
mezi nabytymi védomostmi v oblasti pfedndsek matematiky pro fyziky a jejich pfimou
aplikaci na feSeni konkrétnich problém.

Posledni ze série publikaci zaméfenych na problémy s dychanim pojednavala o moznos-
tech odstranéni hlavni nevyhody predchozich ¢lanki, a to nutnosti simultdnniho vyuziti
EKG pfi méfeni. V odborné literatuie byl zcela poprvé zaveden pojem mechanického
triggeru jakozto startovniho bodu pro studium poruch dychani pomoci zmén v kardio-

vaskuldarnim systému. Tento trigger se urcuje pravé pomoci popsané délky oblouku, a tedy
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Obrézek 3.3: Ukazka t¥{ naméfenych BCG signalii z jednoho 3osého tenzometru. Na ose

x je ¢as v milisekundach.
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Obrazek 3.4: Ukédzka vypoctené Cartanovy kiivosti (modfe), svisld ¢ernd teckovand isecka
znaCi okamzik pocatku systoly, Sedd oblast oznacuje misto vyznamnych déju v kardio-
vaskuldrnim systému souvisejicich s odrazy tlakového pulsu. Na ose x je ¢as v mili-

sekundach.
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Obrézek 3.5: Architektura systému s mechanickym triggerem.
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Obrazek 3.6: Porovnani EKG signalu s tzv. monitorovaci funkci, pomoci které je uréovan

mechanicky trigger.

zcela odpadd nutnost vyuziti EKG pro podobné typy méieni, viz obrazek 3.6. Uspéénost
neuronové sité dosahla v tomto piipadé priblizné 96 %. Zékladni architektura systému
je znazornéna na obrazku 3.5. Jako unikatni se ukdazal piistup extrakce dvou zdanlivé
nesouvisejicich informaci z jednoho typu dat, kde se tyto informace vzajemné dopliuji
pro zajisténi vysledku v podobé poruch dychéni. 7Z didaktického hlediska je dulezitost
¢ldnku zejména v podrobném popsani metody extrakce tohoto mechanického triggeru.
Diky nézornosti ptistupu ke zpracovani signdli byla tato metoda opét implementovéana do
vyuky na katedfe fyziky UHK, prvni kvalifika¢ni prace vyuzivajici tyto nové metody jsou
jiz na katedte fyziky v piiprave.

Apnoické pauzy byly v rdmci vyzkumu sledovany i v redlném prostiedi, konkrétné

na neonatologickém oddéleni. Méfici podlozka byla konstrukéné upravena pro méfeni v in-
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Obrézek 3.7: Zéznam dat ze senzoru (modie) a prislusnd kiivka respira¢ni tize se zastavou

dechu (Cervene).

kubatorech a apnoické pauzy byly sledovdny u novorozenci v kritickém stavu. Detail na
jednu ze zaznamenanych apnoickych pauz je mozné pozorovat na obrazku 3.7. Vyzkum

v oblasti novorozencu stale probihd a jeho vysledky nebyly dosud publikovany.

V zévéru této casti popiSeme jesté jeden typ poruch dychéni, ktery je mozné po-
zorovat pomoci senzoru vyvinutych na katedie fyziky UHK. V letech 2020 a 2021 bylo
znaéné vyzkumné usili zaméfeno na studium respiracnich projevii onemocnéni COVID-19
a onemocnéni piibuznych. Z tohoto duvodu probihala rozsahld experimentdlni méfent
v nemocnicich po celé Ceské republice. Jednim z vyzkumnych témat bylo i studium
kiivky respiracni tize, kde se kromé apnoe sledovaly i jiné patologie. Jednou z nich je
tzv. Cheyenovo-Stokesovo dychéni, coz je abnormdlni typ dychani spjaty s poskozenim
dechového centra v prodlouzené mise, ktery se ¢asto vyskytuje u pacientu na JIP [29].
Dechovy vzorec pak sestava zpravidla ze vzestupné a sestupné ¢asti nasledované apnoic-
kou pauzou, viz obrazek 3.8. Publikace na toto téma je teprve v pripravé, avSak ukazky
pfesahu fyzikalntho vyzkumu jsou pravidelné prezentovany na popularizaénich akcich ka-
tedry fyziky. Systém pro monitorovani dechovych obtizi vyvinuty na katedie fyziky UHK
umozinuje v redlném ¢ase vykreslovat kiivku respira¢ni tize, s ¢imz jsou studujici pravidelné
seznamovani v ramci laboratorni vyuky. Z didaktického hlediska je zde zdsadni motivace
budoucich ucitelu fyziky a snaha o piimé aplikace téchto vysledku do vyuky v oborech

zabyvajicich se biomedicinskou technikou. Experimenty zalozené na piimém pozorovani
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Obrazek 3.8: Kiivka respira¢ni tize pacienta s Cheyeneovym-Stokesovym dychianim. Na

ose x je ¢as v sekundéach.

fyzikalniho dé&je jsou dulezitou soucasti vyuky motivujici studenty k hlub8imu porozuméni

daného tématu.

3.2 Variabilita srdecniho tepu

Jiz. v 18. stoleti bylo na zdkladé méfeni frekvence pulsu srdce zaznamenéno, ze velikost
krevniho tlaku a pravidelnost rytmu lidského srdce neni konstantni, ale méni se v case
na urovni intervali mezi jednotlivymi tdery srdce a v dusledku dychani [30]. V roce 1847
bylo zjisténo, ze tyto zmény maji konkrétni klinické aplikace [31], jejichz rozvoj nastal az
spoletné s rozvojem méfeni EKG ve 20. stoleti. Tyto zmény tepové frekvence na tirovni
jednotlivych tuderu srdce (beat-to-beat) nazyvéame variabilita srde¢niho tepu, neboli heart
rate variability (HRV). HRV je nepiimy indikdtor autonomni interakce mozku, sympa-
tiku a parasympatiku na trovni sinusového uzlu, tedy piimo na nervové irovni ovliviiujici
tepovou frekvenci. Tyto beat-to-beat fluktuace hemodynamiky reflektuji dynamickou od-
povéd kardiovaskuldrniho systému na okolni fyziologické vlivy [32]. Jako nejjednodussi
piiklad muzeme uvést dychani, béhem kterého se méni nitrohrudni tlak a tim se méni
i tepové frekvence (tzv. sinusové respiracni arytmie). Souboj sympatiku a parasympatiku
naopak ovliviiuje HRV na trovni sekund az minut. Rychle reagujici systémy zajistuji kar-

diovaskularni rovnovahu pravé reakci na beat-to-beat odchylky, tedy HRV. Tyto systémy
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jsou fizeny napi baroreceptory a chemoreceptory. HRV tedy muze slouzit k analyze reakce
téchto receptoru a napi. zvySend citlivost baroreceptoru se projevi v HRV parametrech

[33].

Pro studium HRV je nutné znat R-R intervaly, tedy ¢asové intervaly mezi dvéma sou-
sedicimi R-kmity v EKG. To je zpravidla zajisténo pomoci EKG méfeni. Jejich mérenim
ziskdme c¢asovou fadu sestdvajici z jednotlivych ¢asovych intervali, méfenou zpravidla
v milisekundéch. Jiz z tohoto plyne, ze dané intervaly je nutné méfit velice pfesné. Jako
minimum se zpravidla uvazuje vzorkovaci frekvence analyzovaného signdlu 250 Hz, coz je
zajisténo pomoci vyvinutych piezokeramickych senzoru, které disponuji vzorkovaci frek-
venci 330 Hz. Ve vyzkumu na katedfe fyziky se podafilo spoleéné se spoleé¢nosti MDT-
Medical Data Transfer, s.r.o. ovérit, ze presnost méfeni beat-to-beat intervalt pomoci

analyzy BCG signalt davé dostatecné presné vysledky pro analyzu HRV.

Rada recentnich publikaci ukazuje vyznam HRV pii zkoumdni zdravotniho stavu
cloveka [34]. Je nutné chapat, ze HRV neni jedno ¢islo, ale jednd se o soubor ¢asto
slozitych statistickych parametru, které popisuji vlastnosti ¢asové posloupnosti R-R inter-
valu. Jednim z nejpouzivanéjsich parametru je tzv. RMSSD (root mean square of succesive
differences), tedy odmocnina ze smérodatné odchylky rozdila mezi R-R intervaly v daném
casovém okné, métrend zpravidla v milisekundach. Tento parametr do jisté miry piimo
souvisi s psychickym stavem a pohodou méfeného ¢lovéka [33] jakoz i tfeba s progresi
Alzheimerovy choroby [35]. Samotné HRV ziskalo na popularité v posledni dobé diky tzv.
wearables, tedy nositelnym senzorum jako jsou napf. chytré hodinky. Téméf véechny mo-
derni chytré hodinky obsahuji zjednoduseny fotopletysmograf, tedy senzor pulsu v cévach.
Diky tomu chytré hodinky umozinuji méfeni nejen tepové frekvence, ale v posledni dobé
stale Castéji pravé i informace o kazdém jednotlivém pulsu a umoznuji tak vypocitat pa-
rametry HRV, zejména RMSSD. Diky tomu umoziuji takové hodinky méfit psychickou
pohodu ¢lovéka, pfipadné i reakci jeho téla na pravidelné cviceni. Ukazuje se, ze Casto
nemusi mit hlavni vliv jen absolutni hodnota RMSSD, ale zejména trendy RMSSD v case,
kdy rostouci RMSSD znamena zlepsovani psychického stavu a nilady a naopak snizovani
RMSSD znaéi zhorsovéani psychického stavu a nélady [33]. Vyzkumné sméry katedry fyziky
se zameéiuji zejména na studium progrese Alzheimerovy choroby a dalsich typt demence

pravé sledovanim parametru HRV.

Cilem této habilitac¢ni prace neni seznaméni s podrobnostmi o provedeném vyzkumu,
ktery je stdle obsahem feSenych projektu, ale je dulezité upozornit na zajimavy experi-

ment, ktery se podafilo realizovat v priubéhu téchto méfeni a ktery mé z didaktického
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Obrazek 3.9: Vyvoj RMSSD v poslednim mésici zivota méfené osoby.

hlediska velky vyznam, jelikoz je ¢asto vyuzivan jako silny emotivni a motivaéni prvek
ukazujici pro¢ ma smysl vénovat se studiu fyziky. Jak jiz bylo feteno, tradi¢né se pro
méfeni RMSSD vyuzivd EKG, coz s sebou ovSem nese problém s nutnosti nalepeni elek-
trod a dalsiho pristroje, ktery ¢lovék musi mit u sebe aktivné ptilozeny. V ptipadé senioru
trpicich demenci je pak velkym problémem i samotné noSeni chytrych ndramku ¢i ho-
dinek. Tento piistroj, se kterym nemaji zkuSenosti, pro né muze byt stresujici a rovnéz
nutnost nabijeni pro né muze byt komplikovana. Z tohoto hlediska se osvédéilo méfent
HRV seniorti v modernich seniorcentrech pravé pomoci neobtézujici senzoru popsanych
v predchozich kapitolach. K zivotu bohuzel patii i jeho konec a vzhledem k tomu, zZe
k dnesnimu dni je po celé Ceské republice osazeno piedstavenym méficim systémem vice
nez 200 posteli v nemocnicich a seniorcentrech, bylo mozné zaznamenat i imrti osob na
nasem méricim systému. Detailnéji bude o tomto vyzkumu pojednédvat nédsledujici sekce,

zde se ale zamérme na obrazek 3.9.

Na tomto obrazku je mozné pozorovat dlouhodoby vyvoj parametru RMSSD v trvani
témér jednoho meésice u osoby v seniorcentru. Konkrétné se jedna o posledni mésic zivota
této osoby. Z dlouhodobého hlediska lze na obrazku mezi 27. prosincem 2020 a 8. lednem
2021 pozorovat vykyvy v parametru RMSSD. Data naméfend pomoci senzoru byla kon-
frontovana s hlavni sestrou piislusného seniorcentra, ktera byla schopna nezavisle na pre-
zentovanych vysledcich popsat vyznamné udalosti v poslednim mésici zivota dané osoby.

Tyto informace jsou zanesené v daném obrézku a jasné ukazuji, jak se méni trend v rustu
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¢i poklesu RMSSD a tedy pfenesené feceno v tom, zda se té osobé zlepSovala ¢i zhorsovala
nélada a jeji psychicky stav. Celkové je mozné pozorovat dlouhodoby klesajici trend, ktery
je pro ucely nazorné prezentace pouze naznaceny cervenou piimkou, nejedné se o regresni
krivku. Nejzajimavéjsi jsou ale udalosti, které vedly ke zlepSeni nalady a to konkrétné
oznameni o navstévé farafe, navstéva farare a posledni navstéva dcery pred tmrtim.
Ukazuje se zde ohromny ptesah fyziky a ndzorny piiklad toho, o jak rozsdhly obor se
jedna. Vezmeme-li chronologicky cely postup, dostali jsme se od vyvoje senzoru, pies apli-
kovani matematickych metod pouzivanych ve fyzice na méfrené signaly, po vyvoj fady pro-
totypu az k certifikovaného produktu, ktery byl pouzit pro monitorovani zdravi redlnych
osob az po zdznam samotného dmrti. P#i pfednaskach na katedfe fyziky je akcentovan
pravé piesah a motivace ke studiu s jasnymi aplikacemi, tedy jednoduchd odpovéd na

tradi¢éni otdzku studentu ,A k ¢emu to je dobré?*.

3.3 Zhorseni zdravotniho stavu pred smrti

Jiz bylo konstatovéno, ze méficim systémem vyvinutym na UHK je aktualné osazeno vice
nez 200 lazek po celé Ceské republice. K tomuto rozmachu doglo zejména v letech 2020
az 2021 v obdobi epidemie COVID-19, kdy vznikla velka poptavka po systémech dalkové
sledujicich zdravotni stav lidi v nemocnicich a seniorcentrech. Jen hrubym odhadem bylo
pomoci posledni verze systému naméfeno vice nez 2 miliony ¢lovékohodin zdznamu a
celkem bylo naméfeno vice nez tisic ruznych osob. Vzhledem k mistu méfeni nejednou
nastala situace, pii které na méficim systému osoby zemfiely, coz je samoziejmé smutnd
zélezitost, ovSem umoznilo ndm to ziskat zcela unikatni dataset 16 osob, u kterych bylo
jasné identifikovano tmrti. Prvni publikace zabyvajici se timto tématem vysla v neddvné
dobé [36] a zabyva se zajimavym dé&jem, ktery byl pozorovan u vétsiny lidi predtim, nez
zemfteli.

Zakladni princip lze demonstrovat na obrazku 3.10. U vétSiny osob, které zemfely
na nasSem méficim systému, bylo mozné pozorovat zmény v hemodynamice, tedy popisu
obéhu krve na zdkladé fyzikdlnich principt, a respira¢ni ¢innosti v fadu desitek minut az
nékolika hodin ptedtim, nez doslo k mrti. Tyto zmény se zatim nepodafilo uspokojivé
vysvétlit, jelikoz jde o fenomén dostateéné neprozkoumany a neexistuji k nému zadné re-
levantni reference. Pokud budeme studovat osobu, ktera nehybné lezi na lizku, muzeme
postupny pokles méfeného signalu prisoudit poklesu silové intenzity srdeéni ¢innosti, ta-
kovy trend byl u téchto osob skuteéné pozorovan. Déle byly pozorovany i zmény v kiivce

respiracni tize, kde se objevovala velka nepravidelnost v dechové ¢innosti. Expertnim odha-
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naznaceni oblasti, kde doslo k patologickym zménam.

dem byl stanoven okamzik zhorsovani zdravotniho stavu i okamzik dmrti. V [36] byla okna
signalu transformovana pomoci spojité vinkové transformace a pomoci neuronovych siti
byly okamziky tmrti a zhorSovani zdravotniho stavu verifikovany. Spojita vinkova trans-
formace poskytuje informace o zménach frekvenci signalu méreného senzory, Jeji vyhodou
je zejména moznost studovat i velmi nizké (subhertzové) frekvence, coz je optimalni pro
sledovan{ pomalych dé&jii jako je dychani. Ndsledné byla vytrénovana neuronovd sit, kterd
s uspésnosti 86,5 % dokdzala urcit, zda dochézi u osob ke zhorsovani zdravotniho stavu.
Vyzkum v této oblasti pokracuje, jelikoz se postupné zvétSuje i pocet osob, na kterych
je mozné tyto okamziky zkoumat. Do vyzkumu v této oblasti jsou jiz nyni zapojeni stu-
denti katedry fyziky, jelikoz se jedna skuteéné o unikatni moznost propojeni mediciny a
fyziky. Z didaktického hlediska se tak jedné opét o zpusob motivace zaka i ucitele formou
popularizace témat, kterd nejsou zcela obvykld, ovsem maji fyzikdlni pfesah do redlného
zivota. Dand témata se ve vyuce na katedie fyziky dotykaji i oblasti jako je zazitkova
pedagogika, ovSsem v podobé aplikované na terciarni vzdélavani. Studenti jsou zpravidla
seznameni s metodou méfeni dat, data jsou jim poskytnuta a dostanou zadany diléi tikol
pii jejich zpracovani ¢i zkoumani fyzikalniho pozadi takovych dat. Teprve pozdéji je jim
oznamen presny puvod dat a studenti si tak 1épe uvédomi vaznost 1ikolu ktery fesi, a o to

intenzivnéji se pak danému tkolu vénuji.
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3.4 Meéreni pulsni viny

Dalsi oblasti vyzkumu, ktera se tyka BCG signalu, je méfeni rychlosti pulsni viny. Vyzkum
v této oblasti opét navazuje na metody publikované v [20]. Pulsni vlna je tlakovy puls,
ktery se Siti systémem cév kardiovaskuldrniho systému po vypuzeni krve béhem systoly
z levé komory do aorty. Pfi vypuzeni objemu krve se systém cév s timto rychle vypu-
zenym objemem vyrovnava elasticitou vlastnich cév. Samotnd rychlost pulsni viny se méni
v zavislosti na tom, v jakém misté systému cév ji méfime. V aorté se pohybuje standardné
v rozmezi 5 az 10 m-s~!, v perifernich cévéch pak 10 az 20 m-s~! [37]. V publikaci [23] se
podarilo nepfimo ovérit, ze metoda prezentovana v [20] skuteéné vede k méfeni parametru
¢asu dobéhu pulsu do riznych mist v systému cév. Tato myslenka byla dale rozvijena a
v soucasné dobé je obsahem patentu [38], [39], [40], [41] a uzitného vzoru [42].

V nedavné dobé probéhl rozsdhly experiment, na kterém se vyrazné podileli stu-
dujici katedry fyziky, béhem kterého bylo méifeno 30 osob simultanné pomoci 11 senzoru.
Konkrétné slo o méteni pomoci EKG, zatizeni Zephyr BioPatch (méficiho dechovou frek-
venci a kiivku respira¢ni tize), systému ABI Boso (pro urceni rychlosti pulsni viny a tlaku
krve ve vSech konéetindch), ¢tyf piezokeramickych senzoru v méfici podlozce pod matraci
a CtyT trojosych gyroskopu (na ruce, na noze, na hrudniku, na btichu). Cilem tohoto expe-
rimentu bylo ziskat rozsdhly dataset pro dalsi vyzkum pravé v oblasti studia §ifeni pulsni
viny. Béhem experimentu zicastnéni dobrovolnici stiidali leh na zddech a na boku, byly
jim v poloze na zadech podkladdany nohy do vyvysené polohy, byli méfeni pied a po cviceni,
zadrzovali dech v nddechu i vydechu a dalsi. V soucasné dobé jsou v piipravé jedna ba-
kalarska prace a jedna diplomova prace ve studijnim programu U¢itelstvi fyziky pro stfedni
gkoly a jedna disertacni prace ve studijnim programu Didaktika fyziky na katedfe fyziky
UHK, zamérené pravé na analyzu dat naméfenych béhem tohoto experimentu.

Mezi hypotézy, které se podafilo diky tomuto experimentu jiz prokazat a jsou obsa-

hem zejména [42] patii:
e Ovéfeni moznosti méfeni rychlosti pulsni viny.

e Ovéreni, ze pii poloze na ziddech pii podlozeni nohou dojde ke zméné tlakovych

poméru v hrudniku, a tedy dojde ke zméné rychlosti pulsni viny.

e Pri cviceni dochdzi ke zménam krevniho tlaku a tedy i rychlosti pulsni viny.

Verifikované metody jsou nyni jiz implementovany do vyuky studujicich na katedfe
fyziky UHK a jsou soucdsti laboratornich cviéeni ve studijnim programu Aplikovana fy-

zika se specializacemi. Podarilo se tak piejit od prvniho ovéfeni hypotézy v [20] k prvni
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verifikaci v publikaci [23], ndslednému rozsahlému experimentalnimu méfeni, dalsi veri-
fikaci a ochrané dusevniho vlastnictvi dané metody [42] se zapojenim studujicich, az po
implementaci do vyukovych plant na katedie fyziky. Tento proces z didaktického hlediska
ukazuje narocnost implementace zcela novych hypotéz do piimé vyuky, ale zaroven mo-
tivuje i budouci ucitele v terciarnim vzdélavani k tomu, Ze je nutné neustale reagovat
na pokrok v oblasti vyzkumu a nové poznatky aplikovat, jelikoz studujici pracujici na
zavéreénych pracich zaméfenych na danou problematiku se zabyvaji skutecné recentnimi

vysledky s vyraznym piesahem do dalsich oblasti pfirodnich véd.

Patenty [38], [39], [40], [41] spojuje dalsi nosné téma a zcela novd metoda sledovéni
fyziologie lidského téla nepiimo, na zdkladé zmén v rychlosti pulsni viny. V patentech
[38] a [39] je popsadna novéa unikdtni metoda, kterd je zalozend na jednoduché fyzikaln{
myslence. V situaci, kdy méfend osoba lezi na zadech, je aorta mirné utlacovana gastroin-
testinalnim traktem. Pokud dojde k pohybu v gastrointestinalnim traktu, tedy k pohybu
v dusledku peristaltiky, zméni se doCasné silové poméry na aortu pusobici a tedy musi
dojit ke zméné v sifeni pulsni viny. Tato myslenka byla na katedie fyziky verifikovana
na animalnim modelu pomoci tii prasat, u kterych doslo k invazivnimu pferuseni toku
krve do gastrointestindlniho systému a tedy kompletnimu zastaveni peristaltiky. Tato pra-
sata byla zaroven méfena pomoci méfici podlozky se ¢tyfmi piezokeramickymi senzory a
pomoci EKG. Data byla zpracovana obdobnou metodou jako v [23], tedy opét byla vy-
tvorena c¢asova fada doby dobéhu pulsni vlny v zavislosti na jednotlivych tiderech srdce.
Vysledky ze zpracovani naméfenych dat potvrdily méfitelnou zménu v charakteru dobéhu
pulsni vlny pred a po preruseni toku krve. Timto se potvrdilo, Ze metoda sledovani pulsni
vlny muze slouzit k uréeni, zda dochézi ¢i nedochézi k pohybum vlivem peristaltiky. Tento
zavér ma pak rozsahlé dusledky v oblasti sledovani zastaveni peristaltiky napf. po ope-
racich v oblasti bfisni dutiny, kdy zastava peristaltiky muze vytstit ve vyznamné zdravotni

potize.

Patenty [40] a [41] vyuzily identickou metodu, oviem méfeni probihalo u téhotnych
zen ve tfetim trimestru ve Fakultni nemocnici Hradec Kralové na Porodnické a gyneko-
logické klinice. V prubéhu experimentu bylo naméieno celkem 34 téhotnych Zen, které
byly soucasné méreny pomoci kardiotokografu, ktery umozinuje mimo jiné zaznamenat po-
hyby plodu v déloze. U téhotnych zen dochazi v prubéhu téhotenstvi ke zvétseni délohy
v dusledku rustu plodu a soucasnému laterdlnimu preskupeni stiev. Pii poloze na zadech
je tedy aorta vyznamnéji utla¢ovana pravé délohou a vyvijejicim se plodem, nikoliv organy

gastrointestinalni soustavy. Pfi pohybu plodu pak dojde opét ke zméné silovych poméru
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pusobicich na aortu a tedy ke zméné v rychlosti pulsni vlny. Zpracovani naméfenych dat
piezokeramickymi senzory poté prokézalo méritelné zmény v dobé dobéhu pulsni viny a
potvrdilo hypotézu o méfitelnosti pohybu plodu. Dusledek je identicky jako v predchozim
piipadé - pokud dojde k zdstavé pohybu plodu, znaé¢i to zdsadni zdravotni problém v ob-
lasti vyvoje plodu.

7 didaktického hlediska se jedna o ukazku formovani fyzikalniho modelu sifenf pulsni
vilny, ktery byl verifikovan, probéhla ochrana dusevniho vlastnictvi a tyto vysledky jsou
déle vyuzivany v popularizaci fyziky na katedfe fyziky UHK. Ukazka piesahu fyziky do
lékatrskych oboru je obecné velice popularni, jelikoz jde o oblast, ktera je i pou¢enym laikem

dostatec¢né uchopitelna.

3.5 Veterinarni medicina

Unikétnost neobtézujiciho méreni mikropohybu ¢lovéka se béhem vyzkumu podafilo rozsitit
i na dalsi velice zajimavou oblast, kde m& tato metoda primé uplatnéni, a to je méreni
zvitat. Na katedfe fyziky probihal vyzkumny projekt zaméfeny na méfeni a vyhodno-
ceni dat na veterinarnich klinikdch. K tomuto i¢elu bylo vyuzito tenzometri umisténych
v hlinikovém ramu, ktery byl na miru vyroben pro kotce na veterindch, viz obrazky 3.11
a 3.12. Vzhledem k rozsahu hmotnosti typickych zvifat byly po konzultaci s veterinari
vyuzity Ctyfi tenzometry s méficim rozsahem 10 kg. Samotny ram je pak osazen kryci
deskou a v daném kotci je tak pokryta celd jeho plocha, na které lze méreni mikropohybu
zvitat sledovat. Vyuziti téchto senzorti na veterindrnich klinikdch je zcela unikatni, ale
pfitom logické, jelikoz umistovani jakychkoliv méficich prvki na zvifata je velice kompli-
kované a u zvitat takova méfeni vyvolavaji vyrazné vétsi stres nez u lidi.

Celkové se béhem dvou let podarilo nameérit 110 zvitat, z 90 % psu a kocek, o hmot-
nostech 0,5 az 26 kg. Cilem bylo neobtézujicicm zpusobem sledovat vitalni funkce zvitat
(jejich tepovou a dechovou frekvenci), zkoumat reakei aktivity zvirat na sedaci, probouzeni
zvitat z anestezie a na zavér zkoumat vyvoj vitalnich funkci u zvirat, kterd na méficim
systému zemiela.

Za nejzajimaveéjsi vysledek lze povazovat prokézani existence tzv. syndromu bilého
plasté u zvitat. Jednd se o zvysSeni tepové frekvence, dechové frekvence a krevniho tlaku
pii méfeni téchto veli¢in z duvodu rozruseni zvifete pfimo mérenim. Tepova frekvence je
totiz u zvitat v kotcich zpravidla méfena ruéné veterinaii, ktefi ptrilozi prsty na vybranou
tepnu a rucné pocitaji pocty tderu srdce. A¢ je tento dé&j pochopitelny a dobie zdoku-

mentovany u lidi [43], u zvitat je zpravidla velice obtizné ho sledovat, jelikoz zvite je ve
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Obrézek 3.11: Méfici podlozka obsahujici ¢tyfi tenzometry.

Obréazek 3.12: Ukazka umisténi métici podlozky v kotci na veterindrni klinice.
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Obréazek 3.13: Ukazka vyvoje tepové frekvence u psa na veterindrni klinice. Modfe je
oznaceno méfeni tepové frekvence pomoci podlozky s tenzometry. V grafu je vyznaceno

misto, kdy byla tepova frekvence mérend ru¢né veterinari.

stresu uz z jakéhokoliv senzoru, ktery je na né umistén. Ve svété probéhly studie, kde byl
porovnavan tlak krve u psu v klidu domova a na veterinarni klinice [44], u kocek probéhla
studie, kdy jim byl implantovén telemetricky senzor [45]. Tyto studie prokazaly existenci
syndromu bilého plasté, ale nebyla nalezeno feSeni pouzitelné pro veterinarni kliniky, kde
jsou zvitata hospitalizovana. Méfici podlozka vyvinutda v ramci projektu tak efektivné
fesi tento problém a vysledky ukazuji, ze skuteéné vitdlni funkce méfené ruéné veterinari
¢asto vubec nekoresponduji s redlnymi klidovymi hodnotami, které jsou podstatné pro
spravnou diagnostiku a 1écbu. Na obrazku 3.13 je zobrazen vyvoj tepové frekvence psa
pfed, po i v prubéhu ruéniho méfeni veterindfi. Samotna tepova frekvence se pied i po
méfeni pohybovala v rozsahu 68 az 72 uderu za minutu, pii méfeni tepové frekvence
veterinaii vSak vyskocila na 94 tdert za minutu (coz souhlasilo s hodnotou naméfenou ve-
terindii), jednd se tak o narust o vice jak 30 %, ktery zna¢né zkresluje redlné vitalni udaje
zvitat. Béhem studie byl syndrom bilého plasté pozorovan u vétSiny zvifat. V soucasné
dobé probihd dalsi rozsahlé méfeni na veterinarnich klinikach za dcelem rozsiteni studie s
cilem publikovat zjisténé skutecnosti.

Déle bylo mozné pozorovat i probouzeni zvifecich pacienti po anestezii. Pro vete-
rinafe se jednd o zasadni informaci, jelikoz neni nutné stédle kontrolovat dané zvire a jedna

se tak o telemedicinsky systém, tedy dalkovy pienos udaju o pacientovi lékari. K tomuto

46



pacient uloZen po anestezii

pacient se probral z anestezie

activity

& 3

15:20 15:30 15:40 15:50
time Jan 22, 2020

Obrézek 3.14: Ukéazka vyvoje aktivity u psa na veterinarni klinice. Modfe je zndzornéna

jeho aktivita, tedy mira pohybu psa. Jednotky na ose y tvoif uméle vytvorenou skalu.

ucelu byla z dat namérenych tenzometry vypocitana tzv. aktivita, jedna se zjednodusené
o variabilitu vypoctené délky oblouku. Na obrizku 3.14 je mozné pozorovat pokles aktivity
psa umisténého do kotce po anestezii a pak jasné identifikovatelny okamzik, kdy se pes
po anestezii probral, coz lze urcéit pravé prekrocenim prahové hodnoty jeho aktivity na

podlozce.

Na zavér této sekce se podivejme i na téma, kterého jsme se dotkli jiz pii méfeni
lidi. Jedné se o jeden z mnoha piipadu zvitat, ktera zemiela na monitorovaci podlozce.
Konkrétné slo o pokousaného psa. Na obrazku 3.15 je surovy zéznam dynamickych signalu
z tenzometru poslednich zhruba 100 minut Zivota tohoto psa. Za povSimnuti stoji zejména
oblast kolem ¢asu 0:20, kdy viditelné dojde ke zméné charakteru morfologie méfenych
signali. Na pripad psa byla ispésné aplikovéana neuronovd sit publikovana v [36] a skutecné
odhalila v daném okamziku zhorseni zdravotniho stavu psa. Prace v oblasti detekce zhorseni
zdravotniho stavu pred smrti je dulezitda zejména proto, aby mohli veterindfi véas inter-
venovat v piipadé zhorSeni a zvysila se tak Sance na zachranu zvitat. Teprve pii fadném

ovéfeni funkce na zvitatech je v planu implementovat obdobny systém i u sledovani lidi.

Obrazek 3.16 pak detailné zobrazuje okamzik exitu zvitete, véetné posmrtnych zaskub,
opét je zobrazen dynamicky signal z tenzometru. Na zdavér se podivejme je$té na velice
dilezitou, oviem Casto opomijenou otazku, a to je samotné detekce imrti. Na obrazku 3.17
je zobrazen staticky signdl z tenzometru, tedy na ose y je hmotnost zatizeni jednotlivych
senzoru. Jednotky nejsou uvedeny, jelikoz v tomto ptipadé nedoslo ke kalibraci danych

tenzometru a tedy nebyl k dispozici prevodni vztah mezi statickym signdlem a hmotnosti
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exitus

dynamic signal

| | | | l | | |
Aug 26, 23:00 Aug 26, 23:15 Aug 26, 23:30 Aug 26, 23:45 Aug 27, 00:00 Aug 27, 00:15 Aug 27, 00:30 Aug 27, 00:45
time 2020

Obrézek 3.15: Dynamicky signal z tenzometri u umirajictho psa, v obrazku lze pozorovat

umrti i zhorseni zdravotniho stavu pred smrti.

exitus posmrtné zaskuby

\

dynamic signal

i ‘ ‘ jj “‘
memH,um.wmmmmmmmmmmmmm,u

| | | |
00:44:30 00:45:00 00:45:30 00:46:00
time Aug 27, 2020

Obrézek 3.16: Dynamicky signél z tenzometra u umirajictho psa, v obrdzku je detail na

samotny okamzik tmrti i posmrtné zaskuby.
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| odklizeni pacienta /‘___5

exitus

static signal

| | | | | | | | L
Aug 27, 00:00 Aug 27, 01:00 Aug 27,02:00  Aug 27, 03:00 Aug 27,04:00  Aug 27, 05:00 Aug 27, 06:00 Aug 27, 07:00 Aug 27, 08:00
time 2020

Obréazek 3.17: Staticky signél z tenzometru u umirajiciho psa, v obrazku je pozorovatelnd

mnohahodinova prodleva mezi imrtim a odklizenim pacienta.

umisténé na méfici podlozce. V obrazku je zobrazen okamzik iimrti psa a v ¢ase cca 7:25
je vidét, ze terpve tehdy dosSlo k odebrani hmotnosti z monitorovaci podlozky, tedy k
odklizeni pacienta. Prodleva mezi okamzikem umrti a okamzikem, kdy toto umrti bylo
zaznamenano, tedy ¢ini téméfr 7 hodin. Z tohoto hlediska je nutné se na detekci dmrti i
v budoucnu zaméiit, jelikoz stejny problém tato prodleva predstavuje i u lidi a bohuzel
oprostime-li se od morélni otdzky, jednim z mnoha problému feSenych v ruznych senior-
centrech jsou i piripady, kdy pfijde za seniorem névstéva a ta zjisti, ze senior je jiz po
smrti, jelikoZ neni v moznostech personalu stédle kontrolovat kazdého jednotlivého ¢lovéka.

Vysledky vyzkumu provdadéného na zviratech jsou sou¢asti uzitného vzoru [46] a jsou
casto vyuzivany v populariza¢nich prednaskach i v primé vyuce na katedie fyziky UHK.
Téma zaméfené na zvitata je vzdy velice popularni a dokaze studenty rychle vtahnout do

problematiky méfeni a zpracovani signélu.

3.6 Péce o seniory

Uzavieme nyni téma vénované sledovani zdravotnich funkei lidi a zvifat ¢ast{ vénovanou se-
niortm. Progli jsme celym procesem od jesté nenarozenych déti, pfes novorozence, dospélé
lidi a zvifata az k okamziku konce zivota. Vénujme se nyni oblasti, kde sledovani zdra-

votniho stavu pomahé v praxi seniorim v seniorcentrech. Jednim z nosnych védeckych
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témat na UHK je téma staii. Obecnym svétovym problémem je starnouci populace a
s tim nedostatek persondlu, ktery by se mohl péci o starnouci populaci vénovat. S ros-
touci prumérnou dobou doziti lidi tak roste poptavka po systémech telemediciny, které
umozni efektivnéji oSettovatelskému personalu reagovat na nahlé zmény, sledovat zmény
v chovani a zdravotnim stavu seniort v prubéhu casu a tim v dusledku zkvalitnit péci
i ulevit pretizenému persondlu. Jednim z cili pfi vyvoji monitorovaci podlozky vyvinuté
na UHK tak bylo zapojeni inteligentni technologie do péce o seniory i dalsi potiebné osoby

a to jak u domadci péce, tak v zafizenich pro dlouhodoby pobyt.

Podlozky vyvinuté na katedie fyziky UHK osazené dvéma az Ctyfmi piezokera-
mickymi senzory jsou v soucasné dobé pouzivény v celé fadé seniorcenter v Ceské repub-
lice pro sledovani zdravotniho stavu senioru. V ramci certifikace zdravotnickych prostiedku
t¥idy I poskytuje v soucasné dobé monitorovaci podlozka informaci personélu o piitomnosti
seniora na luzku a o tom, zda byl vhodné polohovan. Potieba polohovani vznikd v dusledku
¢asu straveného na luzku, kde jako zasadni problém existuje vznik prolezenin, tedy zanét-
livych oblasti v podkoznich ¢astech téla, vzniklych z divodu nedostateéného okysliceni
tkdni v dusledku dlouhodobého utlacovani. Aktivnim prvkem prevence takto vzniklych

prolezenin je pravidelné polohovani seniori.

Samotny vyvinuty informacni systém je rozdélen do tii drovni. Na nejnizsi trovni
formou mobilni aplikace upozornuje osetiovatelsky persondl na nutnost polohovani senioru
u vybranych luzek. Tim pfimo aktivné dochazi k prevenci vzniku prolezenin a zlepSuje se
tak kvalita péce o seniory. Déle pak systém upozorfiuje na opusténi luzka seniorem, coz
mé velky vyznam zejména v noci, kdy muZze nastat pfipad, Ze senior cestou na zdchod

upadne a muze dojit k drazu.

Dalsi drovni je pak role hlavni sestry, kterd ma v mobilni aplikaci a pravidelnych
reportech prehled o celkovém stavu na oddéleni a moznost kontroly, zda oSetfovatelsky
personal skuteéné dodrzuje predepsané doby polohovani. Ukazka takového reportu je na
obrazku 3.18, kde na ose z je zobrazen ¢as v prubéhu kazdého jednotlivého dne a na ose y
jsou jednotlivé méfené dny. Zelend barva znaéi, Ze méfend osoba byla v lizku a ze bud byla
pravidelné polohovéna, nebo byla schopné se polohovat sama. Seda barva znaéi, Ze postel
byla préazdnd, bild barva pak zna¢i vypadek méfeni (napt. z duvodu prevozu postele).
Oranzové/cervend barva pak znaci mista, kdy jiz mélo dojit k polohovéni (které je nutné
vykonavat kazdé cca 2 az 3 hodiny), ale nedoslo k nému i pres alarm v oSetfovatelské
aplikaci. Z tohoto obrazku je pak patrna i dalsi sledovand skutecnost, a to je pravidelnost

rezimu meéfené osoby. Lze vypozorovat, kdy dand osoba réano vstava z postele, kdy si jde
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Obrézek 3.18: Ukazka reportu polohovani pro hlavni sestru.

lehnout a zejména lze pozorovat, ze 17. a 20. listopadu dand osoba vubec neopustila luzko,
coz muze znacit napf. nemoc.

Posledni tirovni je pak droven managementu. Zde piislusni feditelé mohou ziskavat
komplexni reporty kvality péce celého oddéleni a mohou tak sledovat napi. poc¢et problému
s piipady nepolohovani v daném misté a case.

Celkové jde vyhody celého systému popsat pro vsechny jeho trovné:

e Top management ma jasnou piidanou hodnotu pro potencialni klienty a vymezeni
vuci konkurenci. Déle vede evidenci polohovani, ¢imz dokaze zabranit piipadnym

sporum s rodinami klienta ohledné kvality péce.
e Management sester se muze starat o zajisténi kvality v ramci celych oddéleni.

e Osgetfovatelsky persondl muze lépe optimalizovat svoji ¢innost v rdmeci polohovéani a

dokaze lépe identifikovat jednotliva rizika.

e Pro samotného klienta pak jde opét o zajisténi lepsi kvality jeho péce, omezeni rizik

a zajisténi lepsiho komfortu.

Dalsi témata, kterymi se pak z vyzkumného hlediska projekt sledovani senioru
zabyva, jsou sledovani doby spanku pomoci sledovéni pfitomnosti osob na luzku a ak-
tivity méfenych osob na lizku a mimo jiné i sledovani parkinsonovského tremoru, tedy
tFesu vyvolaného pravé touto zakeinou chorobou, coz je i obsahem uzitného vzoru [47] a

jednéa se o téma, které je rovnéz zatazeno v praktické vyuce na katedfe fyziky UHK.
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Celkoveé se tak jedné o piiklad jasného vstupu do praxe. Studentum v rdmci prednések
na katedfe fyziky UHK je tak jasné ukdzano, ze vyzkum nemusi byt jen tzv. ,do Supliku“,
jak to bohuzel v praxi nékdy u vyzkumnych projekti byva, ale vidi zde dopad odborné
prace v oblasti matematiky a fyziky a jejich konkrétni vyuziti. Dalsi analyza dat a naméty
na vylepseni systému jsou pak obsahem pripravovanych kvalifika¢nich praci na katedie

fyziky, tedy jednd se o jasny didakticky potencial v terciarnim vzdélavani.

3.7 Modelovani padu kocek

Dosud se price vénovala pomérné vaznym vécem, misty na pomezi zivota a smrti. Jedna
se o oblasti citlivé, ale k zivotu patiici. Vénujme se nyni trochu lehéimu tématu a pojdme
se podivat je$té na dalsi pomérné unikatni didakticky fyzikalni model, ktery v prubéhu
vyzkumu na katedfe fyziky vznikl a byl i experimentalné ovéfen. Jedna o model, ktery je
pravidelné vyuzivdn ve vyuce na katedie fyziky UHK pro svuj velky motivaéni potencidl.
Vyuziva se zejména v zakladnim kurzu mechaniky pii vykladu pohybu téles v odporujicim
prostiedi. Studenti si pak na realném piikladu mohou vyzkouSet vypocet Reynoldsova
¢isla a na jeho zdkladé rozhodnout, na jaké mocniné rychlosti bude zaviset odporova sila.
Problematice odporovych sil nejen pfi pohybu kocky se vénuje i ¢lanek [50].

V prubéhu reSerse k ruznym tématum dotykajicich se sledovani Zivotnich funkci
zvitat bylo zjisténo, ze mezi béznou populaci koluje povést (moderné urban legend) ohledné
padu kocek ze sedmého patra panelovych ¢i jinych domu. Existuje mytus, ze kocka dokéze
prezit pady z pater, kterd jsou nize, oviem bez problému i z pater, kterd jsou vySe, nez
sedmé patro. Casto fatdlni pro kocky byva pad pravé ze sedmého patra. Tento mytus se
podafilo podlozit fakty, skuteéné existuji prace, které naznacuji, ze urcitd rozmezi vysek,
ze kterych kocky padaji, vedou k horsim drazum ¢i tmrti, viz [48] a [49], a Ze tato vyska
odpovida zhruba sedmému patru bézného panelového domu.

Néapad, ze takovy jev musi mit jasné fyzikalni pozadi, byla prvotnim hybatelem
dalstho vyzkumu. Clének objasiiujici tento d&j je rovnéz obsahem piflohy této préce, proto
zde budou zduraznény pouze jeho zdsadni myslenky. V publikaci [51] byl vytvofen jedno-
duchy model padu koc¢ek demonstrujici aplikaci druhého Newtonova pohybového zakona
jakoz i1 odporovych sil. Déle byl v prostfedi MATLAB nasimulovan pad kocky a bylo
studovano, co se déje tésné pfed dopadem pravé pii padu zhruba ze sedmého patra, coz
odpovidé volnému padu se zapoctenim Newtonovy odporové sily ze zhruba 20 metri vysky.
Podivdme-li se na urazenou vzdalenost v prubéhu padu, viz obrazek 3.19, zjistime, ze padu

z 20 metru odpovidd zhruba druhd sekunda padu, ovSem nic zajimavého z tohoto grafu
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Obréazek 3.19: Zavislost urazené vzdalenosti koc¢ky pii padu na Case.

pozorovat nelze. Podivame-li se ale na graf derivace zrychleni kocky pfi padu, viz obrazek
3.20, vidime, ze pravé ve druhé sekundé padu nabyva tato derivace globalniho extrému.
Zamyslime-li se nad samotnou fyziologii vniman{ zrychleni clovéka a savci obecné, ves-
tibularni aparat poskytuje védomi informaci pravé o zrychleni daného tvora. To samo o
sobé jesté neni ale zdsadni, pfedstavme si, co zazivdme napi. na horské dréze. Adrena-
lin vyplaveny pfi takovychto aktivitach souvisi totiz zejména se zménami zrychleni, tedy
jeho derivaci. Vysvétleni toho, pro¢ pak kocka utrpi vétsi zranéni je nasnadé — existuje-li
globalni extrém v derivaci zrychleni, znamena to, ze zrychleni se v tu chvili méni v prubéhu
pohybu nejvice a kocka se tak tésné pred dopadem nejvice boji, lekne se a tedy nezvlddne
dostatecéné korigovat dopad (pruzenim konéetin). Zasadnim vystupem této publikace je
pak zavedeni zcela nové veliciny nazyvané koeficient strachu kocky pii padu z vysek, viz
obrézek 3.21. Jedna se v podstaté o zaporné vzatou derivaci zrychleni kocky normovanou
na minimaln{ hodnotu 0 a maxim&ln{ hodnotu 100 %. Teoreticky predpovézené hodnoty
zrychleni kocky pak byly experimentalné ovéreny na modelu kocky osazenym akcelerome-
trem.

Uvedeny vyzkum je samoziejmé tieba chdpat s mirnym nadhledem, avSak tato
prace byla publikovana v prestiznim didaktickém casopise European Journal of Phys-
ics a byla dokonce zvolena jako jeden z ,highlights® tohoto casopisu roku 2016 pro jeho
kvalitu a pfispéni komunité didaktiky fyziky v tercidarnim vzdélavani. Neni pfekvapenim,
ze prednaska na dané téma je pravidelné vyuzivana pii populariza¢nich akcich katedry

fyziky.
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Obrazek 3.20: Zavislost derivace zrychleni kocky pii padu na case.
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Obrazek 3.21: Koeficient strachu kocky pii padu z vySek v zavislosti na dobé padu.

o4



3.8 Konstrukce vlhkého teploméru jako didaktické pomtucky

Komentovand publikace [52] se zabyvd modernim environmentdlnim tématem globdln{
zmény klimatu. V rdmci publikace jsou vysvétleny zdklady psychrometrie a jejich aplikace
véetné ndvodu na vytvoreni vlhkého teploméru jako Skolni pomtcky. Vysledky obsazené
v ¢lanku jsou vyuzivany ve vyuce ve studijnim programu Aplikovand fyzika se specializaci
Environmentélni méfeni.

Didakticky potencial tohoto tématu je znacny — zdkladni poznatky z termiky je
mozné vyuzit k vysvétleni toho, pro¢ je v piipadé vysokych teplot nebezpeénd vysoka
vlhkost vzduchu. Stejné tak je mozné vysvétlit, pro¢ clovék prezije v Udolf smrti (které je,
pokud neuvazujeme napf. sopky ¢ geotermdlni prameny, nejteplejSim mistem na Zemi),
pokud si s sebou vezme dostatek pitné vody, ale nap#. v Indii je mozné i s neomezenou
zasobou pitné vody zemfiit na piehfati organismu.

V prostiedi s vysokou vzdusnou vlhkosti, kterym je pravé napi. Indie, nefunguje
ucinné ochlazovani organismu pocenim. Vzduch, ktery se bliz{ 100% nasyceni vodni pérou,
brani odpafovani potu z kuze. Proto se v této souvislosti pracuje s veli¢inou, kterd se
obvykle oznacuje jako teplota vlhkého teploméru. Technicky vzato jde o teplotu adiaba-
tické saturace. Méti se vlhkym teplomérem, u kterého je snimaci prvek uvnitit haditku
napusténého vodou, pres ktery prochdzi vzduch. Adiabatické odpafovéni vody odebira
teploméru tepelnou energii, coz je prokazano skutecnosti, ze je teplota vlhkého teploméru
vzdy nizsi nez teplota suchého teploméru s vyjimkou situace, kdy je relativni vlhkost
100 %. V tomto piipadé jsou obé teploty stejné.

V1hky teplomér lze realizovat pomérné snadno, viz obrazek 3.22, ptipadné lze teplotu
vlhkého teploméru vypocitat z teploty suchého teploméru a relativni vlhkosti vzduchu. Obé
dvé tyto environmentalni veli¢iny mohou byt méfeny jednim digitdlnim senzorem, napft.
DHT?22. Na obrézku 3.22 je jednak vlhky teplomér s teplotnim senzorem DS18B20, jednak
senzor DHT22 pfipojeny k desce Arduino, kterd je ve vyuce na katedfie fyziky UHK bézné
vyuzivana.

Pomoci rovnic dostupnych v literature lze z teploty suchého a vlhkého teploméru
vypocitat vlhkost vzduchu. Tuto hodnotu studenti béhem laboratorni prace porovnavaji
s vlhkosti vzduchu zméfenou senzorem DHT22. Bodovy graf s 3400 datovymi body je na
obr. 3.23. Pearsonuv korela¢ni koeficient je 0,97.

Vytvorenda laboratorni prace v mensim métitku opakuje postup z predchozich ka-
pitol: Pro dany fyzikalni jev je hledana vhodné realizace experimentu, provedeno méreni

a nasledné zpracovani dat. V tomto piipadé se jedna o mikrostrukturu ve smyslu, ktery
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Obréazek 3.22: Realizace a schéma kombinovaného teploméru.
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Obrazek 3.23: Bodovy graf naméfené a vypoctené vlhkosti vzduchu.
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bude popsan v kapitole 4. V rdmci dané mikrostruktury se studenti teplomér sestavi,
naprogramuji ovladaci software pro prenos nameéienych dat do pocitace pres rozhrani
USB a néasledné data analyzuji. Na rozdil od jinych laboratornich praci, ve kterych stu-
denti pracuji s komerénimi méficimi pfistroji v pomérné linedrnim rezimu podle pfedem
pripraveného névodu, v piipadé zde popsané laboratorni prdace mohou uplatnit ruzné
pristupy, zejména v analyze a prezentaci dat.

Podle soucasnych modeli muzeme do poloviny stoleti ve stiedni Evropé pocitat
s dvojnasobnym az trojndsobnym zvysSenim frekvence vln veder, které pravdépodobné
budou vyraznéjsi nez dnes. Vzhledem k tomu, ze nebezpeci vysokych teplot vlhkého tep-
loméru se v budoucnu pravdépodobné rozsiti, je podle ndzoru autoru prace vhodné s
timto tématem pracovat i v piipravé budoucich ucitelu, aby byli pfipraveni na oblast
vyucovaného kritického mysleni potiebného k vysvétleni dané problematiky mezi zaky

sekundarniho vzdélavani.

3.9 Laboratorni cviceni ze spektroskopie

V élanku [53] je popsano laboratorni cviceni, které vyuziva jednoduchy spektroskop, ktery
Ize diky vyuziti 3D tisku a webové kamery vyrobit ve vétsim mnozstvi velmi levné. Lze tak
vybavit kazdého studenta, ktery pak muze prozkoumdvat ruzné materidly ve svém okoli
ve smyslu badatelsky orientované vyuky (Inquiry-based learning). Studenti sice objevuji
poznatky, které jsou jiz zndmé (napft. které materidly kolem nds vykazuji luminiscenci),
avSak pro studenty ma velky vyznam to, Ze je tyto poznatky ziskali pravé oni.

Na obr. 3.24 je realizovany vladknovy spektroskop a univerzalni zdroj svétla, ktery
lze napdjet z USB portu pocitace a ktery obsahuje rtzné barevné LED, zarovku jako
inkadescentni zdroj svétla, laser pro kalibraci vinovych délek a zafizeni pro métfeni absorpce
a luminiscence. Diky 3D tisku je mozné navrhnout jednoduchy zptsob vlozeni optického
vlakna. K méfeni luminiscence je vyuzita ultrafialovda LED. Uspofadani je podobné jako u
méfeni absorpce, ale v tomto piipadé je do drzéku nad UV LED umisténa luminiscen¢ni
félie. Tuto folii lze ziskat naptiklad z luminiscenénich visa¢ek nebo hracek. Dopadajici UV
zéfeni vyvoldva fotoluminiscenci, kterd ma za ndsledek emisi fotonu s nizsi energii (ve
srovnani s pouzitym UV zafenim). Tyto fotony vytvafeji v méfeném spektru novy peak,
jehoz poloha je posunuta smérem k delsim vlnovym délkam.

Na obrazku 3.25 je spektrum ruzové svitivé diody a celkem tfi spektra. Prestoze pro
zaznam a analyzu dat jsou k dispozici bezplatné programy, podle ndzoru autora jsou tyto

programy uzite¢né pouze pro ivodni méfeni.
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Obrazek 3.24: Realizace vlaknového spektroskopu a zdroje svétla.
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Nedilnou soucasti fyzikalnich méteni je pochopeni vzniku chyb méreni a moznosti je-
jich eliminace, a to zejména u studentu technickych obori. Pro mnoho studentu, ktefi jsou
zvykli, ze jejich méfeni zpracovava néjaky software, muze byt setkani s realitou Sokujici.

deaje naméfené na obr. 3.25 byly ziskdny z obrazu z webové kamery pomoci jed-
noduchého kédu v jazyce Processing, ktery je pouzivan ke zpracovani dat jako doplnék
jazyka Wiring, ve kterém se programuje deska Arduino. Levy graf na obrazku 3.25 je ziskan
z jednoho fadku spektra, prostfedni obrazek je prumérem pies vSechny fadky snimku a
posledni obrazek je po aplikaci filtru typu dolni propust.

Rozliseni navrzeného spektroskopu neni srovnatelné s profesiondlnimi ptistroju, vy-
slednd cena zafizeni je vSak o dva tady nizsi. I kdyz se to muze zdat zvlastni, prave
nedokonalost zafizeni muze byt pifi laboratornich meéfenich vyhodou, protoze studenti

jsou nuceni ucit se zpusoby zpracovani dat, které budou potiebovat ve své budouci praxi.
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Kapitola 4

Aplikace v didaktice fyziky

Na vysokych skoldch univerzitniho typu byva obvyklé, ze se ve vyuce vyuzivaji vysledky
vyzkumu, ktery se na dané univerzité provadi. Tento postup ma celou fadu vyhod: Studenti
maji moznost seznamit se s aktudlnim vyvojem v oboru, coz muze zvysit jejich motivaci a
zajem o studium. Timto zpusobem mohou také ziskat praktické dovednosti a zkuSenosti,
které jsou relevantni pro jejich budouci kariéru [54].

Obvykle tomu tak neni v zdkladnich kurzech (jako je mechanika), protoze vysledky
vyzkumu mohou byt pro takovy tucel ptili§ specializované nebo pokrocilé. Navic ne vSechny
vysledky vyzkumu jsou pifimo aplikovatelné do vyuky. Pak je na ,,pedagogickém mis-
trovsti” prednasejictho, aby nasel vhodny pristup, spocivajici v didaktické transformaci

daného tématu pro pouziti ve vyuce'.

Didaktické vyuziti poznatku uvedenych v pfedchozich kapitolach je v oblasti tercidr-
niho vzdélavani velmi Siroké. Jiz v pfedmétu Zaklady fyziky — Mechanika v prvnim ro¢niku
studia na katedfe fyziky lze zdklady balistokardiografie vyuzit k podpoie vykladu New-
tonovych zakladi mechaniky. Data méfena balistokardiografickymi senzory jsou ziskdna
diky reakci podlozky na akci — pohyb leziciho téla, zrychleni pak lze ziskat pomoci druhého
Newtonova zakona. Nejvétsi tispéch ma viak experiment, kdy (zdanlive klidné) lezici expe-
rimentator zpusobuje méfitelné mikropohyby, viditelné na dataprojektoru. Oboji jiz bylo
uspésné do tvodniho kurzu mechaniky implementovano v rameci semindiu.

V dalgich kurzech lze vyuzit balistokardiografii k i¢cinné podpofe vykladu jinak abs-
traktnich matematickych metod. Hleddni cest, jak pfiblizit studentiim mnohdy teoreticky

vyklad, je zdkladni premisou tspésné vysokoskolské vyuky. Vyzkumy ukazuji, ze praveé

'Richard P. Feynman v této souvislosti napsat, ze pokud nedokézeme vyklad jevu pFizpusobit studentim
prvnfho roéniku, znamend to, ze dané problematice jesté pofddné nerozumime [55]. Nemyslel tim vsak

individudlni schopnosti pfednésejiciho, ale stav védeckého poznani o daném tématu
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prakticky (,,hands-on”) pfistup k tématu je to, co pomdha v efektivnim predavéni po-
znatku [56]. Podle meta-analyzy provedené v roce 2017 mé takovy stimulujici vyklad
velky vliv na efektivitu vzdéldvaciho procesu [57]. V rdmci sou¢asného sméru presunu od
pojeti vyuky jako preddvani informaci k vyuce jako facilitaci uéeni (angl. shift from tea-
ching to learning, [58]), kde neni vyucujici jen zdrojem poznatku, ale pruvodcem studenta
na jeho cesté za poznanim, roste dulezitost praktickych pfistupt k tématu, kdy lze ve
vyuce vyuzivat mikrostruktury?, ucelené drobnéjsf lekce, propojené s redlnym svétem. Ty
podporuji tzv. smysluplné uceni (v rdmci Ausbelovy teorie uceni), kdy dochézi k budovéni
poznatkovych konstruktu, které si pak studenti odnéseji [59]. Zéroven pii takovém uceni
dochézi k rozvoji celé fady metakognitivnich dovednosti, kreativniho mysleni, dovednosti
k feSeni problému a dalsich.

Ptred fadnou implementaci vysledku predlozené habilitacni prace do vyuky byla
provedena reSerSe vyuky biofyziky a biomedicinské techniky na vybranych univerzitdach

v Ceské republice. Konkrétné byly zkoumény sylaby predméti studijnich programi:

e Biofyzika na Masarykové univerzité: Zaklady lékaiské biofyziky, Biofyzikdlni prak-
tikum, Biofyzikdlni praktikum UFKL, Experimentalni metody biofyziky, Vybrana

témata aplikované biofyziky.

e Biofyzika na Univerzité Palackého v Olomouci: Zdklady experimentalnich metod

biofyziky.

e Lékaiskd elektronika a bioinformatika, Biomedicinska technika na CVUT: Biome-
dicinské senzory, Uvod do signli a systémi, Biologické signaly, Modelovan{ a simu-
lace, Senzory v medicingé, Biomechanika a biomateridly, Lékaiské ptistroje a zafizeni
I. a II., Pacientské a piistrojové simuldtory a testery, Praktika z ndvrhu a kon-
strukce lékafskych piistroju, Analyza zpracovani biomedicinskych dat, Zpracovani

obrazovych dat, Laboratorni technika.

Celkové je mozné konstatovat, ze ze vSech téchto pfedmétu bylo v jejich sylabech
nalezeno pouze nasledujicich pét témat, kterda se mirné dotykaji predlozené habilita¢ni
prace: Senzory s kapacitou; Akcelerometry, gyroskopy; Kapacita - Kapacitni senzory, tla-
kové kapacitni senzory; Piezoodporovy jev - tenzometry, tlakové senzory piezoodporové;
Piezoelektricky jev - senzory s principem piezoelektrickym, tlakové senzory piezoelek-

trické. Obecné pak pii reSersi bylo zjisténo, ze z hlediska sledovani vitalnich funkci se

2V tomto pifpadé jesté neexistuje ustdlend Geskd terminologie; v angliéting se pouziva termin micro

structures.
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dané predméty zaméfuji na ,klasické* discipliny, tedy EKG, EEG (elektroencefalogragie),
spirometrie a dalsi. Pokud bylo v sylabech oznaceni néjaké metody jako ,moderni“, slo
zpravidla o méfeni CT (vypocetni tomografie) ¢i MRI (magnetickd rezonance), coz jsou

v8ak metody bézné pouzivané mnoho desitek let.

Postupné didaktizace vyzkumnych témat probihala fadu let. Dochéazelo k postupné
implementaci do vyuky stavajicich predméti ve studijnich programech Fyzikalné-technicka
méfeni a vypocetni technika, Fyzikalni méfeni a modelovani a Ucitelstvi fyziky pro stiedni
skoly na katedfe fyziky UHK, kde formou evaluaci téchto pfedmétu byla sbirdna zpétna
vazba ohledné kvality vyuky a rovnéz probihaly osobni diskuse se studenty, jaka témata
jim pripadaji zajimava a chtéli by je zaradit do vyuky. Postupnymi tpravami uc¢ebnich
planu predmétu se dospélo k zavéru, ze vyzkumné vysledky jsou jiz natolik rozsdhlé, ze je
neni mozné shrnout do pouhych drobnych tprav sylabt a jednim z vystupu této prace tak
je i zcela novy studijni program Aplikovand fyzika se specializacemi, ktery je mimo jiné
postaven pravé na zdkladech piredlozené habilita¢ni prace a ktery je garantovan autorem

prace.

S témito myslenkami byly rozvijeny zejména predméty Modelovani a simulace, Fy-
zikalni modely, Biomedicinské praktikum 1 a 2 a predmét Biofyzika v rdamci studijniho
programu Aplikovand fyzika se specializaci Biomedicinskd technika na Piirodovédecké fa-
kulté Univerzity Hradec Krélové. Déle bylo vyuzito vyuzito odbornych ¢lankua autora
v didaktickych ¢asopisech ur¢enych pro ucitele fyziky [51], [52] a [53] pro dulezité inovace
predmétu Zéklady fyziky - Mechanika, Zaklady fyziky - Kmity a viny, Praktikum z op-
tickych metod a Monitorovaci systémy ochrany prostiedi a zdravi ve studijnim programu
Aplikovana fyzika se specializaci Environmentalni méfeni. Z didaktického hlediska tak opét

slo o primou aplikaci didaktickych publikaci do praxe.

V ramci nové zavadenych a inovovanych predmétu se studujici seznami se viemi ob-
lastmi zahrnutymi v predlozené habilita¢ni praci a dalsi publika¢ni ¢innosti autora, ¢imz
je zavrSen proces didaktizace provedené védeckovyzkumné cCinnosti. Studenti se setkaji
s TeSenim skutec¢né recentnich a zajimavych problému a fadu méfeni budou vykonavat
sami na sobé ¢i s vyuzitim pristroja vyvinutych v ramci didaktizace vyzkumnych témat
[52], [63]. I zde jsou pak vyuzivany mikrostruktury, coz je v laboratornich pracich ob-
vyklé. Jedna se tak v zdsadé o projektové uceni (angl. Project-based learning, PBL),
konstruktivisticky pedagogicky ptistup, jehoz cilem je navodit hlubokou, detailni droven
uceni se s vyuzitim metod na bazi pruzkumu ¢i vyzkumu podpofenymi tématy, kterd jsou

skutecnd, zajimava a dulezitd pro studentuv kazdodenni zivot [60]. Konkrétni ¢dsti sylabu
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téchto predmeétu, které vznikly za pomoci vysledku predlozené habilita¢ni préce jsou uve-
deny nize, nicméné ukazky témat zahrnutych v habilitacni praci rezonuji i v fadé dalsich
vyucovanych predmétu jako ndzorné ukazky v celém uvodnim kurzu fyziky zaméreného

na mechaniku a v kurzu matematiky:
e Modelovéni a simulace, vyuziti zejména vysledku v [51], [21], [23], [24] a [25].

— Definice matematického modelu, proces modelovani a simulace, faze tvorby

matematického modelu.

Vstupni data modelu, zjednodusujici pfedpoklady, definice problému.

— Software pro matematické modelovani, predstaveni ndstroju pro tvorbu a feseni

modelu (Matlab, aj.).
— Néavrh matematického modelu.
— Vytvoreni modelu s vyuzitim prostiedi Matlab a jeho feSeni na pocitaci.
— Vizualizace ziskanych vysledk.

— Pfiklady vybranych biologickych problémi.
e Fyzikélni modely, vyuziti zejména vysledku [39] a [17].

— Fyzikalni modely v biologii 2 — BCG.
— Fyzikaln{ modely v biologii 3 — ICP.

— Fyzikalni modely v biologii 4 — pulsni vina.
e Biomedicinské praktikum 1 a 2, vyuziti zejména vysledku [42], [46], [47] a [17]:

— Meéfeni pulsni viny.

— Meéfeni mikropohybu lidského téla — balistokardiografie.
— Meéfeni respira¢ni frekvence.

— Meéfeni pohybové aktivity.

— Meéfeni tezisté lidského téla.

— Meéfteni kiivky respiracni tize.

— Meéfeni biomechaniky.

— Meéieni vybranych parametri s vyuzitim gyroskopu.

— Meéfeni vybranych parametru s vyuzitim akcelerometru.
e Biofyzika, vyuziti zejména vysledku [17], [39] a [36]:

63



— Transport krve v organismech; transport tekutin v organismech.
— Mechanické vlastnosti nékterych orgdnu (svaly, plice).

— Moderni trendy v biofyzice.
o Zaklady fyziky - Mechanika, vyuziti zejména vysledku [51], [46], [17]

— Dynamika hmotného bodu. Newtonovy pohybové zdkony.
— Inercidlni a neinercidlni vztazné soustavy. Zakon zachovani hybnosti.

— Deformace téles. Teorie pruznosti.
o Zaklady fyziky - Kmity a vlny, vyuzit{ zejména vysledku [53]

— Zakladni zédkony optiky, interference svételnych poli.
— Ohybové jevy.

— Optické piistroje.
e Praktikum z optickych metod, vyuziti zejména vysledku [53]

— Disperzni kiivka hranolového spektroskopu, stanoveni vilnové délky spektralnich

¢ar miizkovym spektroskopem.
e Monitorovaci systémy ochrany prostiedi a zdravi, vyuziti zejména vysledku [52]

— Integrované environmentalni monitorovaci a informaéni systémy CR a EU.

— Parametry znecistovani ovzdusi, emisn{ a imisni limity.

Stejné tak lze téma balistokardiografie a metod zpracovani signédlu ¢i vyvoj senzoru
akcentovat v zavéreénych pracich studenti, at jiz bakaldiskych ¢ diplomovych. Na ka-
tedfe fyziky byly obhdjené néasledujici prace vyuzivajici principy popsané v predkladané
habilitacni préci:

e Lomskd, L. Sledovéani polohy pacienta na luzku a jeho aplikace, Pfirodovédeckd fa-

kulta Univerzity Hradec Kréalové, 2016, 53 s., Bakalaiska prace, Vedouci bakalarské

prace Filip Studnicka.

e Lomskd, L. Sledovani pohybové aktivity pomoci bezdratovych senzoru, Piirodovédec-
ka fakulta Univerzity Hradec Kralové, 2018, 63 s., Diplomova prace, Vedouci diplo-

mové prace Filip Studnicka.
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e Busovsky, D. Aplikovand diferencidlni geometrie kiivek, Pfirodovédecka fakulta Uni-
verzity Hradec Kralové, 2019, 120 s., Diplomova préace, Vedouci diplomové prace Filip

Studnicka.

e Loskot, J. Praktické aplikace balistokardiografického signalu v mediciné, Pfirodové-
decka fakulta Univerzity Hradec Kralové, 2015, 55 s., Diplomova prace, Vedouci

diplomové préace Filip Studnicka.

o Veseld, A. Méfeni mezi slysitelnosti lidského ucha, Pfirodovédecka fakulta Univerzity
Hradec Krélové, 2015, 52 s., Bakaldrska prace, Vedouci bakalafské prace Michaela

K¥izova, Oponent bakalarské prace Filip Studnicka.

e Skraiikova, I. Laboratorni prace z biofyziky - elektrokardiografie, Pifrodovédecké
fakulta Univerzity Hradec Kréalové, 2017, 68 s., Bakalarska prace, Vedouci bakalarské

prace Jan Slégr, Oponent bakaldiské prace Filip Studnicka.

e Skraiikova, I. Lékaiskd vysetieni elektroencefalografie a elektromyografie jako soucast
vyuky biologie, Prirodovédeckd fakulta Univerzity Hradec Kralové, 2019, 132 s., Di-
plomova préce, Vedouci diplomové prace Jan Slégr, Oponent diplomové prace Filip

Studnicka.

Studentum se podafilo prokazat, ze vhodné aplikovali dand témata do vlastniho
vyzkumu. Témata zavérecnych praci pak budou ve studijnim programu Aplikovand fyzika
se specializacemi déle rozvijena a rozSifovana i na dalsi metody popsané v habilitacni
praci.

V neposledni fadé je nutné zminit i oblast neforméalniho vzdélavani. TTeti role uni-
verzity je roli nezastupitelnou a aktivni zapojeni do Sirstho spolecenského kontextu lze
realizovat nejen napi. partnerstvim s prumyslem a vefejnym sektorem, ale také v ramci
popularizaénich akei, jako jsou Noc védet nebo Tyden Akademie véed CR. V rdmci téchto
akci probéhla na Piirodovédecké fakulty UHK cela fada prednasek, kde byly prezentovany
vysledky vyzkumu balistokardiografie pro verejnost ¢leny vyzkumného tymu zabyvajiciho

se BCG pod vedenim autora predlozené habilitacni prace, v posledni dobé napi.:

e doc. RNDr. Jan Slégr, Ph.D.: Biofyzika: Véda skrytd véem na ocich.

e RNDr. Damidn BuSovsky: Uziti balistokardiografie v paliativni péci.
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Z.aver

Predstavené vysledky védeckovyzkumné ¢innosti autora predkladané habilitacni prace si
kladly dva cile. Prvnim z nich bylo seznameni s cestou pferodu myslenky do vyzkumu,
experimentalniho badani a verifikaci, ochranu dusevniho vlastnictvi novych metod ¢i jejich
publikaci v odbornych ¢asopisech az po jejich komercializaci a na zavér nasazeni novych
témat do primé vyuky. Tato cesta je dlouhd, ale nezbytnd pro aktualizaci ¢asto zastaralych
sylabu predmétt na univerzitach, jak bylo ukazano v kapitole 4.

Druhym cilem bylo ukézat postup didaktizace novych témat ve vyuce na katedie fy-
ziky UHK. Proces didaktizace nabytych poznatku za¢ind postupnym zafazovanim novych
témat do fady predmétu ve vyuce fyziky na univerzitach. Nejprve zafazenim novych de-
monstra¢nich experimentu podporujicich vyklad abstraktnich matematickych metod a fy-
zikalnich principt, bez nutnosti upravy sylabu téchto predmétu. Tyto experimenty jsou
casto zalozeny na praktickém pristupu k tématu, coz pomahd v efektivnim predavani po-
znatku. Jednd se tak v této fazi o doplnék vyuky tradi¢nich fyzikalnich témat. S touto fazi
je pak spojena vétsi popularizace téchto experimentu v rdmci tieti role univerzity, ¢imz se
zvysuje atraktivita fyziky pravé reSenim zajimavych interdisciplindrnich problému.

Dalsi fazi didaktizace je pak zavedeni vybranych témat do pravidelné vyuky s vétsim
dirazem na principy pouzitych metod a s vétsim zapojenim studentu ve formé vedeni
zavéreénych praci zaméfenych na nova recentni témata. V této fazi se vyzkumny tym
rozrusta o nové odborniky, diky ¢emuz bylo mozné témata dale rozvijet i formou vyzkum-
nych grantu.

V posledni fazi didaktizace, kterd probiha paralelné s dokoncovanim ruznych vyz-
kumnych témat, dochazi k ochrané dusevniho vlastnictvi novych metod a jejich pfipadné
komercializaci a publikaci v odbornych ¢asopisech. Tyto odborné publikace spolecné s pa-
tenty ¢i uzitnymi vzory poskytuji zaklad pro plnou implementaci novych metod do sy-
labti a zavedeni zcela novych predméti, které jsou svym obsahem v ramci terciarniho
vzdélavani v Ceské republice unikétni. S vyhodou bylo mozné vyuzit faktu, ze na rozdil

od didaktiky fyziky vénujici se primdarnimu a sekundarnimu vzdélavani nebylo nutné byt
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svazan Ramcovym vzdélavacim programem, ani velice omezenymi ¢asovymi dotacemi
vyuky. V predkladané habilitacni préci je tak ukézéno, jak rozdilny muze byt postup
implementace novych témat do vyuky v rdmci terciarntho vzdélavani. Diky vysledkiim
vyzkumné ¢innosti autora predlozené habilita¢ni prace a jeho tymu bylo mozné zaradit
do vyuky na katedie fyziky zcela nova, unikatni témata jak v ramci stavajicich studijnich
programi, tak i v rdmci nového studijniho programu Aplikovand fyzika se specializacemi.

V budoucnosti je v planu dalsi rozsifovani zkoumanych témat, aplikace na Sirsi
spektrum interdisciplindrnich oboru, ale i prohlubovéni védomosti o danych tématech
a zejména jejich dalsi popularizace za tcelem motivace budoucich uéitelu fyziky i od-
bornikua z praxe. Mezi dalsi aplikace vysledkt habilita¢ni priace pak patii postupné nasa-
zeni vyzkumnych témat i do nejvyssi fyzikdlni predmétové soutéze v Ceské republice —

zafazeni do tloh fyzikalni olympiady.
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Abstract

This paper describes theoretical calculation of the terminal velocity of falling
cat, taking the air drag into account. The results show that a fall from the
seventh floor is critical for the cat so we introduce a new quantity called the
‘coefficient of the cat’s fear’ during free fall. A subsequent experiment with a
model of a cat carrying the accelerometer confirmed this conclusion. This
calculation and experiment can act as a strong motivational factor during
introductory physics courses.

Keywords: mechanics, air drag, ordinary differential equatiuons
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1. Introduction

Even the greatest minds in history have struggled with the study of cat falls. James Clerk
Maxwell studied the minimum height from which a cat can fall and is still able to use its cat-
righting reflex—the reflex that enables a cat to land on all its feet [1]. This reflex seems to
violate the conservation of angular momentum—the cat turns itself during the fall and always
lands on its feet regardless of the initial conditions (except for the minimal height). That the
cat can be divided into two independently rotating parts, which together do not violate the law
of conservation of angular momentum, has already been described [2].

This paper aims to explain the urban legend that a cat can survive a fall either from very
large heights (more than 100 meters) or small heights (a few meters), but it cannot survive a
fall from the seventh floor of an average block of flats. Since cats are often raised in
households that have balconies, the fall of a cat from a height between 2 to 30 meters is not a
rare phenomenon. Some information based on observations of cat owners and veterinarians
that cats are not able to survive a fall from the seventh floor or less can be found in [3] and [4].

0143-0807/16,/045002+07$33.00 © 2016 IOP Publishing Ltd  Printed in the UK 1
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Free fall with air drag is common topic in introductory physics courses, usually discussed
using the example of a parachutist. In this paper we describe the same solution for a falling cat
taking into account the behavior of the frightened animal.

2. Theoretical solution

Let us do some required estimates to simulate the free fall of the cat. Some of the assumptions
are based purely on the experience of cat owners found on the internet [3]. The average
weight of a cat can be estimated to be 4.5 kg [S]. The height of one floor of an average house
of blocks in post-Soviet republics varies from 2.5 m to 3.0 m. Let us assume the height is 2.8
m [9]. The terminal velocity is about 27 m s™' [6]. There are known cases where a cat
survived a fall from more than 150 m [3]. The minimum height of the fall from which a cat
can right itself is about 30 cm [10]. The terminal velocity from this height is

v=.2¢h ~24ms"!

which is definitely non-lethal. When the cat-righting reflex phenomenon makes the cat turn
right, the cat spreads its legs so it increases its drag coefficient, thus slowing its fall (it utilizes
flying-squirrel position). It is said that the cat stops being prepared for the landing (e.g. it
stiffens itself) when it changes its acceleration, because it is frightened by the changing
acceleration [3].

When a cat jumps out of a balcony (or it falls by accident), two forces acts on the cat.
One force is the gravitational force

Fy=mg
and the other is drag force Fy. The Reynolds number is equal to
gL
1

where v is the velocity of the cat relative to the fluid, L is the characteristic linear dimension
and ¢ is the kinematic viscosity which is equal to

= 1460 x 10> m?s~!
for the atmosphere at sea level [11]. The characteristic linear dimension can be estimated as
L~02m
for an average cat [2]. According to [6] the rounded terminal velocity is
v~ 30ms L
Thus the Reynolds number for a falling cat is about
. 30-02
1.460 x 103
so the drag will be turbulent and thus it is more convenient to use the drag force in the form

> 1000,

1
Fy = —CpSv2,
d 2ﬂ

where C is the drag coefficient, p = 1.225 kg m~3 is the density of the fluid [11], S is the
orthographic projection of the object on a plane perpendicular to the direction of motion and v
is the speed of the cat relative to the fluid. Using Newton’s second law, the equation of motion
for a falling cat is

II1
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mi=F — kK

. 1 2
mx:mg75C/)Sv
i=g— k2,

where x is the vertical direction which is oriented in the same direction as the standard

acceleration g ~ 9.8 m s~2, m is the mass of the cat estimated as [5]

m = 4.5kg
and
k= CoS ~ CS 1225 m3 ~ 0.14CS m2 (1)
2m 2-45

is the specific drag coefficient.
When the cat reaches its terminal velocity v, its acceleration will be equal to zero, thus

0=g—ky?

k= % ~ 0.0l m. )

t
Comparing equations (1) and (2) we find that the product
CS ~ 0.07 m.

We can approximate the cat as a flat plate for which the drag coefficient is approximately 1.3
[7], so

S ~ 0.05 m?

which means that the diameter of the cat is about 24 cm which is definitely a plausible
approximation.

We must now solve numerically the equation (2) for g ~ 9.8 ms~2 and k ~ 0.01 m~! so
that we can find the dependance of acceleration of the cat over time, i.e. the equation

#+001i2-98=0 3)

with initial conditions x(0) = 0 and x%(0) = 0. This solution was done using Matlab’s
integrated ‘ode45’ function. As an exercise this differential equation can be also solved by
means of the Euler method with an ordinary spreadsheet editor (for details see [8]). The
dependance of the distance the cat travels over time is shown in figure 1. The seventh floor is
called critical. It is about 20 m high. From figure 1 it can be found that the cat’s fall from
seventh floor lasts about 2 seconds. We can now look at the derivative of the cat’s
acceleration over time, which is shown in figure 2. We can see that the function has a
minimum at about # = 2 s. This explains that at about 2 s of the cat’s free fall it feels the
largest absolute value of change in acceleration, which is perfectly in line with the initial
statement that cats often die when falling from the seventh floor because they are frightened
by the change in acceleration and are not prepared to land. We can now introduce new
quantity called the ‘coefficient of the cat’s fear’ during free fall, which is shown in figure 3. It
is defined as the absolute value of the derivative of the cat’s acceleration during free fall,
which is scaled so that the maximum of this function is equal to 100 %.

3
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Figure 1. Cat’s distance travelled over time during free fall.
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Figure 2. Derivative of cat’s acceleration over time during free fall.

3. Experiment

The second part of this paper deals with the experimental proof of the correct dependence of
the coefficient of the cat’s fear during free fall. We want to compare the dependance of
velocity and acceleration of the cat over time. These dependencies are shown in figure 4.

We used a plush toy, which of all available variants resembled a live cat the most (see
figure 5).

Since it is known that during a fall a cat can ‘freeze’ and thus rewind its paws, weights
were attached to the paws of the model and the interior was equipped with a wire mesh to
hold its shape. The model was equipped with an X50-2 accelerometer.

4
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Figure 3. Cat’s derivative of acceleration over time during free fall—the ‘coefficient of

the cat’s fear’.
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Figure 4. Cat’s impact velocity and acceleration over time during free fall (in the
reference frame of the cat).

The experiment was conducted so that the model was gradually released from the
windows in a high-rise building at increasingly higher floors.

We have put together raw accelerometer signal data from all seven falls and then
compared them with acceleration calculated from the theoretical model from equation (3) in
the reference frame connected with the cat (so the acceleration at time # = 0 is equal to zero).
The resultant dependence of acceleration on time is shown in figure 6. While it has not been
possible to provide definite answers to the question of inflex point in acceleration (the point
where the acceleration changes the most), the experimental data correspond well with the
proposed model up to the seventh floor. The Pearson correlation coefficient between accel-
eration obtained from the theoretical model and the measured data is 92%. The results of the
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Figure 5. Plush toy used for the experiment and an X50-2 accelerometer.
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Figure 6. Acceleration in the reference frame of the cat versus time of fall.

experiment with a higher number of floors from which the cat falls will be shown in a
subsequent report. A comparison between the velocities calculated from the theoretical model
and acquired via integration of the experimental acceleration over time is shown in figure 7.
The Pearson correlation coefficient between these velocities is 99%.

4. Conclusion

‘We have described a theoretical model based on the terminal velocity of a falling cat. Using
this model we have introduced new quantity called the ‘coefficient of the cat’s fear’ during
free fall. This quantity is in accordance with common experience of lethal cat falls [4]. We
have performed experiments with a model of a cat falling from different floors, which is in
accordance with the theory. The Pearson correlation coefficient between the experimental and

6
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Figure 7. Velocity in the reference frame of the cat versus time of fall.

theoretical acceleration of the cat is equal to 92%. We have theoretically and experimentally
proved that the cat must experience some physiological changes corresponding to the change
in acceleration (especially to the inflex point of acceleration); however, the physiological
process of this reaction is not exactly known. It is hoped that this study will stimulate further
investigation in the field of cat physiology.
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Abstract
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In recent years, the world has been facing extreme heat waves, breaking all
previous records. Therefore, it is essential to emphasize teaching at least the
basic knowledge of psychrometry and its impact on human health and
well-being. In this paper, we explain several key concepts from the field of
psychometrics as well as instructions on how to assemble a wet-bulb
thermometer easily. Methods for calculating heat index, dew point, and other
quantities are also mentioned, whether using a wet-bulb thermometer or

modern electronic sensors.

Keywords: thermodynamics, psychrometrics, heat transfer, wet-bulb temperature

Supplementary material for this article is available online

1. Introduction

Climate change is driving weather to extremes
around the world. Two years ago, meteorologists
in the United Kingdom tried to make a prediction
of what will the weather forecast look like in 2050.
Simon Lee, an atmospheric scientist at Columbia
University in New York, noted a striking similar-
ity between the outlook for 2050 and the forecast
for July 2022 in the UK [1]. The UK has exper-
ienced temperatures 10°-15° warmer than nor-
mal for this time of year, and the number of days

" Author to whom any correspondence should be addressed.
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when the maximum temperature exceeds 40 °C is
increasing.

In April 2022, an intense heat wave in India
brought the highest temperatures in the 120 years
of records. India Meteorological Department [2]
issues one warning after another, and on April 27,
the highest temperature, 45.9 °C, was recorded in
Prayagraj [3]. Citizens were warned against the
high likelihood of developing heat illness and heat
stroke at all ages.

The temperature of 45.9 °C is not pleasant,
but the recorded temperatures are even higher in
some places. The death Valley in California held
the current absolute record of the warmest place
on Earth for 109 years. On 10 July 1913, an air

© 2022 IOP Publishing Ltd
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Figure 1. The Death Vallye, California, ground surface temperature chart for 14-21 July 1972, revealing the
temperature of 201 F (93.9 (C) on 15 July. Time is in Pacific Daylight time.

temperature of 56.7 °C in the shade was recor-
ded. Although there are still disputes about the
quality of the measurements at the time, Death
Valley’s status was confirmed half a century later
by another record of 93.9 °C—the temperature of
Death Valley’s hot gravel land in direct sunlight.
Death Valley is the warmest place on the
Earth’s surface (taking aside geothermal springs
and active volcanoes), but at the same time
extremely dry. That is why if you take a tank
with drinking water, you most likely survive in
the Death Valley, which is not guaranteed in India

XX XXXX

now. Why is that? The explanation follows in the
next section.

2. Eccrine glands—an excellent invention
of evolution

During evolution, some mammals underwent a
genetic mutation that gave them an evolutionary
advantage over others. They have eccrine glands
in the skin, which excrete sweat composed of
water, urea, salt, and trace elements of various
minerals at elevated temperatures [4]. This fluid

Phys. Educ. 0 (2022) xxxxxx
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gradually evaporates at high temperatures, and
since it is needed to supply energy to the water to
make such a phase change, it removes heat from
the surface of the skin, which thus cools itself.

To be able to cool down by sweating, it is
necessary that the sweat can evaporate. This is
easy in Death Valley because it is extremely dry,
but the relative humidity not only in India climbs
to 100% (full air saturation) during the warm
season. At that moment, the person stops cool-
ing effectively by sweating because sweat cannot
evaporate. The risk of overheating is then signi-
ficantly increased. The hot east of California and
Nevada may paradoxically be a better place than a
colder India. A wet-bulb thermometer (see below)
uses the same evaporative cooling, providing a
good measure for evaluating comfort level.

3. Air humidity and psychrometry

Although psychrometry describes the physical
and thermodynamic properties of gas-vapour mix-
tures, the most common system of interest is the
mixture of water vapour and air, because of its
application in heating, ventilation, meteorology
and of course, human thermal comfort. Invisible to
the human eye, water vapour in the air is extremely
important. Here are a few essential physical
quantities:

Absolute humidity is a measure of the amount
of water vapour in the air, regardless of the tem-
perature. It is expressed in grams of water vapour
per cubic meter air volume [5].

Relative humidity measures the content of
water vapour but relative to the temperature of the
air [5]. It measures the amount of water vapour
in the air compared to the total amount of vapour
that can exist in the air at its current temperat-
ure (warm air can possess more water vapour than
cold air). It should be noted that relative humidity
can exceed 100%, in which case the air is super-
saturated. This is the case of cloud formation.

Dry-bulb temperature is the temperature of a
thermometer, of which the sensing element (his-
torically the bulb with mercury) is exposed to the
free air but shielded from radiation and moisture
[6]. Most thermometers, if there is no condensa-
tion of atmospheric moisture on it, measure dry-
bulb temperature.

XX XXXX

Wet-bulb temperature is technically speaking
the temperature of an adiabatic saturation. It is
measured by the wet thermometer, in which the
sensing element is inside a water-soaked cloth
over which air is passed [7].

The cooling effect of adiabatic evaporation of
water removes thermal energy from the thermo-
meter, which is indicated by the fact that wet-bulb
temperature is always lower than the dry bulb tem-
perature in the air, except in the situation when the
relative humidity is 100%. In this case both tem-
peratures are equal.

Dew Point is the temperature at which the
water vapour in air at constant barometric pres-
sure condenses into liquid water at the same rate
it evaporates. The dew point is the temperature
to which the ambient air must be cooled to reach
100% relative humidity assuming there is no fur-
ther evaporation into the air. The dew point is
higher when there is more moisture in the air [8].
Above this temperature, the moisture will stay in
the air.

It may seem at first look that dew point and
wet-bulb temperature should be the same, but this
is not the case. Reaching the dew point can be
thought of as the isobaric cooling of an isolated
closed system to a state of 100% relative humid-
ity when the equilibrium between evaporation and
condensation occurs.

In contrast, the wet-bulb temperature
assumes a system that is not isolated and closed
(it can exchange energy and matter with the sur-
roundings). The system receives thermal energy
from the air, but part of it is converted to lat-
ent heat (for water vapour from the water-soaked
cloth), so the cloth has a lower temperature than
the surrounding air. The drier the air, the faster
the evaporation and the greater the cooling on
the cloth. This is a dynamic balance in the trans-
formation of the thermal energy into the latent
heat.

Wet-bulb thermometers were historically
used to find the air humidity: In table 1, dry-bulb
temperature and the difference between dry-bulb
temperature 74 and wet-bulb temperature 7\, can
be used to find the relative air humidity.

Heat index refers to the effect of humid-
ity on human perception of temperature [10].
Most people cannot carry out normal outdoor

Phys. Educ. 0 (2022) xXXXxXx
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Table 1. Apparent temperature (heat index) in degrees Celsius according to air temperature and relative humidity

[9].

Difference (T4 — Tw) (°C)

Dry-bulb

temperature 1 2 3 4 5 6 7 8 9 10
10°C 88 71 66 55 44 34 24 15 6

11°C 89 78 67 56 46 36 27 18 9

12°C 89 78 68 58 48 39 29 21 12

13°C 89 79 69 59 50 41 32 22 15 7
14°C 90 79 70 60 51 42 34 26 18 10
15°C 90 80 71 61 53 44 36 27 20 13
16 °C 90 81 71 63 54 46 38 30 23 15
17°C 90 81 72 64 55 47 40 32 25 18
18°C 91 82 73 65 57 49 41 34 27 20
19°C 91 82 74 65 58 50 43 36 29 22
20°C 91 83 74 66 59 51 44 37 31 24
21°C 91 83 75 67 60 53 46 39 32 26
22°C 92 83 76 68 61 54 47 40 34 28
23°C 92 84 76 69 62 55 48 42 36 30
24°C 92 84 77 69 62 56 49 43 37 31
25°C 92 84 77 70 63 57 50 44 39 33
26 °C 92 85 78 71 64 58 51 46 40 34
27 °C 92 85 78 71 65 58 52 47 41 36
28°C 93 85 78 72 65 59 53 48 42 37
29°C 93 86 79 72 66 60 54 49 43 38
30°C 93 86 79 73 67 61 55 50 44 39

activities past a wet-bulb temperature of 32 °C,
equivalent to a heat index of 55 °C. The theoret-
ical limit to human survival for more than a few
hours in the shade, even with unlimited water, is a
wet-bulb temperature of 35 °C (95 °F), equivalent
to a heat index of 70 °C. The heat index values for
the given temperatures and air humidity values are
in figure 2(adapted from [11]).

4. Construction of wet-bulb thermometer

To measure wet-bulb temperature, it is necessary
(by definition) to keep the thermometer sensor
wet. This can be achieved using any material that
has the properties of a wick. Specialized wicks are
explicitly designed for bulb thermometers, but a
cotton shoelace will serve the same purpose very
well.

A thermometric sensor is placed on one side
of the shoelace, while the other end is submerged
in the water reservoir. During the entire measure-
ment period, it must be ensured that there will be
enough water in the reservoir.
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We used the digital temperature sensor
DS18B20 in the waterproof case to measure wet-
bulb temperature. These sensors measure temper-
ature from —55 to +125 °C with a precision of
0.2 °C. Another way to determine the wet-bulb
temperature is to calculate it from the dry-bulb
temperature and air humidity. That’s why we
connected a DHT22 sensor, measuring the tem-
perature in the range of —40 to +80 °C with
an accuracy of 0.5 °C and the relative humidity
in the range of 0%—-100% with an accuracy of
2%. Both sensors were connected to the Arduino
board. The whole setup is in figure 3. 3D-printed
water reservoir with a small fan and wet-bulb
temperature sensor holder was designed. Tech-
nical drawings of this reservoir, a 3D model, a
circuit diagram, and the program’s source code for
the Arduino board are part of the supplementary
materials.

This device was tested in several environ-
ments, not only in the classroom or outside
but also in the shower, to achieve higher air
humidity.

Phys. Educ. 0 (2022) xXXXxXx
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-Serious risk to health - heatstroke imminent

Prolonged exposure and activity may lead to fatigue

Prolonged exposure and activity could lead to heatstroke

:::::I'; Air temperature °C
% 21 24 27 29 32 35 38 41 43 46 49
0 18 21 23 2 28 31 33 35 37 39 42
10 18 21 24 27 29 32 35 38 a 44 47
20 19 22 25 28 31 34 37 a1 44
30 19 23 26 29 32 36 40 45
40 20 23 26 30 34 38 43
50 21 24 27 31 36 49
60 21 24 28 32 38
70 21 25 29 34 41
80 22 26 30 36 45
90 22 2 31 39 50
100 22 27 33 42

Figure 2. Apparent temperature (heat index) in degrees Celsius according to air temperature and relative humidity.

Figure 3. Construction of the wet-bulb thermometer using Arduino board (left). Schematics of the sensor con-
nections (right).

XX XXXX
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5. Classroom activities

The first classroom activity could be the con-
struction of the wet-bulb thermometer itself.
Still, several calculations can be done in the
classroom using dry-bulb and wet-bulb temperat-
ure readings.
Relative humidity (RH) can be calculated as

a ratio of the actual (partial) pressure of water
vapour p to the equilibrium (saturated) vapour
pressure of water p. at a given temperature (of dry
thermometer):

RH= 2 . 100% = pw—AP(Ta—Ty)
Pa Pd

-100%

and as such can be calculated from the wet-bulb
temperature T, and dry-bulb temperature 7. Here
A is the conversion factor which can be calculated
by the empirical formula [12]:

A =0.00066 - (14 0.001 15T,,)

and P is the mean atmospheric pressure (assumed
to be 1013.25 mb).

We used the Buck formula [13] and followed
the algorithm described in [14]. According to the
Buck formula, we can find the saturation vapour
pressure at the wet-bulb temperature

17.5T,,
v = 6.11exp 2%
P XPoAT T,

and the saturation vapour pressure at the dry-bulb
temperature
17.5T4
=6.1lexp—i.
pa P ¥ T,
Using calculated values of pg, py we can get the
final equation

1 = P —0.668(140.001557) (T — Tv)
Pd

R - 100%,
that can be easily implemented in any program-
ming language.

Interested readers can gain a better under-
standing in the excellent online material [15].

We used these equations to compare the rel-
ative air humidity measured by the DHT22 sensor
and calculated from the dry-bulb and wet-bulb
temperatures. A scatter plot of 3400 data points

XX XXXX

Measured air humidity [%]

30 40 50 60 70 80
Calculated air humidity [%)]

Figure 4. Scatter plot of measured and calculated air
humidity.

is in figure 4. Pearson’s correlation coefficient is
better than 0.97.

There is also an opposite way: It is possible
to calculate the wet-bulb temperature using dry-
bulb temperature and relative air humidity from
the DHT22 sensor. Some empirical equations can
be used, for example, Apjon’s formula or Liley’s
equation. We used this unwieldy empirical expres-
sion:

Ty = Ty -atan (0.1520 VRHT 8.314)
+ atan (T4 +RH) — atan (RH — 1.676)

+0.003918 - RH? - atan (0.023 10RH)
—4.686

from [16], which is, in fact, an interpolation
equation for the psychrometric chart in table 1.
Here, T\, and Ty are in degrees Celsius and RH is
relative humidity directly in percent (e.g. humid-
ity such as 65.8% is input as the number 65.8).
This calculation was also implemented using
Arduino. The software was sending measured
wet-bulb temperatures as well as calculated ones,
which made it possible to compare them. The
measured and calculated values differed by an
average of 4%, which was mainly due to the fact
that the wet bulb had a greater thermal capacity
and thus thermal inertia due to the stainless steel
metal housing. The calculated wet temperature,
on the other hand, had an almost instantaneous
response due to the DHT22 sensor values.

Phys. Educ. 0 (2022) xXXXxXx
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The Heat Index can also be calculated from
the dry-bulb temperature 74 and relative humidity
RH:

HI = —42.38 + (2.0497) + (10.14RH)
—(0.2248T-RH) — (6.837- 107 - 7%)
—(5.482-1072-RH?)
+(1.229-1073 - 7% - RH)
+(8.528-107*-T- (RH?))
—(1.990-107°. 72 . RH?).

There are several others formulas, sharing the
same degree of ugliness for being polynomials
trying to interpolate the table in figure 2. These
formulas can be easily programmed on the single-
chip microcomputer of the Arduino board, but for
the hands-on classroom activities, it is easier to
print out the table from figure 2 and hand it to the
students to work with. These activities can help
students understand air humidity’s critical role of
water evaporation in surface cooling. The weather
website Windy.com [17] recently added the abil-
ity to display a layer showing the wet bulb tem-
perature, which can be further used in teaching.

6. Conclusions

In this article, we reviewed several key concepts
from the field of psychrometry as well as laborat-
ory exercises that can be used effectively to sup-
port the teaching of the importance of humidity
to perceived temperature and human well-being in
the environment.

The historical approach to constructing a wet
bulb thermometer using a wick is shown, as well
as the modern approach to calculating this tem-
perature using a digital sensor. By the middle of
the century, in Central Europe, we can count on
a two- to three-fold increase in the frequency of
heat waves, their extension by roughly two to three
days for the most extended wave in a given season,
and an increase in intensity by approximately two
degrees Celsius.

With a high probability, we will also
encounter more significant heat waves when the
absolute records of given places, or even entire
states, will be rewritten. Since the danger of high

XX XXXX

wet-bulb temperatures is likely to become more
widespread in the future [18], in our opinion, it
is appropriate to work with this topic in science
teaching.
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Abstract

Undergraduate physics laboratory exercises are very important in shaping
students’ attitude to science, especially for future teachers. Recently, it is
necessary to look for ways to easily create large quantities of experimental
sets, not only for institutional use, but also for sets that can be produced in
large quantities and distributed for use in distance learning. In this paper, we
briefly describe the various ways to support the teaching of wave optics, and

then describe one of the possible methods for performing undergraduate
spectroscopic measurements using a 3D printed spectroscope and light

source.

Keywords: optical spectroscopy, laboratory exercise, hands-on physics

1. Introduction

The study of physics is often conceived too the-
oretically, without practical demonstrations and
exercises. Ray and wave optics provide many
ways to liven up the teaching with experiments.
There are many areas of wave optics in which
demonstration aids can be used, and a number of
articles are devoted to the construction of these
aids.

In this paper, instead of lecture demonstra-
tions (for details, see for example [1]), we will
focus more on laboratory work, which not only
serves to consolidate the theoretical knowledge,
but is also a gateway to understanding how

" Author to whom any correspondence should be addressed.

1361-6552/22/015014+9$33.00

physics works in the real world. We introduce a
simple, cheap device designed for optical spec-
troscopy demonstrations and exercises in under-
graduate optics courses.

There are of course integrated spectrometers
such as Hamamatsu C12880MA or C12666MA
MEMS micro-spectrometers [2], but these devices
with prices over €450 are not very suitable for the
mass production of low-cost devices.

There are devices that are intented for use
in spectroscopy, but which are not in fact spec-
trometers, but only a set of photometers for dif-
ferent wavelengths, such as AMS AS7265X with
five wavebands at 900, 760, 730, 680, and 535 nm
[3]. While it is possible to use this device for
such motivational laboratory exercises as mon-
itoring the ripening and quality of fruits [4],

© 2021 IOP Publishing Ltd
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Figure 1. Spectroscope with grid for reflection

it is not possible to obtain a complete spectral
data.

One way to obtain spectral data is to decom-
pose the light from the source through an optical
prism or grating and record the incident spectrum
using a linear diode array [5]. Due to small phys-
ical dimension of the sensors and low number of
channels (SL1401CL linear CMOS detector has
128 channels per 8 mm of length), the resolution
of the resulting spectra is limited [6].

Very clever is the usage of webcams, external
or salvaged form the old laptops. CMOS sensors
are sensitive not only to visible light, but also to
UV and IR radiation and at the same size as the
above mentioned diode array sensors have several
times higher resolution. Low cost webcams have
sensors with dimensions about 4.8 x 3.6 mm and
resolution of 640 x 480 pixels, high-end cameras
can have sensors 9.6 x 7.2 mm with Full-HD res-
olution of 1080 pixels on the longer side, which is
more than 8 x more than for the SL1401CL linear
CMOS sensor described above.

There are several possible designs for
webcam-based spectrometers: Using reflection
diffraction grating (figure 1(a)), using trans-
mission diffraction grating (figure 1(b)), using
entrance slit (figure 1(a), [7]) or optical fibre
(figure 1(b)). In some constructions, a profes-
sional camera lens is used, while for others the
original plastic lens is kept.

2. Construction
Although basic geometrical properties of the spec-
troscope can be calculated using formule from

January 2022

(left), spectroscope with grid for transmission.

the ray and wave optics, because the optical prop-
erties of cameras and their lenses can be very
diverse and different designers can use different
diffraction gratings, we strongly recommend to
construct the prototype first on an optical bread-
board plate. We used optical fibre with 400 pm
diameter glass core and SMA 905 connectors,
holographic diffraction grating with 500 lines per
mm (used in common diffraction glasses and
available in sheets for reasonable price [8]) and
an old webcam with its plastic lens, which can be
focused by screwing the lens. The basis here is to
get as large an image as possible (due to resolu-
tion) and the sharpest possible image to the web-
cam sensor.

In our design, we did not use a slit in the first
phase, because the width of the beam is directly
limited by the width of the optical fibre. By study-
ing other solutions, we found that the slit is a crit-
ical point of many spectrometers—in some cases a
professional optical product is used, in other cases
itis necessary to set the slit correctly before meas-
uring. For our simple low cost design, we decided
not to use the slit, which affected the output data
(see below).

After successful testing of the assembly, a
solution usable for 3D printing was proposed (see
figure 2). For the convenience of measurement, a
universal optical source was designed, which can
be powered from the computer’s USB port and
which contains various LEDs, a light bulb as an
incandescent light source, a laser for wavelength
calibration and a device for measuring absorption.
All these components are cheap and easily access-
ible. Thanks to 3D printing, it is possible to design

Phys. Educ. 57 (2022) 015014
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Figure 2. Spectroscope (with upper lid removed) and universal light source (see text).

a simple way to insert an optical fibre. Schematics
with the proposed values of the components is in
the figure 3. Technical drawing is in the appendix,
sources for 3D printing can be downloaded from
the author’s website [9].

In the second phase, we added slit (width
100 pm) for the better optical resolution. How-
ever, this requires a firm fastening of the two parts
of the razor blade, which is more convenient to
do with a metal fastening mechanism, so that 3D
printing cannot be used to construct the entire
spectrometer. Each designer of this spectrometer
must therefore answer for themselves the ques-
tion of whether the resolution of the device or
the simplicity of the design is more important to
them.

3. Measurements

Classical laboratory exercises from undergraduate
wave optics can be made, including:

January 2022

3.1. Comparing the spectra of different
LEDs, colour mixing

In this exercise, spectra of different LEDs are
measured and the positions and shapes of their
peaks are compared with each other. Spectra
belonging to red, green and blue colour have sim-
ilar shapes, but significant differences in their
peak positions can be seen easily. This demon-
strates how the dominant wavelength depends on
the colour of visible light.

It is also possible to switch on more diodes of
the tricolour (RGB) diode at one time to demon-
strate how colour mixing works. For example,
when we switch on both the red and the blue light
on this diode, we see the resulting violet colour,
while the spectrum contains two peaks belong-
ing to the original (red and blue) colours. A sim-
ilar effect can be observed in the case of the pink
diode—its spectrum reveals that also this colour is
formed by mixing two separate colours, as shown
in figure 5 (measured without the slit).

Phys. Educ. 57 (2022) 015014
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sheet, (c) obtained with Vernier Emission Spectrometer.

Figure 4(a) shows spectra of the individual
red, green and blue chips constituting the RGB
LED. We can see that the spectrum shape is very
similar to the spectrum that can be found in the
LED data-sheet [10] so at first glance we can be
satisfied with the results of our construction. How-
ever, if we measure the spectrum of these chips
with a Vernier spectrometer, we find that the res-
ults show much narrower spectra (figure 4(c)).
Measured full widths at half maximum are around
50% wider at figure 4(a) than in figure 4(c) (for
example 47 nm vs. 30 nm for green LED) which is
most likely due to the construction without the slit.
If such a value is acceptable for the measurement,
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it is not necessary to use a slit, which greatly sim-
plifies the design.

The spectrum of solid state laser is funda-
mentally different. It contains only one spectral
line, in this case corresponding to a red colour.
The considerable sharpness of the peak is given
by the fact that lasers produce monochromatic
radiation (but even so, the width of this peak is
not zero—here is an opportunity to explain the
reasons for spectral lines broadening). The full
width at half maximum is around 10 nm without
the slit and 2 nm measured with the slit (see
figure 5), which is comparable to the Vernier
spectrometer.
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Figure 5. Spectrum of the red laser LED without the slit (left) and with the slit (right).

3.2. Spectrum of a light bulb, absorption
spectra

It can be easily shown that the bulb spectrum is
wider compared to those of the LEDs. The reason
is, of course, the thermal principle of the bulb,
i.e. the heating of its filament. Such continuous
spectrum is suitable for absorption measurements.
For this purpose, plastic foils of various colours
are to be placed in a holder between the bulb and
the optical fibre. In this arrangement, wavelengths
of the colour complementary to the colour of the
foil are absorbed, which can be seen in the res-
ulting spectrum. It is also possible to use various
types of sunglasses instead of foils and compare
the results.

3.3. Measurement of luminescence

Luminescence experiments are especially popu-
lar in lecture demonstrations and can be found
for example in [11, 12] or [13]. The UV LED
can be utilised also to perform luminescence
measurements. The arrangement is similar to that
of absorption measurements, but in this case a
luminescence foil is placed into a holder above
the UV LED. Such foil can be obtained for
example from luminescent hang tags or toys. The
incident UV light induces photo-luminescence
which results in the emission of photons with
lower energy (compared to the used UV radi-
ation). These photons create a new peak in the
measured spectrum, whose the position is shifted
towards longer wavelengths. This measurement
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is useful when explaining the basic principle of
luminescence.

4. Data processing

Although there are free programs for data acquisi-
tion and analysis, these are from our point of view
useful only for an introductory measurements.

We firmly believe that an integral part of
physical measurements is an understanding of
ways to eliminate measurement inaccuracies,
especially for students of technical disciplines
who will deal with physical measurements in their
future practice. From our experience we have
found that for many students, who are used to the
fact that their measurement is processed by some
software, it is a shocking encounter with reality.
Although measurements made without a slit are
fairly smooth (because the low resolution of the
spectrum smooths out the noise), measurements
made using a slit are loaded with noise that needs
to be worked with (see figure 6).

Simple image processing can be done in
any programming language. We choose the Pro-
cessing language [14] for several reasons: For
example, it is the PC counterpart of the Wiring
language used for programming Arduino boards,
so it has a very simple structure and if the students
have some experience with Arduino for example
from the lab, the usage of the Processing language
is very easy for them. What is also important is the
fact that Processing is cross-platform: It is avail-
able for Windows, Linux-based systems, Mac OS
and can be even run in the web browser. Here
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Figure 6. Spectrum of the pink LED (measured without a slit) and subsequent data processing: averaging over

five measurements and filtering with low-pass filter.
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Figure 7. Spectrum image processing.

is minimal working example in the Processing
language:

void setup() {
size (1000, 320);
background (255) ;
img = loadImage("spectrum.jpg");

image(img, 0, 0);

beginShape (POLYGON) ;
curveVertex (0, 300);

January 2022

for (int i = 0; i < img.width;
it+) {

curveVertex(i, 300-int
(brightness(get (i, 1))));

¥

endShape () ;

In this code snippet, window with dimen-
sions of 1000 per 320 pixels is created with a
white background. Then the image ‘spectrum.jpg’
is loaded and drawn from the upper left corner.
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Then pixels from first line of the image are pro-
cessed: From the left to the right the brightness of
the pixel is found and used for graph drawing. The
result is in the figure 7.

This code snippet can be easily extended, for
example by averaging values over the entire spec-
trum image (all lines of the picture), storing meas-
ured values in a TXT file, or using a low-pass filter
to further smooth the data.

5. Conclusions

Spectroscopic measurements have a great motiv-
ational potential, which is good to use to show
other necessary things, such as the importance of
the data processing necessary for the analysis of
measured data.

While the spectral resolution of the designed
device is not even with the use of a slit com-
parable to the level of professional instruments,
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the resulting price of the equipment is two orders
of magnitude lower. The 3D printing allows mass
production of these simple pieces of equipment,
make it usable in the undergraduate laboratory and
even for at-home practice.

Although it may seem strange, it is the imper-
fection of the device that can be an advantageous
in laboratory measurements, because students are
forced to learn methods of data processing, which
they will need in their future practice.

Data availability statement

No new data were created or analysed in this
study.
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Ballistocardiography (BCG) is a common method, wherein sensory information is used to identify
blood-flow cardiac activity by measuring the mechanical micromovements of the human body
generated by heart movements and blood eviction to the large arteries. BCG signals can be used to
detect non-standard vital functions or predict likely health problems. However, the analysis of BCG
signal is challenging because it contains various mechanical noises made by human body movements.
This study is aimed at extracting information regarding the pulse arrival time from BCG signals and
then establishing a connection with changes in breathing disorders, such as simulated apnoea, using
convolutional neural networks. We present a novel approach toward recognizing the form of breathing
which is independent of the body position while data are being collected from tensometers measuring
the mechanical micromovements (motion) of the individual. The mechanical motions are caused by
cardiac activity with multivariate time series output, which is processed to obtain the source data for
breath detection. The signals are first processed by Cartan curvature. This is a differential geometric
invariant, which enables the detection of marginal variations in the signals. Conditional dependency
and short-term fluctuations are eliminated in longer measuring-periods. By these means, the breathing
anomalies of individuals are subsequently detected between heartbeats using the time delay between
the R-wave from the electrocardiogram (ECG) and the pulse arrival times. Moreover, ECG signals are
included in the system for data sampling. In addition, the values of the time delay are used as the inputs
to train a convolutional neural network classifier with two outputs (regular and disordered breathing)
to validate the experiment. We achieved an average accuracy of 89.35%, sensitivity of 86.35%, and
specificity of 91.22% on 828 regular and 1332 disordered breathing states from eight human subjects.
The conclusion is that our novel method can detect disordered breathing from processed BCG signal,
i.e. from the pulse arrival time, in a manner not previously used elsewhere.

© 2019 Published by Elsevier B.V.
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1. Introduction development of exceptionally sensitive sensors and fast com-

puters for real-time calculations have resulted in a restoration

Ballistocardiography (BCG) is a non-invasive method of sens-
ing body micro-movements evoked by heart activity and the
blood flow in large arteries. Since the first research into the bal-
listic displacements of the human body [1], there has been con-
siderable progress in the field of BCG and ballistocardiographic
sensors. This is notwithstanding a certain lack of interest in
the past because of insufficient knowledge of the physiology
and physics underlying the method [2]. Recent advances in the
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of interest in this field. Presently, physicians mostly work with
electrocardiogram (ECG) signals to identify heart-related health
problems [3]. ECG measures only the electrical activity of the
heart, whereas BCG directly measures the mechanical response
of the heart to electric stimuli and the phenomena related with
blood movement. Thus, BCG can provide significantly more infor-
mation about the physical state of the cardiovascular system and
detect similar and even more information than ECG. Nonetheless,
it is significantly more challenging to obtain this information from
BCG signals. One of the highest advantages of BCG measurement
is that unlike ECG, it is completely unobtrusive. This implies that
there is no need to place sensors directly on the skin or body of
the human. The sensors can be embedded, e.g., inside the bed.
In studies of disordered breathing, the BCG signals are com-
monly analysed in the time domain between heartbeats. There-
fore, these signals can be considered as multivariate time signals.
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From the numerous methods for analysing multivariate time
series, we opted to study so-called Cartan curvature. This is a
geometrical invariant that can be used to evaluate subtle vari-
ations in multivariate time series as described in KiiZ and Seba
[4]. From the Cartan curvature, it is feasible to work with the
relation between human respiration, pulse arrival time and blood
pressure via the Moens-Korteweg relation [5]. Moreover, a con-
volutional neural network (CNN) can be developed to be trained
with the samples computed by the Cartan curvature (converted
by the continuous wavelet transformation (CWT) into the form of
an image) to detect apnea. The CNN functions as an expert system
that discriminates between healthy individuals and individuals
with apnea.

The study of breathing disorders is a crucial topic because of
the aging population and demand for unobtrusive or continuous
monitoring of elderly individuals. There has been research in the
past five years regarding health problems related to the analysis
of heart function and respiration using various methods. Specif-
ically, they are Acharya et al. [6,7], Fujita and Cimr [8], Hassan
and Subasi [9], Horacek et al. [10] and Acharya et al. [11]. A few
systems wherein ECG signal was used to detect sleep apnea are
reported in Sharma et al. [12] and Sharma et al. [13]. From among
the different methods, we selected BCG for its unobtrusiveness.
With regard to BCG, there are also a few recent papers (from
the past five years), e.g. Wiens and Inan [14], Javaid et al. [15],
Martin et al. [16], Briiser et al. [17], Ferndndez-Leal et al. [18],
Sun [19], Hwang et al. [20,21], Ganesan et al. [22] and Giri et al.
[23]. Moreover, there has been research focused on BCG signals
for sleep apnea: Zink et al. [24], Yao et al. [25], Hwang et al. [26],
Sadek et al. [27], Liu et al. [28], Zhao et al. [29] and Vehkaoja et al.
[30].

In Zink et al. [24], a novel algorithm was applied for detecting
a long-term heartbeat cycle length. They focused on the BCG
and simultaneously recorded an ECG, similar to our method. The
correlation of the length of a cycle, calculated using ECG and
BCG, was 0.95, albeit with an absolute difference in the cycle
length of 4 + 72 ms. This implied that it cannot be used as a
very precise measurement. They used a piezoelectric foil sensor
and studied individuals in a similar lying position. This position is
necessary for that sensor to achieve good results. Yao et al. [25]
proposed a novel method for noise reduction in an artificial BCG
signal and tested this method on the heart rate and respiration
components of real BCG signals. However, our method does not
require special noise reduction owing to the use of advanced
sensors and different mathematical processing of the signal.

Briiser et al. [17] involved the estimation of the heartbeat
interval from multiple spatially-distributed force sensors inte-
grated into a bed. They focused on developing a solid algorithm
that would benefit from multiple sensors rather than one. Their
algorithms were based on cepstrum analysis and Bayesian fu-
sion. The measurements were performed in a sleep laboratory
by using eight sensors for 28 nights. For comparison, a channel
was derived by averaging the channels. The single-channel results
achieved a beat-to-beat interval error of 2.2% with coverage of
68.7%. The best multi-channel result had an interval error of
1.0% with a coverage of 81.0%. The team of Javaid et al. [15]
studied the effects of different standing and sitting postures on
measured BCG signals. They implemented two novel approaches
to improve estimates of projecting period from different positions
and improved the J-wave detection methods. In our paper, we
aim to demonstrate that our algorithm is completely independent
of the positioning of the sensor.

The pulse transit time was studied in Javaid et al. [15] in
order to calculate the blood pressure. A bathroom-weighing-
scale-like system was assessed for BCG measurement. It used
foot Photoplethysmography (PPG) to measure pulse waveforms.

The diastolic blood pressure was calculated with a correlation
coefficient of —0.80 £+ 0.02 and a root mean square error of
7.6+£0.5 mmHg. Our system also uses the relation between blood
pressure and pulse transit time. However, we measure the pulse
transit time indirectly inside the human cardiovascular system.
Therefore, our system does not incorporate errors caused by the
pulse’s propagation through small muscular arteries. Wiens and
Inan [14] proposed a novel method to reconstruct the BCG signal
measured with a weighing scale from a wearable sensor, via a
training step to remove local effects such as the distal acceleration
of skin and tissue. Their results from 15 subjects reveal that
the disturbances are highly dependent on both the individual
and the location of the accelerometer. Meanwhile, our system
is embedded in a bed to prevent problems with the appropriate
positioning of the sensor. Furthermore, our algorithms calculate
the BCG signal parameters, which are identical for all individuals.

Sadek et al. [27] also used a heart rate monitor in the form of a
micro-bend fibre optic sensor to detect sleep apnea. Their method
exhibits a very high correlation with the heart rate and breathing
rate, 0.96 and 0.78, respectively. However, the proposed sen-
sor provided very low sensitivity 24.2 + 12.81% and specificity
85.88 £ 6.01%. Liu et al. [28] studied the detection of obstructive
sleep apnea. Their algorithm is based on locating the potential
event segments from the raw BCG signal and dividing it into three
phases of apnea by an adaptive threshold-based division algo-
rithm. They then used a back propagation (BP) neural network
to classify these phases into apnea and non-apnea events. The
experimental results based on a real BCG data-sheet that con-
tained 3790 apnea events and 2556 non-apnea events revealed
that the precision, recall and AUC were 94.6%, 93.1% and 95.1%,
respectively. Zhao et al. [29] used BCG signal to detect variations
in the heart rate. They associated these variations with sleep
apnea syndrome. They studied the modulation of this variability
of the heart rate using sample entropy and detrended fluctuation
analysis. These features were fed into a knowledge-based support
vector machine classification model. Experimental results on 42
subjects over three nights attained a 90.46% precision rate and
88.89% recall rate.

A similar technique is described in Pagnacco et al. [31] and KfiZ
and Seba [4]. Individuals lay on a force plate and were asked
to stay calm without movement. The force plate had four ten-
someters embedded in its four corners. Each tensometer could
measure the force in three orthogonal directions with a precision
of up to 0.1 N. Therefore, it was feasible to obtain 12 force signals.
The ECG signal was measured simultaneously with the force
measurement. All the signals were registered using a 24-bit AD
converter with a sampling rate of 1kHz. The data were then
stored on a computer’s hard drive. This yielded 13 time-series.

In our previous study [32], we investigated pulse wave velocity
and heart rate variability of over 50 volunteers using mathe-
matical methods similar to those used in the present study. We
also presented a physical model of the aorta for studying pulse
wave propagation. It has been demonstrated that it is feasible
to measure a quantity correlated with the pulse wave velocity
by using the Cartan curvature and then transform it into di-
rect blood-pressure monitoring by using the Moens-Korteweg
relation.

The main difference between this study and the previous ones
is in the independence from the position of the sensors with
respect to the human body. Using novel mathematical methods, it
is feasible to determine various physiological dependencies with
remarkable signal-to-noise ratios. This paper starts by introduc-
ing the Cartan curvature and data analysis in detail. Subsequently,
the curvature is mathematically described. Then, we introduce
the extraction of the time delay between the R-wave and the
pulse arrival time for the continuous wavelet transformation. We
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Fig. 2. Measured force signals (x: time/[ms], y: AU, standardized raw data).

also introduce convolutional neural network as a classifier of
our expert system to obtain information about the breathing of
individuals. This paper ends with a description of the results, a
discussion section and avenues for future research.

2. Methodology

We regard BCG signals as force signals because effectively, BCG
measures the force of displacement of the human body. The force
signal time-series were understood as coordinate projections of a
12-dimensional curve parametrized by time.

Therefore, the geometric properties of this curve can be stud-
ied. We focused on calculating the Cartan curvature. As this is
independent of the position of a person, it can be used for char-
acterizing real-world phenomena that exhibit a similar property.
The aim is to study the ballistocardiographic signals of individu-
als. This signal describes the mechanical activity over the whole of
the cardiovascular system. It operates under various conditions,

essentially independently of the human’s physiological position.
That is, the heart always ejects blood into the arteries.

The curvature can be used to classify mechanical events in the
cardiovascular system, such as heart contraction, or the scattering
of the pulse wave on various bifurcations. The concept is that the
position and amplitude of these events vary between the states
of breathing and exhalation. It is essential to divide the measured
time-series into samples to prepare the input for further analysis
using a neural network (NN). As a natural trigger for cardiac event
description, the ECG signal (R-wave) was used. After the measure-
ment, the R-wave of each individual heartbeat was determined
with a precision of 1 ms. Then, the time interval beginning 100 ms
prior to and ending 400 ms after each R-wave was used as a
threshold for the force signals and were selected as the input for
further calculations. With an average of 60 heartbeats per minute,
we obtain 60 samples per minute, to be used.

We essentially obtain a 500 x 12 matrix with a sampling rate
of 1kHz and a time interval of 500 ms. Here, each column repre-
sents a measured force signal. Thereafter, it is feasible to calculate
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11 curvatures representing the force signal in this time interval.
The positions of the maxima in these curvatures represent the
time lags between the R-wave and the arrival of the pulse wave
at various locations. We focus on the characterization of these
maxima and on the whole shape of the curvature. Herein, we use
the methods to be described subsequently in this paper. For our
model, the first two curvatures of the time intervals are sufficient.
The fundamental schema of the signal processing is presented in
Fig. 1.

In the following chapters, the elements of the detection system
are described in detail using a measuring and experimental setup
as well as mathematical formulas of the Cartan curvature, in
terms of their important peaks and CWT.

2.1. Measurement of the 12 force signals

Initially, the 12 force signals are measured using analogue
tensometers. The signals from the tensometers are sampled at
1kHz and measured simultaneously with a three-lead ECG. These
13 analog signals are then converted into digital signals using
a 24-bit AD-convertor connected to the computer in which the
data are stored and processed. The 12 force signals are filtered
using a moving average with a 10 ms time-window to eliminate
the influence of the 50 Hz noise from the electric sockets. This is
described in Fig. 2 with an example of three signals.

2.2. Determining the maxima in the ECG

Electrocardiography is the process of recording the electrical
activity of the heart muscle. An ECG signal can be measured
directly with electrodes placed on the skin because the amplitude
of this signal is of the order of 10mV. A typical ECG diagram
consists of various waves and intervals. Of these, we are in-
terested only in the so-called QRS complex—a complex of Q,
R and S waves associated with the depolarization of the right
and left ventricles. First, we standardize the ECG signal. In the
standardization process, we first deduct the mean value of ECG
signal from the signal so that the resulting mean value of ECG
signals is zero. Then, we divide the signal by the square root of
the variance of the signal. Then, we determine the local maxima
of the R-waves in the standardized ECG signal. In the signal, we
identify the maxima with a sufficient height to be a peak and
determine the smallest distance between two adjacent peaks. An
example of a result is shown in Fig. 3.

The standardization of the signal enables us to use a simple
method to determine the ECG maxima. Moreover, the R-wave can
be conveniently detected because none of the measured individ-
uals suffered from severe heart disease. The reason for working
with the R-wave from the ECG is that it is the most pronounced
ECG signal. Moreover, it is the starting point of the propagation
of an electric signal to the chambers. Therefore, mechanically, it
starts the isovolumetric contraction of the chambers and all the
important phenomena with regard to the cardiac cycle.

2.3. Calculation of 11 Cartan curvatures

The invariants of curves in n-dimensional Euclidean space
under the actions of various transformation groups have been
studied by means of differential geometry. One of these invariants
is the so-called Cartan curvature. It is an object that does not
vary when we consider groups of translations, rotations and
reparametrizations. The Frenet-Serret theory of curves provides
us tools to study the local properties of these curves. It states that
it is natural to describe the curve with a local coordinate system
connected with each point of the curve, rather than a global

coordinate system. The local coordinate system in the Frenet-
Serret theory is constructed so that the first axis is tangential to
the curve at the specified point, the second axis is the normal,
the third axis is the bi-normal, etc. Then, variations in the axes
of this local coordinate system (called Frenet-Serret frame) are
described by the Cartan curvature [33].

For each R-wave, we calculate the time-dependent Cartan cur-
vature. Here, 12 blocks of data represent 12 projections of a one-
dimensional curve embedded in 12-dimensional Euclidean space.
A similar method was used in KfiZz and Seba [4] and Studnicka
[32]. The curvature is calculated as

/ /
I((t) — E1(t) ' Ez(t)
le'()]

where E; and EJ are the derivatives of the tangent and normal
vectors, respectively, of the Frenet frame. |c’(t)| is the absolute
value of the derivative of the time parametrized curve c(t) in
12-dimensional space, where the projections of this curve into
each dimension are the measured signals. E; and E; are defined
as follows:

oo
B0 = 1o
7 ", ’ ’ 2
b6 = —COCOKW + O )

I=(c/(E)e"(E)e'(t) + /() e (0]

An example of the Cartan curvature, consisting of a beat-to-
beat analysis, is shown in Fig. 4.

In the first 300 ms, reverberations of body oscillations, atria
filling, and pumping of blood to the chambers occur. These phe-
nomena are mechanically weak and chaotic and different in each
heartbeat. Therefore, it is reasonable to use the ECG to determine
the R-wave, as that is when strong mechanical events start. In
the range of 300 and 600 ms, an isovolumetric contraction of the
chambers and the propagation of the pulse wave occur. These
are the most important phenomena for our research. The final
part corresponds to the repolarization of the chambers and the
oscillations of the body. These time ranges are not equal for all the
samples and are only for the purposes of illustration. The velocity
of the pulse wave depends on the pulse frequency of the body and
other situations described in Section 2.5 in detail.

2.4. Finding the maxima in the Cartan curvature

From the physiological interpretation of the events in the Car-
tan curvature described in KfiZ and Seba [4], we identify events
related to the phenomena we are interested in. These phenomena
are represented by peaks in the curvature. Thus, the positions of
the maxima in the Cartan curvature is used for each R-wave in
the time range we are interested in. The events we will use are
related to the pulse arrival time. This time is related to the blood
pressure via the Moens-Korteweg relation:

b
BP=aln|{—F——-—-1],
(hw — P

where BP represents the blood pressure; PWV is the pulse wave
velocity and a, b, ¢ and d are constants depending on human
physiology. It is feasible to observe variations in the blood pres-
sure with beat-to-beat precision. Hence, we are able to observe
variations related even to respiration and respiration variations.

2.5. Processing the maxima
We can use two approaches to sample the resulting position

of the maxima in the Cartan curvature. The first approach is to
sample using time measured in ms. This can be used for linear
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Fig. 4. Cartan curvature (x: time [ms], y: 1/AU, blue - curvature). (For interpretation of the references to colour in this figure legend, the reader is referred to the

web version of this article.)

interpolation of these maxima over time. It is more appropriate
to use a sampling based on heartbeats, particularly the R-waves,
because the ECG is the trigger of our process. The curve connect-
ing the points is then interpolated in linear time space because
each heartbeat has an associated time-stamp. This was carried out
only to illustrate how the points vary over time. In each heartbeat,
the time delay between the R-wave and the pulse arrival time is
measured. It is shown on the y-axis in Fig. 5.

This measurement can be performed because we have an iden-
tical number of heartbeats in the measurement and therefore,
an identical number of samples. This is because the heartbeats,
rather than time, function as our sampling points. Certain arte-
facts of pulse waves may occur during measurement, and body
pressure exhibits certain limits. Therefore, the pulse wave cannot
grow to infinity. After a certain period of time, it stabilizes.
Therefore, a moving average with a window size of 10 samples
was used to smooth the signal and better display disordered
breathing states (Fig. 5). Short-time breath-holding creates a peak

and a long-time plateau, which depends on the size of the mov-
ing average window. Our contribution is the determination of
the relation between the pulse arrival time obtained from the
BCG signals using Cartan curvatures and of breathing disorders,
which are related to blood pressure variations. The blood pressure
variations are in turn related by Moens-Korteweg relation with
the variations in the pulse arrival time. Our novel method is
based on a study of the maxima in the Cartan curvature and their
variations.

2.6. Continuous wavelet transform

In this part, we divide the function of pulse waves into
wavelets by the continuous wavelet transformation (CWT) using
the Morse wavelet (MW). CWT is type the time-frequency-based
feature extractor, which represents signals in both the time and
frequency domains concurrently [34]. MW analysis depends on
two main parameters: symmetry and time-bandwidth. These
specify the form of the wavelet and the transform. The symmetry
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Table 1
Measurement schedule.
Time (s) Event
0 Start of a measurement on back
60 Breath-holding during inhalation
180 Breath-holding during exhalation
300 End of a measurement

parameter controls the symmetry of the wavelet in time. The
time-bandwidth parameter is proportional to the duration of the
wavelet in time. The CWT is computed for each step by

2
CWTy5(i) = U(i)npsi e,

where U(i) represents the unit step, np s is a normalizing constant,
s characterizes the symmetry of the Morse wavelet and b is the
time-bandwidth parameter. As an example to illustrate how the
different parameter values vary the CWT output, Fig. 6 shows the
results of using four combinations of the values of the parameters
s and b for the same signal.

It is apparent that if the time-bandwidth is exceptionally
small, as in Fig. 6a, the diagram contains the necessary informa-
tion in a very clear form. As the time-bandwidth increases, the
analysis starts to become less clear when the difference between
the time-bandwidth and symmetry is widened. Owing to the
condition that the symmetry has to be smaller than the time-
bandwidth, another option is to have a more balanced result
by varying the power range (Fig. 7). If the maximum value of
the power is exceptionally small, the diagram contains exces-
sive information, and the result is distorted by the breathing
frequency. Meanwhile, an excessive power causes the loss of all
the information necessary for the future classification.

In this manner, we obtain images containing information
about the individual?s breathing, to be used as the inputs of the
training session.

3. Training the convolutional neural network
At the beginning of the training of the CNN, the BCG sensor

data from seven-minute long measurements are obtained from
eight tested individuals by the schedule presented in Table 1.

These data are analysed in the manner described in the pre-
vious chapter. The symmetry of the CWT has been set to one,
the time-bandwidth to two and the power to 100. Apart from
this, information regarding the time when the individuals started
to breathe again was recorded during the measurement. This is
because this event is different for each person. To establish the
independence from the lying positions of the individuals, the
measurement was realized both on the back and on the side.

Because disordered breathing can occur at different times, the
CWT was performed on 30 s long pieces with a step of 1 s to
obtain information regarding the problems in different parts of
an image. The creation of the pieces provided us 828 images
of regular breathing and 1332 images of disordered breathing
for the training and testing of the CNN. The whole dataset was
divided by a stratified ten-fold cross-validation strategy [35] for
testing the model performance. The image resolution of the input
is 50 x 50 pixels, and the maximum number of epochs is 30.
The learning rate does not have to be constant for the entire
training process. The image resolution of the input is set as
small as feasible without loss of important information from the
measured data. We set it to 1 - 1073 for the first 20 epochs
and 3 - 1074 for the remaining. Completion of all epochs is not
guaranteed because early stopping by increasing validation loss
accuracy is set on to prevent overfitting. The gradient descent was
computed by ADAM (adaptive moment estimation) to optimize
the convergence of the model. The architecture of the CNN is
illustrated in Table 2. It consists of three main blocks. The first
block contains a convolutional filter performed over a 7 x 7 pixel
window and having a stride size of one, and a max-pooling layer
with a kernel size of 2 x 2 pixels and a stride of two pixels. The
second block has similar characteristics of kernel size and stride
as the first block, except for the kernel size of the convolutional
layer, which is 5 x 5. The final block has two fully connected
layers. The first contains 20 neurons, and the second has two
output neurons corresponding to the two classes of breathing
(regular and disordered). As the activation functions, rectified-
linear unit layer (ReLu) is used after both the convolutional layers
and the softmax function at the end of the model for suitable
classification from the previous fully-connected layer. The whole
CNN model contains 71972 trainable parameters.

Within the setting of the values of symmetry, time bandwidth
and power used to analyse the signal, information regarding a
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Fig. 7. Results of CWT analysis: Power: a. 150, b. 20.

Table 2
Detailed structure of CNN for detecting regular and disordered breathing.

specific characterization, from unexpected deflections in the hu-
man body. These deflections include muscle tremor, involuntary

Layers  Type Number of neurons  Kernel size _ Stride movements to ensure re-oxygenation of tissues or sneezing.
0-1 Convolution 46 x 46 x 30 7 x7 1
- Max-pooling 23 x 23 x 30 2x2 2 -
- Convolution 19 x 19 x 30 5x5 1 4. Experiment
Max-pooling 9 x 9 x 30 2x2 2

Noninvasive measurement was performed on a standard bed

Fully-connected 20
Fully-connected 2 -

with tensometric sensors embedded in the four corners of the
bed. Approval for electrical safety was not required because the
whole apparatus operates with a voltage lower than 50 V. Accord-
ing to the electrical safety regulations in the Czech Republic, this
does not require electrical revision and is considered safe. Written
informed consent was obtained from all the participants prior to
the commencement of the study.

During the experiment, eight subjects were measured. Data
from the ECG and tensometers were acquired and processed on a
PC. The ECG maxima were identified, and the signal was divided

breath disorder is displayed on approximately one-tenth of the
image. This way, the first convolutional layer was designed in
connection with the image resolution. The second convolutional

layer serves for the recognition of the real problem, which has a
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Table 3
Confusion matrix.
Real\Predict Positive Negative ACC (%) PPV (%) SEN (%) SPEC (%)
. TP + TN P P N
Positive TP FN —_— _— _— _—
TP + TN + FP + FN TP + FP TP + FN TN + FP
. TP + 1N N ™N P
Negative FP TN
TP + TN + FP + FN TN + FN TN + FP TP + FN

Table 4
Overall results of classification of regular and disordered.
Original/predicted Regular Disordered ACC (%) PPV (%) SEN (%) SPEC (%)

Regular 715 113 89.35 8594 8635 91.22
Disordered 168 1164 8935 9149 9122 8635

into subsequent blocks. Then, the Cartan curvatures from the
tensometers were calculated. Furthermore, the maxima relevant
to the pulse arrival time were identified for each individual block.
In the experiment, the correlation between the pulse arrival
time and normal/disordered breathing was investigated using
CWT calculation of these maxima and processed using the neural
network.

Differences between 30 s records with and without breathing
problems on CWT are shown in Fig. 8. For illustrative purposes,
pure examples as well as cases with unexpected deflections of
a signal relating to unaffected body processes are presented.
Because of the large quantity of deflections, apparent differences
occurred between the two classes as well as within each class.
These differences can depend on the states of regular/disordered
breathing both with and without the occurrence of a deflection
and, when it occurs, on the type and power of the deflection. The
final input that can influence the output from the system is the
body position. However, this can vary the signal shape only to an
extent that should not dramatically impact the classifier.

As described in Table 1, the measurement is carried out in
the position on the back and on the side. The experiment was
intended to establish the independence of the results from the
body position. The first tests did not include mattresses on the
bed, and its results were unsatisfactory. This was caused by the
hard surface under the individual, because of which the indi-
viduals had to maintain stability on their side. This was not a
naturally comfortable position and resulted in larger muscle tone
and thus distorted data. Another advantage of the mattress is
that it operates as a low-frequency filter, i.e. it filters out high
frequencies, which are mostly noise.

5. Results

The overall results of the classification of regular and disor-
dered breathing are presented in Table 4. Mathematical formulas
for computing true positive (TP), false positive (FP), true negative
(TN) and false negative (results) are described in Table 3. The
data contain measurements of eight male and female human
subjects with different body proportions and ages. The average
time required for training each epoch is 6.7 s, i.e. 5 ms per
step. In the case of testing, 2 ms per step was measured. So
217 images in one of ten fold of cross validation is validated
after half of the second. The proposed network was trained on
a workstation with Intel Core i7 2.50 GHz processor, 16 GB RAM
and GeForce GTX 860M with 2 GB memory. It is observed that
from 828 instances of regular breathing, approximately 13.65% of
the images, are incorrectly classified as disordered. Meanwhile,
from the 1332 tested images representing disordered breathing,
8.78% are incorrectly classified as regular.

The positive predicted values (PPVs) for the regular and dis-
ordered classes are also presented in Table 4. The PPV in the

regular class is 85.94% and that in the disordered class is 91.49%.
This indicates that in contrast with regular breathing, the correct
detection probability of disordered breathing from BCG sensors is
higher. Finally, the average accuracy (ACC) of detection is 89.35%.

The receiver operating characteristics (ROC) curve for the pro-
posed classifier is shown in Fig. 9 on the left. The ROC represents
the performance of the proposed classifier relative to the false
accept rate (FAR) and false rejection rate (FRR). The main desider-
atum for a classifier is for the ROC curve to be as far away from
the dashed line as feasible. The accuracy is measured by the area
under the ROC curve (AUC), which is equal to one in an ideal
situation. In our case, the AUC is 0.9721.

The second representation of classifier performance is the
detection error tradeoff (DET). The point of intersection of the DET
curve and the imaginary line x = y are on the right of Fig. 9. This
intersection is called equal error rate (EER). Unlike the ROC curve,
an ideal situation has an EER equal to zero. In our case, the EER
is approximately 6.97%.

6. Conclusion and discussion

A classifying system using the Cartan curvature and a convolu-
tional neural network has been proposed for detecting disordered
breathing. Information about an individual’s breathing was gath-
ered from the pulse propagation time, which is related to the
blood pressure. The pulse propagation time was measured be-
cause the delay between the R-wave (obtained from the ECG) and
the pulse arrival time (extracted from the local maxima in the
Cartan curvature) represent the phenomena of interest. There-
after, the continuous wavelet transformation turns the function
of pulse propagation times into wavelets for input to the CNN,
which is similar to an expert system.

The main benefit compared to other studies is that our ap-
proach is independent of the position of the body during the
measurements. We performed an experiment in which individ-
uals were lying on their backs, as in other studies. However, the
part of bed on which they lay was of no consequence. In Table 5,
the results of other studies addressing the detection of disordered
breathing or apnea are provided for an overview. A few values of
the other studies are absent as they were not measured by the
concerned authors. Moreover, a few papers from the literature
review have a different measurement methodology and different
objectives. Therefore, it is incomparable with this work. Although
measurement accuracy is not the highest in comparison with
the other researches, the results are comparable from a general
perspective. The main benefit of this study is the method of data
measurement that is unobtrusive and does not depend on the
body position on the measuring bed.

Two major challenges were encountered in this research. The
first was the determination of the connection between breathing
and the mechanical micromovements of the body measured by
ballistocardiography. During the initial experiments, it was veri-
fied that there is a relation between the blood pressure and the
pulse arrival time. The second was the selection of the correct
combinations of the symmetry and time-bandwidth parameters
with the power range of the CWT results. The parameters should
not be too high. Moreover, the difference between these and the
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Fig. 8. Top: Examples of disordered breathing; Bottom: regular breathing.

100 -
//—j 4
40
’
80 /
20
~ 60 # 10
* & 9
< / IS ™
4 4 X 5
: # : ﬁ“\
40 /,/ ) \
, 1 \1\4
/
2 ) 0.5
i 0.2
/ 0.1
,
ol
0 20 40 60 80 100 0102 05 1 2 5 10 20 40
FAR (%) FAR (%)
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Table 5
Comparison of results between prominent studies.
Authors Method ACC Sensitivity Specificity AUC
This study Cartan curvature + CNN 89.35 86.35 91.22 0.9721
Sadek et al. [27] Adaptive thresholding 2424 85.88
Liu et al. [28] Threshold-based division + BPNN 94.6 0.951
Zhao et al. [29] Detrended fluctuation 4+ SVM 90.46
Yao et al. [25] LNPR 92.7

power range should not be too small owing to the consequent
distortion of the output by normal breathing.

Regarding CWT, the Morse wavelet appear to be an appropri-
ate method for data transformation [36]. Although either ‘Morlet’
or ‘Ricker’ could have been selected, Morse was optimal for this
research because of its characterization of the pulse arrival times.
In this context and with these CWT outputs, we selected the CNN
as the classifier to be applied to analyse the visual images.

The main method for heart rate analysis has been the use of
ECG. However, there are novel approaches focused on unobtru-
sive sensors. One of them is measurement by BCG or SCG [2,37,

38]. A few of the articles in the literature regarding respiration
address BCG sensors. Therefore, the method of data extraction
is more or less similar. However, those studies worked with
different types of BCG sensors such as a foil sensor. Moreover,
their methods are dependent on the position of the sensor. With
the use of the Cartan curvature, the dependence on the person
is eliminated. Therefore, the sensors can be placed firmly on
the measuring lounger, and the data acquisition is completely
unobtrusive. Moreover, the Cartan curvature processes the data
of all the mechanical micromovements of the body obtained from
the tensometers. Therefore, we can work with only the part of
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the potential options of this method. We consider that the right
understanding of the curvature results will open a wide range
of possibilities in health care, in the design of expert systems
for detecting these health problems by novel approaches, and
in the analysis of states that would otherwise be obtained only
invasively. Therefore, the use of ECG for determining the R-wave
and the moment of isovolumetric contraction of the chambers, as
achieved in this study, can be omitted in the future.

Finally, in terms of practical use, the system can be deployed
in the medical area for detecting sleep-disorders in patients. The
results from the classifier can be stored for future analysis or
to report health problems to medical staff for preventing sleep
apnea and other respiratory disorders. The potential use in a sleep
laboratory, where unobtrusive sensors are highly necessary, is
apparent. The presented system can also be used at home by
family members to monitor elderly patients, with an alarm for
disordered breathing.

7. Future research

The method presented in this article is one of many feasible
approaches to evaluating this type of data. In our future research,
we intend to focus on several tasks such as patient health care
monitoring, particularly with a focus on monitoring the heart
rate and its abnormalities. We also intend to study breathing
disorders in various lying positions of an individual, where the
neural network will be fed with complex greyscale images with
the information regarding the whole process of a heartbeat.

Furthermore, we intend to replace the ECG signal with BCG.
Presently, we are compelled to use ECG as a signal trigger to
enable us to cut the signal into individual pieces for evaluation. In
the future, we intend to focus on determining an adequate trigger
for these cuts within the BCG signal. Replacing the ECG will pro-
vide higher comfort to the individual during the measurement.
Thereby, the individual will not be limited by wires or on-body
sensors. Our long-term objective is to install all the technology
in a bed, sofa, chair or other standard pieces of furniture for all-
day monitoring of a person. Long-term data can provide valuable
information about variations in the health state of an individual
and can be used for detecting the beginning of a health problem
or predicting such problems.

Another aspect that has potential for use in real applications
and can aid with monitoring health states is the monitoring of
blood pressure variations and variability. We intend to achieve
this by calculating the pulse arrival time and blood pressure
via the Moens-Korteweg equation.Although the preprocessing of
the signal appears highly computationally demanding, it can be
achieved with a simple real-time model using a microchip, which
has already been tested by us. We plan to develop such a physical
real-time model in our future research. A similar concept has
been studied in Huang et al. [39] and Fierro et al. [40]. However,
they also used ECG signals.

In the present research, built-in sensors in the bed are used.
There are several wearable solutions equipped with accelerome-
ters and gyroscopes, which can provide similar information albeit
with significantly lower frequency and precision. It may be feasi-
ble to apply a few of the used methods to the data from similar
systems. This can give us the possibility of monitoring a person
not only when lying on a special bed. Our previous research [41]
verified the feasibility of monitoring breath frequency and heart-
beat using wearable sensors on dogs. There is also the feasibility
of observing certain types of a breathing disorder, and current
research is focused on monitoring the beginning of epileptic
seizures in dogs.

We also intend to further verify our assumption that the
pulse arrival time is correlated with breathing patterns. More

complex experiments including clinical study are necessary for
this verification. Finally, premature ventricular contraction is the
most common type of arrhythmia. It should be feasible to detect
and monitor its occurrence because there may be a connection
with a mechanical event linked via baroreceptors.
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mance, and cardiovascular morbidity and mortality. However, computer-aided diagnostic
(CAD) tools play a very important role in the detection of breathing disorders. It is possible
to measure breathing activity, but most approaches require some type of device placed on
the human body. This paper proposes a novel methodology of an unobtrusive CAD system
to the breathing disorder detection. Unobtrusive approach is ensured by ballistocardiogra-
phy (BCG) sensors located on the measured bed. The significant pieces of information from
the signals are extracted by Cartan curvatures. Thereafter, important features are separated

Keywords:

Disordered breathing
Ballistocardiography
Cartan curvature

Convolutional neural networks from individual samples as an input to our 9-layer deep convolutional neural network. We
Computer-aided diagnostic achieved an average accuracy of 98.00%, sensitivity of 94.26%, and specificity of 99.22% on
Tensometers 4009 regular and 1307 disordered breathing samples.

© 2020 Elsevier Inc. All rights reserved.

1. Introduction

Breathing disorders are common sleep-related problems that affect the entire population (irrespective of gender or age)
of a major group of individuals who suffer from obesity or are overweight. These disorders manifest via pharyngeal airway
collapse, preventing regular breathing during sleep. Hence, patients suffer from somnolence, reduced daytime cognitive per-
formance, and cardiovascular morbidity and mortality [1]. Disordered breathing includes sleep apnea and nocturnal
hypoventilation. Sleep apnea is induced by an obstruction in the upper respiratory tract, and the breathing effort is main-
tained and nocturnal hypoventilation causes shallow and slowed breathing where the airflow is less than the actual require-
ments of the body [2].

To detect breathing disorders [3,4], computer-aided diagnostic (CAD) techniques can be implemented in many feasible
approaches, including different ways of measurements and different type of sensors. The first group of approaches is based
on electrocardiogram (ECG) devices and works on the principle of measuring the projection of the heart polarization vector.
It is measured via two or three electrodes placed on the human body, where multiple electrodes have a better signal-to-noise
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ratio [5]. Another complex practice of ECG measuring is via 10 electrodes used by 12-lead ECG systems used commonly in
arrhythmia detection [6]. Various articles over the past five years have focused on breathing disorder diagnosis from ECGs
[1,7-13].

A. R. Hassan [1] presented normal inverse Gaussian (NIG) modeling in the tunable-Q factor wavelet transform (TQWT)
domain. It forms a CAD system on single-lead ECG signals for sleep apnea diagnosis. First, TQWT decomposes the ECG signal
segments, and corresponding NIG parameters are computed from each of the sub-bands. Thereafter, the adaptive boosting
approach is used as a classifier on intuitively, statistically, and graphically selected features. [7] Proposed an SVM and ran-
dom forest classifiers for breathing disorder detection via heart rate variability, which is widely accepted as a characteristic
of sleeping apnea. They used the principal component analysis method for feature extraction. In the task of classification, a
random forest with feature reduction is the optimal approach to compare accuracy, sensitivity, and specificity of the model
[14].

The second type of sensors that can be used for breathing disorder detection are ballistocardiography (BCG) tensiometers.
Specifically, BCG is a non-invasive method for body micro-movement detection caused by heart activity and blood flow in
large arteries. Compared with ECG, BCG can provide significantly more information on the physical state of the cardiovas-
cular system. Another advantage of BCG is that it is an unobtrusive method of measurement, as it eliminates the need for
placing sensors directly on the human body to collect information [15].

In [16], a novel approach was proposed for detecting a long-term heartbeat cycle length. They measured BCG and ECG
concurrently to assess the correlation between the beat-to-beat cycle of both types of sensors. The correlation of the length
of a cycle was 0.95 with an absolute difference in the cycle length of 4 £ 72 ms. A piezoelectric foil sensor was used, and indi-
viduals were examined in a prone position on their back, which was necessary to achieve good results. In [17], an algorithm
was proposed for the task of separating cardiac and respiratory components with noise reduction on the heart rate and res-
piration components of BCG signals. This was performed via the locally projective noise reduction (LPNR) algorithm for
denoising deterministic chaotic time series. It is applied to signals that are not cleanly deterministic such as physiological
time series like ECG, BCG and EEG. In another study [18], overnight polysomnography and ballistocardiography recording
pairs were collected from patients with and without nocturnal hypoxemia. Regression analysis indicated an average accu-
racy of 96.5%. Sadek et al. [19] evaluated the capacity of the microbend fiber optic sensors to monitor heart rate and respi-
ration in a nonintrusive manner. Additionally, they tested discrimination between shallow and no breathing. The approach
achieved a high correlation between the heart rate and breathing rate of 0.96 and 0.78. However, the proposed sensor pro-
vided extremely low sensitivity of 24.2 +12.81% and specificity 85.88 +6.01%. Liu et al. [20] examined the detection of
obstructive sleep apnea. Their algorithm first preprocessed raw BCG data and located potential event segments by detecting
arousals. Thereafter, the distribution of each potential event into three phases and the selection of features to detect respi-
ratory patterns was performed. Subsequently, they used a backpropagation (BP) neural network to classify the events into
apnea and non-apnea classes. The experimental results based on a real BCG data-sheet revealed that the accuracy, recall, and
AUC corresponded to 94.6%, 93.1%, and 95.1%, respectively. Zhao et al. [16] used BCG signals to detect variations in the heart
rate, which they associated with sleep apnea syndrome. They applied wavelet decompositions extraction to analyze the BCG
signal to obtain the heartbeat interval. The features were used as inputs to the support vector machine classification model.
Experimental results on 42 subjects with 5-fold cross-validation achieved a 90.46% precision rate and 88.89% recall rate. In
another related study [21], the signals of five sensors and their placement combinations for measuring of a sleeping person
were compared from the perspective of their measurement sensitivities and waveform quality. The study concluded that
heartbeat and respiration parts are optimally represented in the signals measured with mattress force sensors.

In a previous study [22], a novel approach was presented to recognize the form of breathing (independent of body posi-
tion) by using BCG sensors. The signals were processed via Cartan curvature, and pulse arrival time related to human respi-
ration and blood pressure were extracted via the Moens-Korteweg relationship [23]. Subsequently, breathing anomalies
were detected between heartbeats measured by ECG and pulse arrival times. The delays of heartbeat and pulse wave were
used as the inputs to train a convolutional neural network classifier. The novelty of the paper consists of two main objectives.
The first one is the independence of the position of the human body on the bed from the mutual position of the sensors. The
second one is the study of advanced physiological phenomena rather than calculating just heart rate. Sensors were placed at
the legs position part of the bed for measuring the micro-movements of furniture caused by movements in the human body.
In [24] authors study changes in BCG signals with different positions of the measured individual however their goal was only
to estimate the heart rate without any other phenomena physicians may be interested in (such as pulse wave velocity, elastic
properties of the aorta, etc.). In [25] authors present a novel approach to estimate heart rate from BCG signals with beat-to-
beat precision and they recognized phase shift between BCG and ECG signal however, in such work there is no physiological
explanation of this phenomena. Using Cartan curvatures, pulse arrival time t, could be able calculated. It is directly related
with blood pressure through Moens-Korteweg relation by formula (1):

b
BP=aln—— -1, 1
TR )

where BP represents the blood pressure and a, b, ¢ and d are constants dependent on the human physiology [23].

Usually, when using CNN (convolution Neural Network) based architecture, it requires significant preprocessing analysis
for data. After Cartan curvature computation, it was necessary to detect a pulse wave in the signal to recognize its relation-
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ship with breathing patterns. This detection also needs some considerable computation time. Moreover, differences in delays
of pulse waves between individual heartbeats are in milliseconds, meaning the model is very sensitive and leads to issues in
detection with a person lying on their side and not on the back where the signal to noise ratio is better.

In this study, a new approach of processing ballistocardiography signals and classification of breathing disorders is intro-
duce. The system worked with four ballistocardiography sensors placed on the corners of a measuring bed. Using new opti-
mal formulas of Cartan curvatures, it is feasible to recognize breathing problems without dependencies on body position
during measuring (Cartan curvatures are invariant under rotational or translational changes of the subject), and obtain
clearer results compared to other works. The study commences with a presentation of the classical method for R peak detec-
tion from the ECG signal. Subsequently, it continues with a formulation of Cartan curvatures and a description of the infor-
mation, which can be found in them. The final part of data processing is input preparation for our CNN classifier. Finally, the
paper presents results and a discussion related to other articles from branch and conclusion.

2. Materials and methods
2.1. Data description

The BCG samples used in this work was collected from public Mendeley database [26] and measured in laboratory of
University of Hradec Kralove. The BCG sensor dataset is obtained from twenty tested individuals. The subjects were 11
men aged 23 to 33 years, and 9 women aged 24 to 65 years, lying on the bed with sensors placed on bed legs. The 20 people
are enlisted with clear information on their preferences in Table 1. The schedule of measuring was in two types (V1 and V2)
described in Table 2. Every breath-holding was done for the time of the approximatelly 30 s, where several samples were
ignored for the ambiguity of classification. Measurement of a force plate in the form of a bed is used. The force plate had
four tensometers embedded in its four corners. Each tensometer could measure the force in three orthogonal directions with
a precision of up to 0.1 N. Therefore, it is feasible to obtain 12 force signals. The ECG signal is measured simultaneously with
the force measurement. All the signals are registered using a 24-bit AD converter with a sampling rate of 1 kHz. The data are
then stored on a computers hard drive. This yielded 13 time-series where 12 force signal time-series represents a coordinate
projection of a 12-dimensional curve parametrized by time. Data annotation is made manually based on measuring obser-
vation. Every measuring is representing by matrix, where row are individual samples every 1 ms and 14 columns are one
value of data loading (O correct, 1 incorrect), twelve force signals and ECG value.

2.2. R peak detection

To detect the R peak in an ECG signal, a simple algorithm consisting of three parts was used. First, it is necessary to
smooth raw data with a band-stop filter at a frequency of 50 Hz. This is necessary to attenuate the electromagnetic noise
generated by electrical sockets. To filter the data, a simple moving average with 20ms window size was applied to the
raw data. Subsequently, calculation of the z-score of the smoothed ECG signal was performed by calculating the mean value
and standard deviation of the smoothed data. The next part involved the subtraction of the mean value from the smoothed
data, and the result was divided by the square root of standard deviation. Finally, the detection of Rpeak was performed by
searching for local maxima. This function automatically determines relevant peaks with defined properties. Specifically, the
condition for minimum peak distance equal to 350ms was used.

The result of the algorithm is the array of time positions of R peaks in the raw data, which is shown in Fig. 1. The process
can also be performed on a microchip for real-time analysis, where the z-score calculation is performed on a small window
with a size of at least 2000 ms to ensure that at least one heartbeat is present.

Table 1

List of individuals with their preferences.
No. of subject Sex Age Schedule No. of subject Sex Age Schedule
1 male 26 Vi 11 female 62 V1
2 male 26 V2 12 female 35 V2
3 male 23 2 13 female 65 Vi
4 male 28 V2 14 female 35 V2
5 male 28 V2 15 female 35 V2
6 male 28 Vi 16 female 35 V2
7 female 24 Vi 17 female 28 Vi
8 male 30 Vi1 18 male 30 V2
9 female 36 Vi 19 male 33 V2
10 male 30 V2 20 male 33 V2
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Table 2
Schedules of measuring.
V1 schedule V2 schedule
Time (s) Event Time (s) Event
0 start of measuring on back 0 start of measuring on back
60 breath-holding during inhalation 60 breath-holding during inhalation
120 breath-holding during inhalation 150 breath-holding during exhalation
180 breath-holding during exhalation 240 breath-holding during inhalation
240 breath-holding during exhalation 330 breath-holding during exhalation
300 underlay of legs for position change 420 end of measuring
420 turning on the side
480 breath-holding during inhalation
540 breath-holding during inhalation
600 breath-holding during exhalation
660 breath-holding during exhalation
720 end of measuring
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Fig. 1. Maxima of ECG (x: time/[ms]. y: AU, red dots—maxima, blue—ECG signal).

2.3. Cartan curvatures

In signal preprocessing, the amplification of studied phenomena is an important task. In this type of amplification, pro-
cesses not related to breathing disorders were neglect by using Cartan curvatures. As known from differential geometry, Car-
tan curvatures are invariant under the action of group SO(3) x R, i.e. under the rotation and translation in Euclidean space
[27]. This is also the case in the present study, in which the patient lying on a bed was measured for the detection of breath-
ing disorders. First, the process should be measured irrespective of the rotation or movement of the body on the bed. Cartan
curvatures exhibit properties that result from it mathematical expression. Collective movement (movement of the body
parts generated by the BCG such as the movement of the whole skeleton) generates collective parts of the 12 force signals
(i.e. parts where all of the signals are changing in a similar way). In chaotic parts of the signals (where the human body is
moving in a random way or where there are small discrepancies among individual signals) Cartan curvatures increase, while
in collective parts of the signals Cartan curvatures decrease hence neglect these collective parts. To express the discrepan-
cies, the Cartan curvature is first calculated, because higher order curvatures contain derivatives of higher orders, thereby
also amplifying mechanical noise. Derivatives indicates this difference, because system deals with discrete signal and sub-
tractions of noisy data increases random noise. Only the first Cartan curvature following the algorithm has been used for
calculation purposes, which is more efficient in term of time than the approach used in a previous study [22].
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The 12 force signals waas treated as a twelve-dimensional discrete-time parameterized curve C, where each signal is
expressed as Ci(t), and where t denotes discrete-time and i runs from 1 to 12. Discrete time moments are denoted as
ty,ts,. .., t,, where for every possiblej : tj,; —t; = } where f denotes sampling frequency (for our case f= 1000Hz). By deriva-

tion Cj(t), a new curve is constructed wherein the derivative for j > 1 is as follows formula (2):
Ci(ty) = Gi(ty) — Cit1)- )
Such method was used to obtain the n — 1 points for the derivative of the curve defined with n points. Therefore, there
will be always deleted either the first point of the original curve when using the first derivative or first and second point of
the original curve and first point of the first derivative when using the second derivative.
The calculation of first Cartan curvature is as follows. First, C;(t) is computed for every i using the aforementioned method.
Subsequently, C; (t) is computer for every i using the aforementioned method, i.e. the derivative of Cj(t). For every individual

t, the norm of vector (C;(t),Cy(t), ..., Ci,(t)), is computed i.e. the vector of norms N(t) is obtained where its first term is as in
formula 3:

V0 + Cyltr) .+ Craltr) 3)
Subsequently, cumulative sum of N(t) is computer, i.e. vector CN(t) is obtained where

CN(ty) = N(ty), “4)

CN(t;) = CN(tj-1) + N(t)).- )

CN'(t) is computed by using the aforementioned method and CN'(t)? is computed for every point of CN'(t). For every indi-
vidual t and for i from 1 to 12 C/(t;) is divided by CN'(t;)?, and the vectors in formula 6 is obtained:
_qw

CN'(t)?

Di(t) (6)

For each individual t, the norm of vector (D;(t),D,(t),..., Di»(t)) is computed, i.e. the vector of norms DN(t) is obtained
where first term is as follows:

VD1t +Da(t) + ...+ Da(tr ) ™

Finally, for every individual ¢, the vector x(t) = ﬁu) is obtained. The DN(t) # O for every t was initially checked. If this
holds, such particular point is omitted without losing any important information due to the high sampling rate of a discrete
signal. Thus, x(t) is equal to first Cartan curvature in time t.

In a manner similar to ECG signals, the 12 possible leads are measured [28] as described by Einthoven’s triangle [29],
where each lead measures different projections of the polarization vector, and differences between each curvature consist
of the number of derivations needed for their computation related to torsion in Euclidean space. When curvature increases,
the number of derivatives required for the description increases, and more noise enters the system. This indicates that the
use of other curvature other than the first (as in this study) cannot work in classifications or networks that need to be trained
on a different type of input.

An example of compute Cartan curvature is shown on Fig. 2, where in 300 ms, R peak trigger is shown and from 450 ms to
800ms is a range of important patterns. In a typical cardiac cycle, [30] the most important events occur between approxi-
mately 150 and 500ms after the R peak. The aortic valve opens at approximately 80ms, and closes approximately 300 ms

Al
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Fig. 2. Example of Cartan curvature with important section.
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after the R peak. The pulse wave velocity through the aorta is approximately 30 m/s. The important reflections of the pulse
wave emerge at aortic arch (in the starting part of the aorta, right next to aortic valve) and at the bifurcation in the abdomen
(ending part of the aorta). The distance from the aortic valve to the bifurcation is approximately 60 cm. This implies that if
the pulse propagates immediately after the aortic valve opening, it arrives at the bifurcation in approximately 20ms. How-
ever, the rapid ejection phase of the cardiac cycle takes approximately 100 ms, and thus, the region between 150-500ms
after the R peak is sufficient to record all the important reflections of pulse wave related to changes in blood pressure that
is relative to changes in breathing.

2.4. Classifier input preparation

For the CNN classifier, it is recommended to prepare the data range to a known form [40]. There are several methods for
this task, such as Daubechies-6 [31,32] and Z-score normalization [33,32]. These methods are also used for signal denoising.
However, a deep analysis of data for simple normalization is presented in [5]. Here, it has been verified that the right thresh-
olds in combination with a well-formed network architecture could provide good performance. Hence, deep analysis of Car-
tan curvatures is performed and the normalization formula is as shown in formula 8:

—4 —4
X:{4410 . x>4-10 ®

X, x<0

where x denotes the value of the sample and 4 - 10~* denotes the threshold selected on the base of an expert estimate. Sub-
sequently, 30 consecutive 350-ms parts described in Section 2.3 are sorted to the two-dimensional input of the classifier. The
input is converted to a grayscale image and resized to 30 x 150 to obtain an optimal input in case of algorithm asymptotic
complexity. Several examples of network inputs are shown in Fig. 3, where regular breathing is placed at the top and disor-
ders at the bottom. Moreover, for the understanding of expert estimation, Fig. 4 shows a difference of inputs with a distinct
threshold. It is obvious that the smaller value extract too much information about micro-movements and higher value loses
important information for the detection of breathing disorders. This expert estimation is constant for all subjects so it is a
part of the system and it is not needed to perform this estimation again.

Fig. 4. Examples of distinct threshold (Left: 2 - 10°*; Center: 4. 10 “; Right: 6-10%).
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2.5. Experiment design

The proposed CNN architecture was trained on a computer with Intel Core i7 2.20 GHz processor, 16 GB RAM and graph-
ical unit GeForce GTX 1060 with 6 GB memory. The complete system is developed in Python 3 programming environment.
The average time per one epoch is achieved as 1.72 s on 5758 training data and 2469 validating samples, and evaluation time
across 916 samples is 0.09 s. In the case of using CPU, average time of training process per one epoch is 19.52 s and evalu-
ation process per cross validation is completed after 1.15 s.

3. Classification
3.1. Architecture

The CNN architecture is mainly constructed from two types of layers: convolutional and pooling. The convolutional layer
contains a set of convolutional kernel filters of the same size through which the convolution operation is performed on the
layer’s input data. The convolution layer filter is a grid of the same (or smaller) dimension and smaller size containing dis-
crete numbers. The pooling layer optimizes the number of hidden neurons from the previous layer. In a manner similar to
the convolution layer, the level of optimization is based on the kernel size and stride [34].

In our model, convolution operations with a kernel size of 7 x 3 on 30 filters are implemented in the first layer. Thereafter,
the max-pooling layer follows up, where the biggest value on the kernel with size 2 x 2 inputting to the next layer. The next
part is another convolutional layer with a kernel size of 5 x 2 with 20 filters followed by the second max-pooling layer with
the same kernel size as in the previous case. The same sequence of convolutional and max-pooling with the same kernel size
and stride, such as in the third and fourth layer, is designed on the fifth and sixth layers. All convolutional layers use stride
size 1 and max-pooling use stride 2. The output of the last max-pooling layer is 20 filters containing 30 neurons in a reso-
lution of 15 x 2. The neurons are input to the first fully connected layer with 30 neurons. It represents the part of the archi-
tecture with the most number of inner parameters, 18030 concretely. In the next step, another fully connected layer with 25
neurons is designed. Finally, the last fully connected layer contains two neurons representing normal and disordered breath-
ing as a prediction of the system. The complete model is summarized in Fig. 5 graphically and tabulated in Table 3.
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Fig. 5. Architecture of the proposed CNN model.
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Additionally, dropout layers and rectifier linear unit (Relu) layers are used to prevent the problem of optimization and
over-fitting [35]. The Relu layer is designed as an activation function for all convolutional layers and dropout layer is imple-
mented following the first fully connected layer with a value of 0.3. Finally, a normalization function is necessary for a suit-
able result, where the normalized exponential function termed as the softmax function is used. This guarantees that the
summarization of the prediction of outputs is equal to 1.

3.2. Training and testing

The input dataset is first divided by stratified 10-fold cross-validation strategy [36]. It is a common method to prove
model performance where data are separated into the same equally large n groups. One group is used for the validation
of the model and the rest nine groups are used for the training and testing process. Training and testing parts are percentages
divided as 70% and 30%, respectively. In the training process, the number of used epochs is 30. It means that each training
sample is used one time for weights and biases updating in each epoch.

Furthermore, another important parameter of the neural network is the learning rate. The learning rate represents the
size of the step towards minimizing the cost function of the model. In our case, the value of the learning rate is not constant
for the whole training process. The parameter on 1 - 10~ was selected for first 15 epochs and 3 - 10~* for the rest. The reason
why the value of the learning rate is changed after 15 epochs is related to the training accuracy stuck. It was necessary to
reduce the value of the learning rate for the further learning process. The next decreasing of the learning rate value has not
been done because it has not brought any further classification improvement.

4. Results

The classification results of the proposed system are shown in Table 4. It can be observed that the positive predicted val-
ues (PPVs) for the normal class is 97.54%, and 98.14% for the disorder class. This indicates that in comparison with normal
breathing, the probability of correct detection for the disorder class is fractionally higher. Furthermore, it is observed that
6.74% of normal samples are incorrectly classified as disorders, and 0.78% of problematic sequences are erroneously classi-
fied to the normal class. In summary, it is concluded that the accuracy of the system is 98.00%.

The receiver operating characteristics (ROC) curve for the proposed classifier is shown in Fig. 6 on the left side. The ROC
represents the performance of the proposed classifier relative to the false accept rate (FAR) and false rejection rate (FRR). The
main requirement for classifier is for the ROC curve to be as far as possible from the dashed blue line. The accuracy is mea-
sured by the area under the ROC curve. In our case it is 0.995, where the optimal solution is equal to 1. The second type of
classifier performance representation is the detection error tradeoff (DET), which is shown on Fig. 6 on the right side. The
point of intersection of the DET curve and blue dash line is defined as the equal error rate (EER). When comparing it with
the ROC curve, an ideal situation exhibits an EER equal to zero. EER value of approximately 3.21% was achieved which proves
the quality of presented solution.

5. Discussion

Typically, CAD systems are implemented with preprocessing, feature extraction, feature selection, and classification tasks
in this order [37]. Currently, feature selection is generally part of the classifier model, e.g. values of weights and biases in the
neural network. In this work, the feature extraction has not been used. This is provided by the right set of CNN architecture,
where the convolution operation operates in a manner similar to feature extractors during a training process. This guaran-
tees the reduction of redundancy and asymptotic complexity of the designed system, with respect to the time needed for
problem-solving.

A comparison of system performance with other articles is shown in Table 5. A significant difference is the type of sensors
used for data measuring. A few studies built a system on ECG signals for the detection of sleeping apnea. Others used a com-
bination of ECG as a complementary device to BCG, or only a BCG measuring approach. Thus, BCG sensors are placed related

Table 3

Details of the CNN structure.
Layers Type No. of output neurons Kernel size Stride
0-1 convolution 144 x 28 x 30 7x3 1
1-2 max-pooling 72 x 14 x 30 2x2 2
2-3 convolution 68 x 13 x 20 5x2 1
3-4 max-pooling 34 x 6 x 20 2x2 2
4-5 convolution 30 x 5 x 20 5x2 1
5-6 max-pooling 15 x 2 x 20 2x2 2
6-7 fully connected 30 - -
7-8 fully connected 25 - -
8-9 fully connected 2 - -
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Table 4
Overall classification.
o/p Normal Disordered Acc (%) PPV (%) Sen (%) Spec (%)
Normal 1232 75 98.00 97.54 94.26 99.22
Disordered 31 3978 98.00 98.14 99.22 94.26
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Fig. 6. ROC and DET curve.
Table 5
Selected studies of an detection of breathing disorders.
Author Approach Classification Types of sensors Performance (%)
Current Cartan curvatures with normalization CNN BCG Acc = 98.00 Sen = 94.26 Spec = 99.22
[22] Cartan curvatures with CWT on pulse arrival CNN BCG Acc = 89.35 Sen = 86.35 Spec = 91.22
[19] Adaptive thresholding Statistically BCG Sen = 24.24 Spec = 85.88
[20] Threshold-based division BPNN BCG Acc=94.6
[39] STC-Min SVM BCG Acc = 90.46
[17] Locally Projective Noise Reduction Heuristic BCG Acc =92.7 Sen = 99.5
[1] Tunable-Q factor wavelet transform Adaptive boosting ECG Acc = 87.33 Sen = 81.99 Spec = 90.72
[7] Linear and non-linear features Random Forest ECG Acc = 91.77 Sen = 89.53 Spec = 93.43

to body position, such as piezoelectric foil under the body positioned on the back. In the proposed approach, BCG sensors are
positioned into measuring bed; hence, the signals processed by Cartan curvatures are independent of body position.

Aside from the complete unobtrusiveness of the system, there are two major advantages in comparison with recent stud-
ies. Cartan curvatures contain information not only about pulse arrival time but also about the complex hemodynamics of
the person [38]. In previous work [22], the focus has been on the pulse arrival time at one specific point, but in this work the
work is extended in employing CNN at the whole beat-to-beat Cartan curvatures. These could open various topics in the
future with a focus on the study of Cartan curvatures without the use of ECG thus enabling full automation of the system
and studying other aspects of human hemodynamics. Another advantage in the study of whole Cartan curvatures is in
the possibility of achieving higher precision of the system with fewer errors due to falsely detected pulse arrival times. This
method works with different positions of measured person. This is indirect proof that Cartan curvatures are invariant under
the rotational and translational changes of the human body on the bed. Without the need to find pulse arrival time precisely
the computational power needed to preprocessing has also decreased.

The disadvantage of our system still lies in the need for ECG signal being measured simultaneously. There is also an eco-
nomical aspect since the system works with tensometers embedded in the bed which is not easily achievable in the home
environment. Further studies should focus on implementing the precision of tensometers in a movable system with an aim
to have a cheap device capable of measurement in the home environment.

XLVI



216 D. Cimr et al./Information Sciences 541 (2020) 207-217
6. Conclusion

In this study, a computer-aided detection system for breathing disorders was developed. The system worked with four
ballistocardiography sensors embedded on the corners of a measuring bed. The proposed solution depends on novel optimal
Cartan curvatures and data normalization based on expert estimation as a constant for all subjects. After data processing, a 9-
layer deep CNN model is designed to recognize breathing problems. The achieved accuracy, sensitivity, and specificity are of
96.21%, 88.31%, and 98.69%, respectively.

Therefore, the proposed solution can effectively be deployed as a decision support system in a clinical environment, or as
a health care system in the home for early warning of eventual problems. Future research should focus on eliminating the
need for ECG to be measured simultaneously with a trigger calculated from BCG data. This will further improve the comfort
of the measurement and can provide a wholly unobtrusive solution without necessitating any device on the human body.
The system is proven to be functional however it requires several adjustments to the furniture in order to be placed in-home
care because of the need for precise tensometers embedded in the legs of the bed. It means the system may be too expensive
in its current state to be cost-effective. The importance of this paper is however in the proposed mathematical method which
proved to be novel in BCG signal processing. Furthermore, mechanical data from BCG signals can contain more information
about a patient’s health condition. We also intend to focus on studying BCG in correlation with other well-known approaches
to determine other types of diseases.
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Background and Objectives Automatic detection of breathing disorders plays an important role in the early
signalization of respiratory diseases. Measuring methods can be based on electrocardiogram (ECG), sound,
oximetry, or respiratory analysis. However, these approaches require devices placed on the human body
or they are prone to disturbance by environmental influences. To solve these problems, we proposed a
heart contraction mechanical trigger for unobtrusive detection of respiratory disorders from the mechani-
cal measurement of cardiac contractions. We designed a novel method to calculate this mechanical trigger
purely from measured mechanical signals without the use of ECG. Methods The approach is a built-on cal-
culation of the so-called euclidean arc length from the signals. In comparison to previous researches, this
system does not require any equipment attached to a person. This is achieved by locating the tensometers
on the bed. Data from sensors are fused by the Cartan curvatures method to beat-to-beat vector input
for the Convolutional neural network (CNN) classifier. Results In sum, 2281 disordered and 5130 normal
breathing samples was collected for analysis. The experiments with use of 10-fold cross validation show
that accuracy, sensitivity, and specificity reach values of 96.37%, 92.46%, and 98.11% respectively. Conclu-
sions By the approach for detection, the system offers a novel way for a completely unobtrusive diagnosis
of breathing-related health problems. The proposed solution can effectively be deployed in all clinical or

home environments.

© 2021 Elsevier B.V. All rights reserved.

1. Introduction

Breathing disorders like rhinitis, asthma, and chronic obstruc-
tive pulmonary diseases (COPD), influence the health condition of
a large group of the world population. Sleep affects large-scale
physiological functions including breathing as well. The effects of
disordered breathing can lead to somnolence, irritability, daytime
sleepiness, decreased mood and reduced performance during the
day [40]. Above that, obstructive sleep apnea can be included in
the pathogenesis of sleep breathing disorders [8]. It is charac-
terized by episodic sleep collapse of the upper respiratory tract,
which leads to periodic reductions or cessations in ventilation,
with a following of hypoxia or hypercapnia. The disease most often
affects people with obesity [34]. In the literature, there are many
ways and approaches to respiratory disorders detection. Researches
differ in different classification methods and physiological signals.

* Coresponding author.
E-mail addresses: h.fujita@hutech.edu.vn, HFujita-799@acm.org (H. Fujita).

https://doi.org/10.1016/j.cmpb.2021.106149
0169-2607/© 2021 Elsevier B.V. All rights reserved.

The first group of approaches is the electrocardiogram (ECG)
signals measure [10,23,29,32]. It works on the principle of detect-
ing the small electrical changes in depolarization followed by re-
polarization of muscle in the heartbeat [28]. It is measured with
two, three, or ten electrodes placed on the skin, which provide up
to 12 possible leads [38] described by Einthoven'’s triangle [3]. A.
R. Hassan [10] proposed sleep apnea detection using the normal
inverse Gaussian parameters and adaptive boosting. First, tunable-
Q factor wavelet transform decomposes the ECG segments, where
is computed normal inverse Gaussian parameters. Thereafter, the
adaptive boosting approach is used as a classifier that creates a
set of hypotheses for weighted majority voting of the class predic-
tion. B. B. Rekha et al. [23] presented an ensemble classification
approach for screening of obstructive sleep apnoea. In their work,
the twenty-two features set was derived from heart rate variability
and classified by two classifiers. One is an ensemble-based classi-
fier called Random Forest, and the second is a machine learning-
based classifier called Support Vector Machine.

XLIX



D. Cimr, E. Studnicka, H. Fujita et al.

The second group of detection is based on the sound from mi-
crophones, where related snoring and breathing sounds were ac-
quired [15,21]. S. Akhter et al. [1] proposed the solution of auto-
matic rapid eye movement (REM) and non-rapid eye movement
(NREM) phases detection. Recognition of these phases is impor-
tant for the selection of feature extraction in the next step before
the logistic regression model (LRM) to classify. On the other hand,
H. Nakano et al. [22] used polysomnography (PSG) data for analy-
sis by tracheal sound spectrogram predicted by a deep neural net-
work.

The third group of methods works on the analysis of signals
from pulse oximetry. All of the works are based on monitoring
biosignals regarding airflow, abdominal effort, thoracic effort, or
oxygen saturation, and they study the possible presence of ap-
nea [33]. Roln et. al [24] used neural networks directly on the
oximetry signal. Lee at. al [19] proposed a novel method to detect
sleep apnea and hypopnea using a new algorithm applied to nasal
pressure signals. Kaimakamis et. al [17] measured necessary data
during polysomnography. They used signals from airflow from the
nasal cannula, thoracic movement, and oxygen saturation as input
to their nonlinear model. All of these approaches have in common
the necessity of obtrusive instruments. Kagawa et. al [16] under-
stood the problem with obtrusiveness and proposed a method us-
ing Doppler radar under the mattress to detect vibrations of the
chest and abdomen. Their method is based on measuring phase
differences between the signals. This system satisfies the unobtru-
siveness of the method however they used two microwave Doppler
radars with a radiating frequency of 24 GHz. The potential use of
this device is extremely limited, and the process of certification
of the devices to be compliant with electromagnetic compatibil-
ity is highly improbable. Needless to take into consideration that
the willingness of the patients to be radiated by microwave radar
may not be very high.

The last group of researchers is derived from ballistocardiog-
raphy (BCG) signals. BCG is an unobtrusive method studying me-
chanical recoil movement of the body due to the heart movement,
and blood flow throws large arteries. This recoil movement propa-
gates through the skeleton and soft tissue to the whole body and
then to the measuring sensors [27]. M. D. Zink et al. [43] proposed
detecting a long-term heartbeat cycle length. They measured ECG
and alternatively tested a sensor foil for mechanical vibrations to
perform a ballistocardiography. This study aimed to assess the cor-
relation between heartbeat detection by the BCG algorithm and
simultaneously recorded ECG. For obtaining applicable results, in-
dividuals were examined in a prone position on their back, and
foil was placed under them. Yao et al. [39], proposed an algo-
rithm for the separation of cardiac and respiratory components via
the locally projective noise reduction (LPNR) on the heart rate and
breathing parts of BCG signals. This was performed for denoising
deterministic chaotic time series before the heuristic BCG heart-
beat detector. Z. Wang et al. [36] came with assessing the severity
of sleep apnea syndrome based on a ballistocardiogram. The arti-
cle approach is constructed on utilizing wavelet decomposition to
obtain the outline information. As a classifier, the Physio_ICSS al-
gorithm, which computes the iterative cumulative sums of squares,
was used. Sadek et al. [26] evaluated the capacity of the microbend
fiber optic sensors to monitor and respiration for a less cumber-
some system to diagnose sleep-related problems. Additionally, they
tested discrimination between shallow and no breathing. The sleep
apnea was identified using an adaptive threshold method based
on the standard deviation of the respiratory signal. Liu at al[20].
examined the algorithm that firstly preprocessed measured BCG
data for the location of important segments by detecting arousals.
Thereafter, the selection of features to detect respiratory patterns
were performed. As a classifier, they used a backpropagation (BP)
neural network to predict the events into apnea and non-apnea
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classes. Zhao et al. [41] measured BCG signals and detect devia-
tions in the heart rate activity associated with sleep apnea. They
applied wavelet decompositions extraction to analyze the BCG sig-
nal to obtain the heartbeat interval for the support vector machine
classification model.

In the previous works [5,6], we presented novel approach based
on differential geometry invariants. The R wave was used from ECG
as a trigger for creating the input to Convolutional neural network
(CNN) in the form of Cartan curvatures. We treated signals from
force sensors as the projection of a one-dimensional curve em-
bedded in 12-dimensional Euclidean space. Then it is possible to
calculate Cartan curvatures using Frenet-Serret theory [37]. Cartan
curvatures are uniform functions that describe the original one-
dimensional curve in the form of its local properties using higher
derivatives of tangent, normal, bi-normal, and higher-order invari-
ants [37]. The curvatures are also independent of euclidean trans-
formations, which include rotation or translation of coordinate sys-
tem. These curvatures are calculated directly from the BCG signals
from force sensors embedded in the bed, and their main advan-
tage is in their complete independence on the position of the body
on the bed. The use of Cartan curvatures was proven as a strong
mathematical tool to study breathing disorders, so we decided to
take advantage of them and use them also in the presented paper.

All of the methods mentioned above have various disadvan-
tages. ECG and oximetry are in common not unobtrusive. It is still
needed to connect something directly to the human body, which
can be problematic e.g. for the patients with burns or when the
patient tries to tear down equipment from the body. The use of
the microphone means a high invasion of privacy. The devices can
also record the voices so the approach is still obtrusive since the
measured individual can be stressed by the measurement. Besides,
any microphone is much more sensitive to any external disruption,
so any movement, even around the measured person, can rapidly
decrease or interfere the accuracy of the measurement. Doppler
radar uses ionizing radiation, although the power is very low. Each
of these methods is also disrupted by the movement of the pa-
tient. There is no real difference in terms of accuracy and robust-
ness against the mechanical movements of the measured person.
Moreover, in the works where BCG was used itself, the proposed
methods can work theoretically only in the laboratory environment
since the measured person can lie on the bed in various positions,
which differ in rotation and translation on the bed where transla-
tion should be understood as a shift of the coordinate system with
respect to the measured subject, i.e. the difference between subject
lying in the center of the bed or outside the center). The solution
proposed in our previous work [5,6] counts with this situation and
introduces a novel method based on differential geometry invari-
ants, which proved to be working even under different conditions,
however,with need of ECG as a trigger to create input to CNN. The
need for ECG to create a trigger destroys the unobtrusiveness of
the system and presents discomfort for the measured subject.

In this paper, we propose a new approach to achieving mechan-
ical triggers for breathing disorders detection. This trigger is based
purely on the BCG data, thus enabling the true unobtrusiveness of
the system. The trigger is based on the detection of ejection of the
blood from the heart. We take advantage of using differential ge-
ometry invariants and suggest the use of a new differential invari-
ant - euclidean arc length [37] - which can serve as a trigger for
the categorization of Cartan curvatures for CNN. The main advan-
tage of this mechanical trigger is its complete unobtrusiveness and
also its properties, which are invariant in the same way as Cartan
curvatures, so the solution is applicable even for people lying on
the bed in different positions. Moreover, arc length is calculated
directly from measured signals.

In summary, our previous [5,6] work stood on three pillars,
finding the trigger for individual heartbeats, calculating Cartan cur-
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vatures, and processing the result using CNN. In this paper, we
have introduced a completely new algorithm for calculating the
first part, i. e. the trigger, which must be precise enough to capture
subtle variations in pulse arrival time processed using Cartan cur-
vatures. The main novelty of the paper also lies in implementing
of this new trigger and improving CNN to develop the new com-
pletely unobtrusive mechanical system without the need to con-
nect any equipment to the measured person or using any ioniz-
ing radiation for measurement, unlike in similar systems presented
above. The calculations and techniques are described in the follow-
ing sections.

2. Methods

The core of the proposed solution is in data measuring and pre-
processing before classification itself, as illustrated in Fig 1. The
person is not connected to any device and all four sensors are
placed on the legs of the bed. It can be seen here that four ten-
someters measure micro-movements in three dimensions, which
represents 12-dimension information for the next analyses. The
analysis is consists of 12-dimension information fusion into needle
features, Cartan curvatures, and Euclidean Arc Length. The move-
ments of the person propagate through the frame of the bed to
the legs of the bed. The tensometers are placed as a supporting
part of the legs, and the whole frame lies on the tensometers. The
architecture is similar to dynamical posturography measurements
[12]. The corresponding propagating forces can be measured using
the tensometers. With the focus on the micro-movements, there is
obtaining of forces generated by the blood propagation and heart
contractions.

2.1. Mechanical trigger

Electrocardiography (ECG) is a device used for decades to mea-
sure and diagnose problems related to the cardiovascular system
[9]. The main principle is the measurement of the electric activity
of the heart muscle. During the cardiac cycle, there is a measur-
able difference in electric potentials from the heart, so-called ac-
tion potentials. Heart muscle can be imagined as an electric dipole,
and ECG leads then represents projections of this dipole into a dif-
ferent axis. Typical ECG signal is shown in Fig. 2. The signal con-
sists of three main parts. The first part is the P wave, which is the
part related to atria filling with blood (atrial depolarization). The
second part is the QRS complex, where the main spike is repre-
sented by the R wave (ventricular depolarization). The last part is
called the T wave represents ventricular repolarization. The section
between the R wave and the end of the S wave starts with mi-
tral valve closure, followed by isovolumetric contraction and aortic
valve opening. After that, the blood is ejected to the aorta, and the
pulse wave starts to propagate through the whole cardiovascular
system.

LI

In our previous work [6], we used R wave as a uniform trigger
for detection of the pulse arrival time of the pulse wave. This ap-
proach proved the accuracy of our solution and was able to detect
breathing disorders. However, from a practical point of view, the
measured person had to have ECG leads connected to the body.
This is not expected to be a problem in the hospital environment
but in the home environment where is a need for a completely un-
obtrusive system. The unobtrusiveness of the system enables the
usage in a home environment without any discomfort of a mea-
sured person. This broadening the practical applicability of the sys-
tem. Moreover, an unobtrusive approach in the hospital environ-
ment eliminates the need for ECG implementation.

The fundamental schema of the computation of monitoring
function is presented in Fig. 3. All measured data have been math-
ematically analyzed using differential geometry invariants. The eu-
clidean invariant theory was used to study the invariants under the
actions of the group SO(3) x R". The elements of this group are in-
variant under rotation and translation. The phenomenon is similar
to the human body lying on the bed, since the human cardiovas-
cular system does not change significantly if the patient is lying on
his back or the side, so it is invariant under those transformations.
In this work, there are acquired 12-signals in the measurement and
have treated those 12-signals as a 1D manifold embedded in R'? so
these signals are fused into one curve. Using classical Frenet-Serret
theory [18] the euclidean arc length and the first Cartan curvature
are evaluated. The euclidean arc length is calculated using formula

s(t)

where s(t) is the euclidean arc length, t is time, a and b repre-
sent the initial and final time for which s(t) is calculated, n is the
number of sensors (in our case n =12) and G;(7) is the measured
discrete signal from i-th sensor. Arc-length basically calculates the
cumulative sum of the length of the n-dimensional curve. The for-
mula for arc-length is derived from basic principles of differential
geometry of curves [37]. Euclidean arc length is an invariant which
is used to determine the mechanical trigger after some transforma-
tion. This resulting function is called a monitoring function. To cal-
culate the monitoring function calculations start with | x n matrix
called C with raw measured data from tensometers, where n = 12
is the number of sensors and ! is the number of sampling points
used (e.g. for 60-second measurement at a sampling frequency of
1 kHz there will be 60,000 sampling points). Let G ; be the value
in i-th row and j-th column of this matrix. The difference CD of
the matrix C is calculated with respect to rows. CD is (I—-1) xn
matrix. Let CD; ; be the value in i-th row and j-th column of this
matrix. Then CD; j = Gyyq; — G j. Next, the vector of norms is cal-
culated with respect to columns of the matrix CD. To do so, a row
vector N of length | — 1 is defined. For the i-th row of the vector



D. Cimr, E. Studnicka, H. Fujita et al.

Computer Methods and Programs in Biomedicine 207 (2021) 106149

A i
. ! QRS complex
—
1
H R i
4 i i
'
1
3 i
1
|
1
2 1
1
1
1
1 :
'
1
1
0 1 1
T 1
' ]
' ]
1 1
. _ i s . , ,
0 100 200 300 400 500 600 700 Milliseconds

Fig. 2. Example of ECG.

ARC LENGTH

Mossinod date Squarn-roo( of sum of
differences

INATION OF THE RATIC TRE!

Subtraction of mean

Cumulative sum

Second difference

values

FILTERING

Mechanical noise removal

S

Fig. 3. Flowchart of monitoring function computation.

following formula holds

n
Ni = ”ZCDI'ZJ'
=

In the next step,the euclidean arc length is calculated as a cu-
mulative sum of vector N. Let A be a row vector of length [ — 1. Let
A1 = Nj. Then for i-th row of A, i > 1, following formula holds

Ai=Ai_1 +N;.

Final form of the vector A is euclidean arc length.

In order to extract information about the mechanical trigger, arc
length by itself is not sufficient. It can be described as a function
measuring the "cumulative length” of 12 measured signals which is
treated as projections of 1D manifold embedded in R'?. Thus even
for constant signal, vector A will be a linear curve. This natural
linear trend, which is always present, must be subtracted from the
vector A. In advance to further improve the results, the quadratic
trend of this curve is subtracted. The first-order difference AD of
the row vector A is calculated with respect to rows. Let AD be row
vector of length (I —2) and AD; be the value in i-th row of this
vector. Then

AD; = Aiy1 — Ai. (4)

Thereafter, the second-order difference ADD of the row vector A
is calculated with respect to rows. Let ADD be row vector of length
(I—3) and ADD; be the value in the i-th row of this vector. Then

€

2

3)

ADD; = AD;,; — AD;.

From this second difference (discrete form of derivative) of vec-
tor A, the quadratic trend can be eliminated by removing the in-
tegral constant during a double cumulative sum (discrete form of
integration) back to vector A. To ensure it, the mean value of cu-
mulative sum input is subtracted from itself. To do so let M2 be
mean value of values of vector ADD, i.e.

> " ADD;.

i=1

1
M2=— (6)

Then this mean value is subtracted from all values of ADD and
ADDI be row vector of length | — 3. Let ADDI; be the value in i-th

row of this vector. Then
ADDI; = ADD; — M2. (7)

Let ADCS be a row vector of length [ —3 and ADCS; = ADDI;.
Then for i-th row of ADCS, i > 1, following formula holds

ADCS; = ADDi;_, + ADDI,. (8)
Let M1 be mean value of values of vector ADCS, i.e.
113
M1 = —2 3 ADCS; (9)

i=1

Then this mean value is subtracted from all values of ADCS. Let
ADI be row vector of length | — 3 and ADI; be the value in i-th row
of this vector. Then

ADI; = ADCS; — M1. (10)
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Let ACS be a row vector of length | —3 and ACS; = ADI;. Then
for i-th row of ACS, i > 1, following formula holds

ACS; = ADi;_, + ADI;, (1)

where ACS is detrended euclidean arc length.

Because the approach deals with real-world signals, several
noise sources always affect the measured signals. The two most
important noise sources are electric hum from sockets, which in
the Czech Republic is of frequency 50 Hz, and mechanical noise
related to involuntary movements of measured persons. In order
to smooth ACS to get rid of these noises, three different filters are
used. The parameters of these filters are found empirically. In or-
der to describe the calculation algorithm of these filters, there is a
need to define the moving average filter and its properties along
the borders of the signal.

Let Y be a row vector of length k representing arbitrary mea-
sured discrete signal with k sampling points. Let v be the number
of points over which the filter will be averaging. Let Z be the row
vector of length k, which is a result of applying a moving average
filter at signal Y over v number of points. Let Y; denotes value at
ith row of Y and Z; denotes value at ith row of Z. Then following
formulas hold in the assumption that v is odd:

Zi= g YN iz ais 5t
Zi:% j:lqu,i>%Ai<k—% (12)

1 z —1 :
Zi = qq0nm1 Lj2ik Vi iz k=5 i<k

For even v, v> 0 it is used # =v—1 in above described for-
mula.

Let Z=F(Y,v), i.e. let vector Z be the same size as vector Y
where the above-mentioned algorithm is used to calculate Z by ap-
plying moving average filter on vector Y over v points.

Now three separate filters are applied in the following order.
The first moving average of vector ACS is calculated over 1000 sam-
pling points, so ACS1 = F(ACS, 1000). Let ACS1; be the value in i-th
row of this vector. Let ACSIM be a row vector of length | — 3. Let
ACS1M; be the value in the i-th row of this vector. Let ACSIM; =
ACS; — ACS1;. One second moving average filtered detrended eu-
clidean arc length is subtracted from the original detrended eu-
clidean arc length. Then moving average of vector ACS1M is calcu-
lated over 100 sampling points, so ACS2 = F(AC1M, 100). The mov-
ing average of vector ACS2 is calculated over 33 sampling points
so ACS3 = F(ACS2, 33). Next, the sign of all the values of ACS3 is
change. Let AF be a row vector of length | — 3. Let AF, be the value
in i-th row of this vector and ACS3S; be the value in i-th row of this
vector. Then AF, = —ACS3; and AF is a row vector of length [ -3
called monitoring function.

Now, the local maxima of AF can be used as a relevant me-
chanical trigger for extracting the Cartan curvature of the signal.
It is natural to discuss the different lengths of the input matrix C
and the output vector M. However, the difference in the lengths is
three sampling points, which means the added inaccuracy is only
in the order of 3 milliseconds. Moreover, it is a systematic inaccu-
racy, which means it is constant among all the measurements, thus
it can be neglected with respect to the results.

The typical shape of the monitoring function is in Fig. 4. QRS
complex together with T wave is indicated, so it is possible to
distinguish separate parts of the signal. The decision to use the
maxima of a monitoring function to be the trigger for our pre-
processing sequence is made. This maxima corresponds with the
end of the rapid ejection phase, which then translates into a re-
duced ejection. The distance between the mechanical trigger and
R wave varies through time as it is dependent on various physio-
logical phenomena and thoracic pressure. On average, the distance
is 160 ms =+ 40 ms.
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The main advantage of this approach is complete unobtrusive-
ness since no ECG signal is needed as a trigger for cardiac cycle
detection to obtain information about the pulse arrival time us-
ing Cartan curvatures. In most relevant cited papers, the ECG is
the main and only source for the classifier in cases where sensors
are not implemented on or directly below the human body. Our
method does not need any ECG signal which is only possible to be
obtained via obtrusive methods.

2.2. Classifier input preparation

The preprocessing of raw data for CNN is done in the following
way. First, there is a need for raw data measure for an adequate
period of time. Since we work on the scale of individual heartbeats
and individual breaths, at least 15 seconds are needed. It means
that the required time for problem detection is between 1 and 15
hearth beats where information is included. The data is measured
with sampling frequency 1 kHz so n-seconds of data will produce
1000n rows and 12 columns representing 12 force sensors. So the
input is in the form of a matrix 1000n x 12. The first moving aver-
age filter is applied and described above with 10 points averaging
on each of the columns individually to cut down potential 50 Hz
electrical noise. Then the Cartan curvatures and monitoring func-
tion is calculated from the data using the above-described method.
After that, all peaks in the monitoring function are founded and
marked as a trigger for each heartbeat. Thus the vector B of size nn
is extracted, where nn is the number of detected heartbeats, where
each point represents the index of a local maximum in monitor-
ing function. Then the first Cartan curvature is taken and create nn
vectors CCp, each of them of size 450 where CCy; = Cp, 0. B, +400-

2.3. Data description

The BCG samples used in this work were collected from the
public Mendeley database [30] and measured in the laboratory
of the University of Hradec Kralove. This database contains raw
data without any preprocessing or normalization. The BCG sensor
dataset is obtained from 11 men aged 23 to 33 years and nine
women aged 24 to 65 years. It includes 9 with 7 minutes in du-
ration recordings and 11 with 12 minutes in duration recordings
of humans with normal and disordered breathing sequences. In
sum, by using 15 sequential parts by the mechanical trigger, we
collected 2281 disordered and 5130 normal breathing samples. Al-
though it is possible to obtain the weight of the subjects, it was
not necessary. The weight does affect the raw signal data, how-
ever, all used equations are based on derivations of the signals, and
consecutive calculations are based on time differences and time lo-
cations of maxima in the processed signals. So the approach is in-
dependent of the BMIL

2.4. Model architecture

The CNN architecture consists of three main layers types: con-
volutional, pooling, and fully connected [2]. The convolutional layer
contains several filters, also called kernels. These filters slide over
the input from the previous layer, or input data in the case of the
first layer of architecture, to generate several feature maps [31].
The convolution process often occurs at the same time as the pool-
ing process. The pooling layer reduces the number of neurons from
the previous layer. At the end of the structure, fully-connected
layers are implemented for final feature analysis. The last fully-
connected layer contains as many neurons as classes for the clas-
sifier prediction.

The architecture in the presented paper is shown in Fig. 5. In-
put to the network is represented by 15 Cartan curvatures which
are downsampled from size 450 to 200 because of optimization
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of architecture complexity. In the beginning, the first four layers
constitute two combinations of convolutional and max-pooling lay-
ers. Convolutional layers kernels have a 2-dimensional resolution.
The first dimension corresponds to the number of vectors with
mechanical information fused by Cartan curvatures, which is al-
ways made with value 2. The second dimension corresponds to the
length of each vector and is set on values 15 and 10, respectively.
All max-pooling layers have the kernel with a resolution of 2x2.
Because of the resolution of features, architecture continues with a
convolutional layer of kernel size 2x10 without max-pooling opera-
tion. After that, two fully-connected layers, which analyze features
from previous layers, are implemented with 30 and 25 neurons.
In the end, the last fully-connected layer with two neurons cor-
responding to classes of normal and disordered breathing predicts
the result by a softmax activation function. It normalizes the re-
sult of architecture to a suitable form on the value between 0 and
1 with a threshold of 0.5 for prediction. Moreover, mechanisms for
over-fitting prevention, which have important impact on process
of model training [31], are applied too. Concrete, it is a rectifier
linear unit (Relu) layers between all pairs of convolution and max-
pooling and dropout layer with a drop parameter of 0.3 between
first and second fully-connected layers.

3. Results
3.1. Training and testing

The input dataset is first divided by stratified 10-fold cross-
validation strategy [7]. It is a common method to prove model per-
formance because of the training and testing of classifiers on non-
redundant data. The methodology consists of data separation into
the same equally large ten groups. For each fold, one group, which
is not used in the previous fold, is a tested data subset for the val-
idation of the model, and the rest nine groups are a trained data
subset fine-tune of model inner parameters. Training and testing
parts are percentages divided as 70% and 30%, respectively. In the
training process, 75 epochs is used, which means that each train-
ing sample is used 75 times for the model parameters modification
to get feasible results.

Further, the learning rate value, which represents the size of the
step towards minimizing the cost function of the model, is vari-
able for the training process depends on the number of the cur-
rent epoch. The parameter on 1-10-3 has been selected for first 25
epochs, 2-10~4 has been selected for next 25 epochs, and 4 - 10-5
for the last 25 epochs. The reason why the value of the learning
rate is changed after every 25 epochs are related to the training
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Table 1
Optimization hyperparameters used for training the model.
Input Size  Optimizer  Learning rate  Learning rate schedule  Learning rate drop ~ Mini batch size  Epochs
200x15 Adam le-3 Step decay 2e-1 32 75
Table 2
Overall classification.
o/p Normal Disordered Acc (%) PPV (%) Sen (%) Spec (%)
Normal 2109 172 96.37 95.60 92.46 98.11
Disordered 97 5033 96.37 96.70 98.11 92.46

accuracy stuck. It relates to gradient descent for finding a local
minimum. After several epochs, the gradient is very close to a min-
imum too much, and a high value of learning rate will cause the
performance of the model will not increase in rest epochs [25]. Be-
cause of that, It is appropriate to decrease the value of the learning
rate for further training tasks. The hyperparameter cast-off for the
optimization of model used for training and learning are tabular-
ized in Table 1.

3.2. Results of the experiments

There are three fusion processes in this paper. The first one
is the fusion of multivariate time series into one parameter - eu-
clidean arc length. The inputs are fused from 12 sensors into one
parameter, which can be used to detect the mechanical triggers,
which is called a monitoring function and is derived directly from
euclidean arc length. The second fusion is the fusion of multivari-
ate time series into the second independent parameter - Cartan
curvature. The inputs are fused from 12 sensors into one parame-
ter, which can be used to detect pulse arrival time in the human
cardiovascular system. The third fusion process is the fusion of me-
chanical trigger together with methods of differential geometry. By
the implementation of the mechanical trigger and Cartan curva-
tures, it is possible to extract precious information about the pulse
arrival time for each of the heartbeats.

Our proposed method can also be used in other kinds of data.
Thanks to the mathematical independence of differential geometry
invariants, it is irrelevant how many sensors are used. Our pro-
posed method can work even with one sensor. However, the more
sensors are used, the better precision of the system is achieved.
The solution also works with BCG signals measured by other stan-
dard methods, not only tensometers, e.g. piezoelectric foils, ac-
celerometers, etc.

The classification results of the proposed system are shown in
Table 2, represented by the confusion matrix with three basic met-
rics: accuracy, sensitivity, and specificity. Accuracy is the propor-
tion of correct results and all predictions in a testing population. It
measures the degree of veracity of a diagnostic test on a condition.
Sensitivity is the proportion of true positives that are correctly pre-
dicted by the classifier. It shows how good the test is at disorder
detections. Specificity is the proportion of the true negatives cor-
rectly predicted by the classifier. It presents how good the test is
at predicting normal (negative) breath[42].

The sensitivity and specificity are the main performance param-
eters, especially in cases like this with an unbalanced proportion of
detected classes. If one class contains several times more samples
than the other, the high accuracy value pointing to high perfor-
mance. But with low specificity or sensitivity, depends on the low
number of positive or negative samples, represents poor-quality
of the model. In the worst case, it is predicting all inputs as one
class. In the presented approach, sensitivity and specificity were
achieved on the values of 92.46% and 98.11%.

4. Discussion

Our presented model for the detection of breathing disorders
has several advantages, which together form a strong tool. First of
all, it is completely unobtrusive, so it does not need anything to be
directly attached to the patient. It also does not rely on any form
of EM radiation, so it is completely safe. Then the system uses in-
variant mathematical tools to preprocess the data thus another ad-
vantage is that the system works with patients lying on the bed in
any position, and these were already tested in the presented pa-
per. In principle, the patient lies down on the bed, and that is all
that is needed from the measured person, so the practical applica-
bility of this system is very strong since it has no need for special
preparation of the patient or from the medical personnel. This is
unlike other papers cited in this work since they either need to
use ECG, nasal sound, EM radiation or they cannot achieve preci-
sion in all positions of the patient on the bed. Two disadvantages,
which can affect the performance of the proposed system, need to
be mentioned. Because the core of the measurement rest in the
mechanical micromovements of the body, the system can measure
only a person who does not move significantly. For example, when
the person turns from left side to right side, the system is put to
a halt for a short period until the person calms. The second disad-
vantage is that the system cannot measure more than one person
lies in bed or when another person is leaning on the bed since this
will again create too much mechanical noise.

Our main achievement was in the completely novel algorithm
for trigger detection of studied phenomena, which enabled com-
plete unobtrusiveness of the system. Our proposed method based
on mechanical trigger detection of individual heartbeats has never
been published before. It consists of detection of the rapid ejec-
tion phase of the heartbeat, which is precise enough to provide
information about changes in pulse arrival time, which is directly
dependent on breathing cycles and disorders. The system can de-
tect these changes purely from mechanical data without the need
for ECG. The only construction disadvantage of our system is the
need for tensometers to be embedded in the measuring bed. How-
ever, this could be done by implementing tensometric sensors in
the legs of any ordinary bed.

There are three fusion processes in this paper. The first one
is the fusion of multivariate time series into one parameter - eu-
clidean arc length. The inputs are fused from 12 sensors into one
parameter, which can be used to detect the mechanical triggers,
which is called a monitoring function and is derived directly from
euclidean arc length. The second fusion is the fusion of multivari-
ate time series into the second independent parameter - Cartan
curvature. The inputs are fused from 12 sensors into one parame-
ter, which can be used to detect pulse arrival time in the human
cardiovascular system. The third fusion process is the fusion of me-
chanical trigger together with methods of differential geometry. By
the implementation of the mechanical trigger and Cartan curva-
tures, it is possible to extract precious information about the pulse
arrival time for each of the heartbeats.
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Table 3
Selected studies of an detection of breathing disorders.
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Author Approach Used dataset Classification Performance (%)
Current Cartan curvatures with [30] CNN Acc = 96.37
Euclidean length trigger Sen = 92.46
Spec = 98.11
6] Cartan curvatures with (30] CNN Acc = 98.00
normalization Sen = 94.26
Spec = 99.22
[5] Cartan curvatures with CWT [30] CNN Acc = 89.35
on pulse arrival Sen = 86.35
Spec = 91.22
[26] Adaptive thresholding Proprietary experimental data Statistically Sen = 24.24
Spec = 85.88
[20] Threshold-based division Proprietary BCG dataset BPNN Acc = 94.6
[41] STC-Min Proprietary data from home SVM Acc = 90.46
environment
[39] Locally Projective Noise Proprietary clinical data Heuristic
Reduction
[36] Wavelet decomposition [35] Physio_ICSS
Sen = 91.44
Spec = 98.01
Table 4 ) _ ) ting of hyperparameters as in our presented model. It is obvious
Comparison with well-known implementation of advanced CNN models. that new techniques implemented in models do not bring signiﬁ—
Model No. of parameters ~ Acc (%)  Sen (%)  Spec (%) cant performance raise. Moreover, well-known tested classifiers are
Current 97247 96.37 92.46 9811 in principal prepared on a wide area of image classifications and
ResNet50 [11] 25,636,712 97.03 94.75 98.05 include millions of trainable parameters, unlike the current model
DenseNet121 [14] 8,062,504 96.76 98.69 95.91 with less than 100 000. It leads to the more appropriate deploy-
MobileNetv2 [13] 3,538,984 9501 8515 100 ment of the presented model in a real case usage without the need
Xception [4] 22,910,480 9285 9127 93.57 for unnecessarily high performance on the computing device.
NASNetMobile [44] 5,326,716 9488 8301 9571 y figh p puting -

Our proposed method can also be used in other kinds of data.
Thanks to the mathematical independence of differential geometry
invariants, it is irrelevant how many sensors are used. Our pro-
posed method can work even with one sensor. However, the more
sensors are used, the better precision of the system is achieved.
The solution also works with BCG signals measured by other stan-
dard methods, not only tensometers, e.g. piezoelectric foils, ac-
celerometers, etc.

A comparison of system performance with other articles based
on BCG sensors is shown in Table 3. The results point to the fact
that the presented approach ranks as one of the strongest tools for
breathing disorders detection. Moreover, other articles measured
auxiliary data in an obtrusive way or are dependent on the po-
sition of sensors against the human body.

CNN architecture in principal is classical feed-forward neural
network (FFNN) extended by convolutional operations. Convolu-
tional operations are handy in cases where adjacent inputs are in
some relations such as creation of a predicted class shape. For that
reason, CNN architectures are appropriate for image or signal clas-
sification tasks. Besides that, there are many other types of neural
networks. One of them is neural networks with a time twist like
Recurrent Neural Network, Long / Short Term Memory, or Gated
Recurrent Units. These networks work with recurrency linked not
only to forwarding layers. It is approriate for cases where the nec-
essary relations are not on neighbor values but in the time domain,
like in text classification tasks.

As CNN is an extended version of FFNN, there were devel-
oped several versions of extended CNN for better classification,
mainly with a focus on image tasks. CNN architectures are supple-
mented by new approaches like depthwise separable convolutions
[4], residual connections to skip layers [11], or a “collective knowl-
edge” from all preceding layers [14]. In Table 4, there is a compar-
ison of the well-known implementation of advanced CNN models
implemented in the Keras Applications module with the same set-

5. Conclusion

In this study, a novel methodology for the unobtrusive trigger-
ing of vital data for breathing disorders detection was developed.
The system worked with four ballistocardiography sensors embed-
ded on the corners of a measuring bed. The proposed solution
depends on Euclidean length computation from the fusion of 12-
dimensional ballistocardiography signal information. After data fu-
sion and trigger, an 8-layer deep CNN model is designed to recog-
nize breathing problems from Cartan Curvatures sequence signals
of 15 heartbeats. The achieved accuracy, sensitivity, and specificity
are of 96.37%, 92.46%, and 98.11%, respectively.

The main contribution of the paper is novel methodology and
algorithms for beat detection by an unobtrusive mechanical trigger.
This trigger is used for the recognition of breathing disorders with-
out the need to attach any sensor to the measured person. Because
of the fully unobtrusive form of data measuring, the proposed so-
lution can effectively be deployed in all clinical or home environ-
ments. The system can work without professional staff, who have
to implement the devices in every moment of new data collection
and analysis for healthcare problem prediction. The importance of
this paper also rests in the proof of the functionality of the math-
ematical methods on the BCG signals. Thanks to this, it is open-
ing the whole unexplored area, which can contain more physio-
logical information of the human body. These data can be exam-
ined with corresponding eventual diseases, which are successfully
detected with obtrusive approaches. It leads to our main goal to
create a complex system based on one data collection instead of
many time-consuming clinical testing.
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Background and Objectives: Prediction of patient deterioration is essential in medical care, and its au-
tomation may reduce the risk of patient death. The precise monitoring of a patient’s medical state re-
quires devices placed on the body, which may cause discomfort. Our approach is based on the processing
of long-term ballistocardiography data, which were measured using a sensory pad placed under the pa-
tient’s mattress.

Methods: The investigated dataset was obtained via long-term measurements in retirement homes and
intensive care units (ICU). Data were measured unobtrusively using a measuring pad equipped with
piezoceramic sensors. The proposed approach focused on the processing methods of the measured bal-
listocardiographic signals, Cartan curvature (CC), and Euclidean arc length (EAL).

Results: For analysis, 218,979 normal and 216,259 aberrant 2-second samples were collected and classi-
fied using a convolutional neural network. Experiments using cross-validation with expert threshold and
data length revealed the accuracy, sensitivity, and specificity of the proposed method to be 86.51

Conclusions: The proposed method provides a unique approach for an early detection of health concerns

in an unobtrusive manner. In addition, the suitability of EAL over the CC was determined.

© 2023 The Author(s). Published by Elsevier B.V.
This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/)

1. Introduction

Patient deterioration is the significant degradation of the phys-
ical state of a hospitalized patient, which can often result in mor-
bidity and/or mortality [23]. The symptoms of deterioration may
vary. Some patients may experience a decreased cardiac index fol-
lowed by decreased blood pressure, tachycardia, and reduced blood
flow [8]. As mentioned in [28], before the loss of the electrocar-
diogram (ECG) signal of dying elderly patients, the P-wave was
undetectable in the majority of the observed cases. Prolongation
of the corrected time interval between the Q and T peaks of the
ECG (QTc) is associated with an increased risk of sudden cardiac
death (SCD) [34]. Here the QTc interval is a number calculated via
different formulae using heart rate or RR intervals, i.e. time in-
tervals between two successive R peaks in an ECG [14]. Addition-

* Corresponding author.
E-mail addresses: h.fujita@hutech.edu.vn, HFujita-799@acm.org (H. Fujita).

https://doi.org/10.1016/j.cmpb.2023.107623

ally, phenomena associated with breathing such as apnea periods,
Cheynne-Stokes breathing, and respiration with mandibular move-
ment are also observed [21,24,28]. Moreover, article [21] states that
the death rattle and pulselessness of the radial artery are other
physical signs that signal impending death.

Recently, various methods have been developed to predict
whether a patient’s critical condition will worsen. A reliable ap-
proach can prevent patient deterioration. This requirement is
not only related to the elderly population [28], but also adults
[18,29,32] and pediatric patients [7,22]. The predictive methods for
this phenomenon differ in terms of input data and processing. Sev-
eral studies have investigated the changes in ECG of patients. ECG
is a non-invasive method for monitoring heart activity over a pe-
riod. In recent years, the number of portable ECG-measuring de-
vices has increased significantly. Therefore, focusing on process-
ing data of this type is desirable [20]. Acharya et al. [2] first
extracted nonlinear features from second-level discrete wavelet
transform decomposed ECG signals and subsequently ranked them

0169-2607/© 2023 The Author(s). Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license

(http://creativecommons.org/licenses/by-nc-nd/4.0/)
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using their t-value. Subsequently, the authors formulated and em-
ployed an integrated SCD index using highly ranked features to ef-
fectively predict SCD four minutes before onset. This research was
expanded by Fujita et al [16], who introduced a novel methodol-
ogy to automatically classify the heart rate variability (HRV) sig-
nals of normal and SCD-risk patients. In a study by Acharya et al.,
ECG signals were used [1]. Herein, the authors used an eleven-
layer convolutional neural network model to process 2-second ECG
segments to distinguish shockable and non-shockable ventricular
arrhythmias. This phenomenon is crucial for increasing the effi-
cacy of defibrillation via automated external defibrillators. Another
study by Ebrahimzadeh et al. [15] extracted HRV parameters from
ECG to predict SCD. Both nonlinear and time-frequency HRV fea-
tures were determined. Subsequently, the dimension of the fea-
ture space was reduced using feature selection with healthy and
SCD-risk patient classification using a multilayer perceptron and
K-nearest neighbor neural network. Brufau et al. [6] employed ma-
chine learning to create a model to predict patient deterioration.
This study aimed to process the laboratory test results, nursing as-
sessments, vital signs, and demographics of patients hospitalized
in general care beds, resulting in the development of a specific
early warning score (EWS) that accurately predicts acute deterio-
ration. Kirkland et al. [25] investigated the values of the Braden
Scale, oxygen saturation, respiratory rate, and shock index using a
multivariate regression analysis to determine the clinical variables
statistically associated with patient deterioration.

A review of EWSs by Gerry et al. [19] stated that EWSs are
widely used as prediction models for patient deterioration. This re-
view noted that many EWSs have methodological weaknesses that
may have detrimental effects on patient care. Another review by
Mann et al. [27] focused on tools for predicting patient deteri-
oration. It included results from 46 publications, concluding that
the literature has not shown that the implementation of the re-
viewed tools is reproducibly associated with improvements in pa-
tient outcomes. Finally, Blackwell [5] studied statistical models for
the early detection of patient deterioration in patients hospitalized
in cardiac and cardiac surgery wards. This study concluded that no
model could be relied upon in all situations.

In branch of deep learning-based disease diagnosis,
Muezzinoglu et al. [31] discussed the use of convolutional neural
networks (CNNs) for automated brain tumor classification. The
authors propose a patch-based deep feature engineering model
called PatchResNet to improve classification performance. The
model uses three types of patches of different sizes and two layers
of a pretrained ResNet50 as feature extractors. Three selectors
were used to obtain 18 final feature vectors, and k nearest neigh-
bors and iterative hard majority voting were used for classification.
In other brain problematics, Baygin et al. [4] describes a hand-
crafted model for accurately detecting schizophrenia using EEG
signals. The model generates features using a carbon chain pattern
(CCP) and an iterative decomposition model, and extracts sub-
bands of the EEG signal using an iterative tunable g-factor wavelet
transform (ITQWT) technique. The clinically significant features are
selected using iterative neighborhood component analysis (INCA)
and classified using k nearest neighbor (kNN) with a 10-fold cross-
validation strategy. The iterative weighted majority method is used
to obtain the results in multiple channels. Moreover, Kuluozturk
et al. [26] presented a study on cough-based disease detection
using machine learning. The authors collected a large cough sound
dataset comprising four diagnostic categories (Covid-19, heart
failure, acute asthma, and healthy), and trained, validated, and
tested a novel model for automatic detection. The model includes
four components: feature generation using a specifically directed
knight pattern (DKP), signal decomposition using four pooling
methods, feature selection using iterative neighborhood analysis
(INCA), and classification using the k-nearest neighbor (kNN)

Computer Methods and Programs in Biomedicine 239 (2023) 107623

classifier with ten-fold cross-validation. The study resulted in the
selection of ten best feature vectors and elimination of redundant
feature vectors using misclassification rates, followed by feature
selection using INCA and input to a kNN classifier.

The proposed approach is based on processing the ballisto-
cardiographic (BCG) data obtained from long-term measurements
using a sensory pad equipped with piezoceramic sensors placed
under the patient’s mattress. BCG is an unobtrusive method for
studying the vital functions of a subject by recording the recoil
movement of the subject’s body. The measured movement appears
due to the mechanical activity of the heart and large arteries en-
suring blood circulation, and in the case of this study, the mechan-
ical activity of the respiratory system. Both phenomena cause the
human body to vibrate slightly. These micro-vibrations then reach
the sensors placed directly under/on the body of the subject or
propagate through the mattress and bed to reach the sensors. BCG
investigations may be used to assess the state of the cardiovascu-
lar system of a subject. Starr and Wood [33] conducted a study on
a group of 211 healthy persons. Investigation of their ballistocar-
diograms (BCGm) showed considerable variation in amplitude. The
authors interpreted this to be due to the differences in the force
exerted by the heart during contraction. Subjects with lower ex-
erted heart force later suffered significantly more from cardiac dis-
ability, chiefly coronary heart disease and death, than those with
higher exerted heart force. Cimr et al. [13] examined the ability
of BCG data to detect various breathing disorders using a 9-layer
deep convolutional neural network (CNN) with an ECG R-peak as a
trigger. This model achieved an accuracy, sensitivity, and specificity
of 96.21%, 88.31%, and 98.69%, respectively, highlighting the possi-
bility of it being used as an early warning system for long-term
impending problems. In [3], Baker et al. reported a study focusing
on their BCGm examination of coronary heart disease. This study
found that abnormalities in BCGm appeared more often in subjects
with coronary heart disease. Theorell and Rahe [35] examined the
medical and psychological data of 36 people who either experi-
enced myocardial infarction and survived or died from it. These
data included their ultralow-frequency BCGm. Here, the mean -]
amplitude served as a rough estimate of the maximal force exerted
by the heart during contraction. In the case of subjects dying from
myocardial infarction, a significant increase in the mean I-] ampli-
tude appeared approximately six months before their death. How-
ever, it is imperative to emphasize that the existing literature does
not encompass any research that specifically addresses the man-
agement of BCG records for terminally ill individuals. Therefore,
this article serves to contribute novel insights to this field of study.
By delving into previously unexplored territory, it sheds light on an
important aspect that has thus far been overlooked by researchers.

Existing literature prior to [11,13] focused on processing dif-
ferential geometric invariants. The preprocessing of the examined
BCG input in terms of calculating its (first) Cartan curvature (CC)
preceded the classification. The dataset can be investigated as a
set of 12-dimensional discrete time-parameterized curves in Eu-
clidean space (the BCGm were obtained by deploying four triaxial
tensometers) using the Frenet-Serret theory [17]. CCs are uniform
functions describing the local properties of curves derived from the
derivatives of the vectors of the Frenet frame, that is, a group of n
orthogonal normalized vectors in the case of a n-dimensional curve
(in the case of n = 3, the vectors are tangent, normal, and binor-
mal) [17]. The main reason for processing CC is its invariance to
isometric transformations (translations, rotations, and reflections)
of the Euclidean group E(n), where CC is independent of the posi-
tion of the person on the bed. In [12], another differential invariant
in BCG data examination, the Euclidean arc length (EAL), was also
included in the data processing. The EAL of a time series in a win-
dow of a given length is computed as the sum of the lengths of
all segments connecting two successive points in that window of
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concrete length [17]. It was first used as a trigger for the unobtru-
sive detection of respiratory disorders. However, subsequent data
processing showed that EAL is not only a useful trigger but also a
valuable source of information on the vital state of the measured
subject. This led us to include both invariants in this study.

Each method of detection or prediction of patient deteriora-
tion listed previously has its own weaknesses. Most research on
this topic is based on the processing of ECG data. Precise ECG
recording requires the attachment of electrodes to specific loca-
tions on the patient’s body. Usually, these electrodes are connected
to the recording device by a wire, making the measurement ob-
trusive and difficult to perform in the long term, despite wireless
ECG recording devices being available. Otherwise, the processing of
clinical or demographic data may be burdened by the late provi-
sion of information, resulting in a late warning. A literature review
shows that there has been no published research examining BCG
data a few hours before death, impending patient deterioration,
or during death. Therefore, the outcomes of the current study are
unprecedented. In continuation of this article, we also present the
distinctive BCG dataset that we have collected and analyzed. This
dataset comprises death records of 16 subjects, providing valuable
and specific information for further investigation. By sharing this
dataset, we aim to facilitate future research in this domain, en-
abling researchers to delve deeper into the implications and in-
sights derived from these records. The inclusion of this dataset
contributes to the overall comprehensiveness and reliability of the
findings.

In this study, a novel approach for achieving mechanical trig-
gers of patient deterioration is proposed. The core hypothesis is
that deterioration causes significant changes in a BCG signal. Death
records of the elderly were collected during long-term BCG data
collection using measuring pads equipped with piezoceramic sen-
sors. When these data were examined using expert estimates, de-
terioration was discovered several hours prior to death. While an-
notating the trigger in the processed dataset, the expert considered
the changes in hemodynamics and respiration effort. The literature
shows that these phenomena change before death. BCG cannot be
described as easily as ECG because BCG does not have a standard-
ized measurement and strongly depends on the position of the pa-
tient or the sensor on the bed. Accordingly, the experts used dif-
ferential geometric invariants (CC and EAL) to annotate the signif-
icant changes. These invariants have proven to be robust tools for
searching for changes in BCG data. Obtaining CC and EAL while
measuring BCG is completely unobtrusive and may be performed
in the long term, even in home care. The calculations of CC and
EAL and their further processing are described in the following
sections.

2. Methods

In the present study, data measurement and preprocessing were
germane. The processed dataset was obtained using measuring
pads equipped with piezoceramic sensors placed under the pa-
tient's mattress, as shown in Fig. 1.

In the case of a 4-sensor pad, the sensors were placed as fol-
lows: (i) approximately under the heart, (ii) under the right lunge,
on the same level as sensor (i), (iii) under the left hip approxi-
mately, at the level of the patient’s centroid, and (iv) on the same
level under the right hip. By contrast, in 2-sensor pads, only sen-
sors (i) and (iii) were deployed. The person lying on the bed was
not connected to any device, and both sensors were placed directly
on the measuring pad, making the measurement unobtrusive. The
body recoil movement propagated through the mattress, and the
measuring pad reached the piezoceramic sensor. The number of
sensors used depended on the type of institution. The beds in re-
tirement homes were equipped with only two sensors because the
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aim of their data processing was to focus on bed presence and
client positioning. In contrast, in the ICU, pads with four sensors
were installed to record the vital state of the patient more accu-
rately. In the presented approach, the output signals were consid-
ered as 2-dimensional discrete curves parameterized by time, in
terms of the timestamp of the recorded data, and 4-dimensional
discrete curves in the case of the ICU. This perspective allows for
the calculation of the differential invariants of the obtained data.

2.1. Data description

The BCG data, whose processing results are presented in this
study, consisted of 16 death records. Data were obtained from
the piezoceramic sensors used for body microvibration data col-
lection. The sensor sampling frequency was 330 Hz. The lengths
of the records differed owing to the different time intervals from
the onset of deterioration to death; a detailed explanation is pro-
vided in the next section. The patients’ sex, age, height, weight,
and other descriptors were unknown; however, none significantly
affected the differential invariants used for our purposes.

2.2. Classifier input preparation

After an expert qualitative examination of data from several
cases, the deterioration of the patient was found to be readable in
the measured data by observing a linear decreasing trend in am-
plitude and irregularities in vital signs. First, the sliding mean of
the Euclidean arc length (SEAL) difference with a window length
of 1 h was derived to automate the identification of amplitude
drop occurrence. SEAL then served as input data for the sliding
least square method (SLSM) with a window length of 30 min and
an overlap between adjoining segments of 10 min to examine the
trend of the signals’ amplitude. In contrast, continuous wavelet
transform (CWT) was used to evaluate the data in terms of anoma-
lies in vital signs. The expert subsequently examined sections of
the measured data, characterized by a negative trend of SLSM ap-
proximation lines, a low difference in the slopes of these lines, a
relatively low error of SLSM, and less readable frequencies of vital
functions in the output of CWT to annotate the start of deterio-
ration. The SEAL and SLSM lines of a recorded death are shown in
Fig. 2a. The parameters examined by annotating the start of the de-
terioration with respect to the decrease in amplitude correspond-
ing to this particular case are presented in Fig. 2b-d. In these fig-
ures, death is observed the moment after which our data no longer
recorded a legible trace of heart activity. The outputs of the CWT
before and after deterioration are shown in Fig. 3a and b.

However, there is a concern that expert annotations are subjec-
tive. To address this issue, expert annotation was evaluated using
a CNN by analyzing the required trainable parameters to decrease
the computational complexity of the system for future applications
[10]. The core hypothesis is that the machine-learning model can
classify before and after the threshold with high accuracy. For this
purpose, the signal is split into training and testing data, as shown
in Fig. 4, where the parts near the threshold are used as testing
data, and those before (normal) and after (deterioration) are used
as training data. This split was created to achieve the same class
balance.

Regarding the threshold, 20% of the shorter vectors represented
the testing dataset, and the remaining 80% represented the training
dataset. An exact-length dataset was created for the second class.
Subsequently, the data were separated into vectors of 660 values,
which corresponded to a 2-second sample of 330 Hz frequency.
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2.3. Preprocessing

The Euclidean differential invariants are preserved under the
actions of the Euclidean group E(n), rendering them invariant to
the position of the person lying on the bed. This is because the
cardiovascular system of the person does not change significantly
in different positions while lying. Let C be a matrix whose columns
correspond to the signals measured by individual sensors, C; be the
ith row of C, that is, the vector of measured data corresponding to
timestamp ¢ = t;, and G;; be the element of C in the ith row and
jth column. The nth difference of C; can be defined as

u n

e = Z(—1>*<n_ ) Cistaio- m
k=0

Moreover, the first difference of the element G ; is given by

dGj =Gip1j = Gij. (2)

The EAL of an n-dimensional discrete curve parameterized by time
is calculated using the following equation

In (3), sm represents the EAL of the polyline connecting succes-
sive points, starting at the point corresponding to the initial times-
tamp t =t; and ending at the point corresponding to the times-
tamp t = t;;,1. The elements sy, are stored in the vector s, and the
difference ds is used for further data processing. However, when
calculating the CCs of the processed n-dimensional discrete signal
at a given time corresponding to timestamp t = t;, the n orthonor-
mal vectors e and q € {1,2,...,n} of the relevant Frenet frame
must be determined first. This can be achieved using the Gram-
Schmidt process [30]. Let the gth vector of the Frenet frame corre-
sponding to the ith row of C be denoted by e?. Using this notation,
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Test Test Table 1
normal detoriation The details of the CNN structure with n classes depend on the used dataset.
N ! . Layers  Type No. of output neurons  Kernel size  Stride
N I ,
N | ,
N | Vs 0-1 convolution 642 x 30 19 1
; 1-2 max-pooling 321 x 30 2 2
1 2-3 convolution 303 x 30 19 1
Unused data Train normal : Train detoriation 3-4 max-pooling 151 x 30 2 2
1 4-5 convolution 141 x 30 11 1
; 5-6 max-pooling 70 x 30 2 2
| 6-7 fully connected 30 - -
! 6-7 fully connected 20 - -
Threshold 7-8 fully connected 2 - -

Fig. 4. Data split.

all Frenet frame vectors can be determined as follows:

dc;

1 i

T @
dkc; — Y1 dke;, ef)e!

e = — = Zﬂ:ﬁ — *j)'j . fork=23..n-1 (5)
ld¥Ci — 37521 (d¥Ci. e])ef |

el=e! xelx. .. xerl (6)

Here ||v|| stands for the Euclidean norm of a vector v, <u,v >
for the dot product of vectors u and v, and u x v for the cross
product of vectors u and v. Let

de! =e]

1, —el, forg=12,....n, (7)

then, the first CC of the n-dimensional discrete curve at the time
corresponding to timestamp t = t; is given by

(de!, e?)
ldGill

This prescription clearly indicates that an n-dimensional dis-
crete curve may include points for which the first CC cannot be
defined owing to division by zero. In our case, this situation occurs
when none of the n signals change their values for two consec-
utive timestamps. From the differential geometry theory perspec-
tive, this curve is not regular. However, if all sensor values change
minimally for two consecutive timestamps, the software used to
calculate the CC values may return infinity. In both cases, CC was

ki =

(8)

assigned a value of zero. Two additional facts regarding the intro-
duced invariants must be stated for further processing. First, the
denominator in the final prescription of the first CC equals the ith
element of difference in the EAL. Second, EAL is more sensitive to
signal segments with larger differences and CC, compared to those
where the signal locally deviates from the signal’s tangents at the
previous points. This relates the invariants in a form similar to in-
verse proportion.

2.4. Model architecture

A unique CNN architecture was developed for classification. The
architecture comprised layer blocks formed by convolutional and
max-pooling layers. Both block layers slid the input of the previ-
ous layer through a window filter defined by the kernel size and
stride. Three blocks were provided in the proposed model to ob-
tain the required features from the input data. In all the max-
pooling layers, the kernel size for the sliding data was determined
by throwing two values with a stride step of two. The first two
blocks of the convolutional layers contained a kernel filter com-
prising 19 vector values, followed by a layer with a filter size of 11.
Thirty filters were used in the convolutional layers to determine
the patterns with a stride step of one. The design was completed
using three successive fully connected layers with 30, 20, and two
neurons representing the normal and abnormal classes, as shown
in Table 1. The entire architecture contained 91,352 trainable pa-
rameters, indicating that an unnecessarily complex model was not
required, even for such a large dataset. To avoid overfitting, rec-
tifier linear unit layers were added after each convolutional layer,
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and a dropout layer was added between the first and second fully
connected layers, all with a value of 0.3. Toward the end of the ar-
chitecture, a softmax exponential function was used to normalize
the findings.

2.5. Limitations and benefits of the approach

Utilizing the 4-sensor BCG pads enables us to acquire long-
term measurements for subsequent processing. The data collec-
tion procedure itself is non-invasive and non-disruptive to the
patients. Simultaneously, the employed measurement method is
susceptible to bed movements unrelated to the patient’s cardiac
activity. Numerous beds in retirement homes are equipped with
anti-decubitus mattresses, which induce periodic bed frame move-
ments. However, this signal noise can be easily extracted due to
its predictable periodicity. Conversely, movements originating from
the patient’s skeletal muscles are indistinguishable from the mea-
sured data and can introduce inaccuracies in the data classifica-
tion. Each human body constitutes a unique biological system, and
the manifestations of health deterioration may exhibit variations.
In this study, a total of 16 death records have been analyzed, which
represents a relatively small sample size necessitating expansion
for future research endeavors.

The utilization of geometric invariants as an approach in this
study is exemplary and builds upon the previous works conducted
by the authors. By aggregating the four measured BCG signals into
a single time series, we are able to employ the aforementioned
Convolutional Neural Network (CNN) described earlier. This tech-
nique allows for a comprehensive analysis of the combined data,
taking advantage of the rich information encoded in the merged
signals. The integration of the geometric invariants and the CNN
model enhances the robustness and effectiveness of the analysis,
enabling us to extract meaningful insights from the BCG measure-
ments.

2.6. Data availability

The raw BCG data supporting the findings of this study are
available in from Mendeley-doi:10.17632/4wrk4fr69w.2. [9].

2.7. Ethics and informed consent

This research was approved by the Committee for Research
Ethics of the University of Hradec Kralové. The experimental pro-
cedure was conducted in accordance with the Ethical Research
Framework of the Ministry of Education, Youth, and Sports of the
Czech Republic and the ethical requirements of the research. All
the participants provided written informed consent to participate
in this study.

3. Results
3.1. Experimental setup

As described in Fig. 4, 20% of the shorter vectors around thresh-
old were used as the testing dataset, while the remaining 80% rep-
resented the training dataset. The data were separated into vec-
tors of 660 values, which corresponded to a 2-second sample of
330 Hz frequency. An exact-length dataset was created for the sec-
ond class. The training dataset was then divided into training and
validation data by a split of 70% and 30%, respectively. During the
training process, 100 epochs were repeated with an early stopping
callback when the validation accuracy stopped improving.

Adam optimizer were used to adapt the model attributes. More-
over, the learning rate (LR) value, which represents the size of a
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Table 2
Optimization hyperparameters used for training the model.

Input Optimizer LR Patience  Factor Mini batch  Epochs

660x1 Adam 1-1073 1-10°° 2.107! 32 100

Table 3

Confusion matrix description.
o/P Normal Abnormal Acc (%) Sen (%) Spec (%)
Nomal TP PN il W e
Ubnormal  FP N TPFTRAFPTEN TREFP TPeFN

Table 4

Overall classification of EAL.
Person  Single input Voting
D Acc (%) Sen (%) Spec (%) Acc (%) Sen (%)  Spec (%)
0 96.56 94.73 98.55 98.91 97.89 100
1 95.77 97.27 94.36 97.02 100 94.31
2 63.36 70.47 59.91 65.03 80.85 58.62
3 76.80 73.33 81.48 85.71 80.88 92.41
4 80.08 79.76 80.40 90.20 92.55 87.94
5 72.55 94.39 50.71 75 95.18 53.79
6 98.10 96.98 99.28 100 100 100
7 61.44 58.56 67.26 67.31 58.66 90.90
8 95.55 93.80 97.44 99.36 99.69 99.03
9 96.56 94.70 98.59 98.92 97.91 100
10 81.65 91.57 75.55 83.73 95.60 76.66
11 78.39 59.92 96.85 83.21 69.12 97.67
12 72.69 70.17 75.93 87.12 80.00 97.56
13 67.32 65.26 70.03 77.33 75.95 79.09
14 86.20 88.34 84.28 92.00 98.23 86.86
15 74.88 70.16 82.46 83.33 76.74 94.23
Total 81.12 81.21 82.06 86.51 87.45 88.06

step towards minimizing the cost function of a model, was vari-
ably reduced for the training process with a patience of five for
no decrease in validation loss by a factor of 2 - 10~ until the min-
imum value of 1.107>. Table 2 summarizes the hyperparameters
of the proposed CNN model.

At the end, each individual were analyzed on testing dataset to
evaluate expert annotations and model performance in detoriation
detection. Classification results are evaluated using a tool called a
confusion matrix. This matrix tabulates the number of true posi-
tives (TP), true negatives (TN), false positives (FP), and false nega-
tives (FN), tabulized in Table 3 with equations for accuracy (Acc),
sensitivity (Sen), and specificity (Spec). TP and TN indicate cor-
rectly classified normal and abnormal signals, respectively, whereas
FP and FN represent the incorrect decisions made by the model.

3.2. Results of the experiments

Table 4 presents the EAL classification results for the proposed
system in terms of accuracy, sensitivity, and specificity. The frac-
tion of correct outcomes and all predictions in a testing popula-
tion is defined as accuracy. It evaluates the dependability of a diag-
nostic test under given conditions. The proportion of true positives
correctly predicted by the classifier is referred to as the sensitivity.
It represents the ability of a test to detect a disease. Specificity is
defined as the proportion of true negatives correctly predicted by
a classifier. This demonstrates the accuracy of a test for predicting
normal data.

Each data point around the expert-defined threshold was eval-
uated separately. Furthermore, sample sequence voting was sup-
plied to improve the system performance, and it succeeded in most
cases, except for that of the person with ID 11. Example details
for a person with ID 0 are shown in Fig. 5. The green dots rep-
resent voting results that result in true-positive or true-negative
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Fig. 6. Testing example for individual patient with ID 12.
decisions, whereas the red dots represent false-positive or false- Table5
negative categories. An important aspect of the observation is that Overall classification of CC.
most errors are close to the threshold where the patient’s condi- Person  Single input Voting
t{on worsens, without early or !altg false posm\{eslor false nega- D Acc (%)  Sen (%) Spec(®) Acc(%) Sen(%)  Spec (%)
tives. The overall accuracy, sensitivity, and specificity of the pro- o 9700 954 9163 P o7 9536
i o o 8 g . X . X 5
posed technique were 86.51%, 874_54, gnd 88.06%, respecFlvely. 1 95.46 9365 9762 9702 0581 08.22
Table 5 presents the CC classification results. The differences 2 5086  53.67 66.05 6157 5537  67.76
between individual results with EAL were negligible in terms accu- 3 78.81 89.37 68.24 85.72 93.16 77.64
racy, sensitivity, and specificity. However, the sensitivity and speci- 4 82.52 80.01 85.04 89.97 88.45 91.46
ficity for individuals were not balanced. A possible reason is that Z gg‘;g gg‘gg gé‘zg ?3635 ?35” ?3652
some CCs‘ were infinite or undefined; these were subs_equently re- 7 5723 17.68 96.78 53.81 15.94 95.96
placed with zero. Moreover, the threshold from Section 2.2 was 8 97.89 97.95 97.82 99.21 9921 9921
computed from EAL; thus, computing both approaches was not 9 98.03 99.77 96.28 98.98 99.88 98.07
necessary. 10 78.52 72.24 84.80 79.63 73.54 85.68
11 7986  64.93 94.78 85.81 73.92 96.45
12 75.82 83.99 67.65 82.18 88.46 7551
13 67.45 77.63 57.27 7473 8325 65.61
4. Discussion 14 86.18 83.09 89.26 92.2 90.24  94.09
) 15 7634  86.14 66.53 8267 9021 74.62
Total 81.15 80.89 81.37 84.21 83.87 84.69

The results presented in Tables 4 and 5 are similar owing to
the nature of EAL and CC, which was described at the end of
Section 2.3. The results of the expert estimation for IDs 0, 1, 6,
8, 9, and 10 indicated immediate health deterioration with high
accuracy. This suggests that the system can accurately detect criti-
cal patient conditions. However, in case 10, there was a short-term
state deterioration in the pre-threshold region, causing the classi-

fication accuracy to be lower than that of the other cases with an
instantaneous state change.

The condition of patients with IDs 3, 4, and 14 worsened
rapidly, although not immediately, within 10 min. This caused
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more frequent mispredictions in the near-threshold region, indi-
cating that the system is particularly vulnerable to errors in this
area. Therefore, these cases must be focused upon to improve the
overall accuracy and reliability of the system. In addition, case 3
was found to have random false positives, which reduced the sen-
sitivity of the system. This is a serious concern because false pos-
itives can lead to unnecessary interventions. Such issues must be
identified and addressed to optimize the system and minimize the
occurrence of false positives while maintaining high sensitivity and
accuracy.

Certain findings, however, appeared dubious for persons with
IDs 12, 13, and 15, where the model appeared to be ineffective in
step threshold cases. Specifically, for ID 12, a detailed qualitative
study of the associated RAW data using SEAL, SLSM, and CWT, re-
vealed that the patient’s deterioration progressed over a period of
7 h, with accelerated deterioration during the last 2 h. However, an
additional examination indicates that a specific trend results in an
improvement in the distance from the threshold decision. It may
be seen in Fig. 6, the Y-axis shows the number of voting results,
indicating that the condition is not acceptable, and the X-axis rep-
resents the number of testing samples. This leads to the conclusion
that status changes should be gradual rather than stepwise and ex-
plains why voting post-processing improved the final prediction.
Furthermore, accuracies of 56.45% and 53.48% for the single-input
evaluation were unsatisfactory for the situations of IDs 5 and 11,
respectively. Examination of the findings revealed a tendency for
gradual condition change in distinct timesteps, requiring a double-
check of expert design thresholds and performance improvement.
Moreover, the individuals with IDs 2 and 7 showed unsatisfactory
results. However, after these patients first experienced health-state
deteriorations, their SEAL, SLSM, and CWT results improved. After
an hour-long increasing trend for SEAL and gradually readable vi-
tal function signs in the CWT results, the patients’ condition de-
teriorated again, which culminated in their deaths within approxi-
mately 1 h.

Overall, these findings suggest that the system has the poten-
tial to accurately detect critical conditions in patients; however, its
performance and reliability may be improved.

5. Conclusion

This paper presents a classification model for health deteriora-
tion based on geometric invariants. The system operated via BCG
sensors placed unobtrusively by measuring pads placed under the
patient’s mattress. The proposed solution was classified based on
CC and EAL preprocessing mechanisms, with data labeling as nor-
mal or abnormal based on the SLSM algorithm and CWT. The clas-
sifier was designed as an 8-layer deep CNN model for predict-
ing health deterioration. A voting post-processing technique was
deployed to improve model performance. Experiments employing
cross-validation with an expert threshold and data length demon-
strated that the accuracy, sensitivity, and specificity were 86.51%,
87.45%, and 88.06%, respectively.

In future work, the plan is to persist in the collection of long-
term BCG data primarily from retirement homes situated in the
Czech Republic. The objective is to gather a larger number of
death cases for subsequent analysis. Differential geometry provides
additional geometric invariants that hold promise for the classi-
fication of the measured data, such as affine differential invari-
ants (such as affine arc length and affine curvatures). Furthermore,
there is a plan to develop a more resilient algorithm for detect-
ing the threshold of health deterioration. By enhancing the algo-
rithm’s robustness, we can improve the accuracy and reliability
of identifying critical health changes. These proposed future di-
rections aim to further enhance the understanding and applica-
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tion of BCG measurements in monitoring and predicting health
outcomes.
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Zatizeni pro sledovani mikropohybi Zivych organismu

Oblast techniky

Predkladané technické feSeni se tyka zafizeni vhodnych pro neinvazivni sledovani mikropohybu
zivych organismu, zejména lidi.

Dosavadni stav techniky

V soucasnosti 1ze monitorovat mechanickou aktivitu vnitfnich organu a struktur (srdee, plice,
cévni systém, svaly) na zaklad¢ sledovani jejich mikropohybu s charakteristickymi frekvencemi.
V publikaci ,,Unobtrusive Vital Sign Monitoring in Automotive Environments - A Review"
autoru Leonhardt akol. (Sensors 2018, 18(9), 3080; https://doi.org/10.3390/s18093080) jsou
shrouty zpusoby sledovani vitalnich funkei lidského téla ve vozidle. Mezi zpusoby na zakladé
mechanickych zmén patfi distanéni monitorovani ultrazvukem, radarem nebo mikrovlnami, video
monitorovani, balistokardiografie (BCG) nebo seismokardiografie (SCG). Zejména
balistokardiografcka mé&feni poskytuji data o vibracich zpusobenych srdecni a plicni aktivitou
pomoci nezbytného mechanického kontaktu méficiho zafizeni se sledovanym organismem.
Dulezitym aspektem monitorovani fyziologickych parametru je i poloha téla (ve stoji, v sedg,
v lehu na zadech/bfichu/boku apod.) Popsana méfici zafizeni mohou zahrnovat piezoelektricky
element, feroelektrickou vrstvu, tenzometrické ¢i tlakové senzory umisténé ve vaze, v postelnich
sloupech, nebo v matraci.

Nevyhodou téchto zafizeni je jak jejich nepfesnost, zpiisobena nizkou vzorkovaci frekvenci, tak
nizka zivotnost a robustnost vyuZiti.

Podstata technického feSeni

Cilem predkladané¢ho technického feSeni je poskytnout zafizeni pro sledovani mikropohybu
zivych organismi, zejména lidi, s dostatecnou pfesnosti a robustnosti pouZiti.

Vyse uvedené nedostatky stavu techniky do jist¢ miry odstrafiuje zafizeni pro sledovani
mikropohybu Zivych organismi, jehoz podstata spoéivd vtom, ze zahrnuje pouzdro
zahmujici dv¢ klapky s pfitlacnou ¢asti, dva piczoelektrické elementy, nabojovy zesilovac, AD
prevodnik a fidici jednotku. Kazda klapka je uchycena v pouzdru kyvné pomoci ¢epu a drzaku
a jeji pfitlaéna East vy€nivajici ze spodni strany klapky je mechanicky spojena s piezoelektrickym
clementem uvnitf pouzdra. Kazdy piezoelektricky element je dale vodive spojen pfes nabojovy
zesilovaé a AD pievodnik s fidici jednotkou, umisténou na desce plodnych spojii. Ridici jednotka
dale zahmuje napajeci konektor a alespori jeden datovy konektor.

Funkce zafizeni je popsana nasledovné. Po mechanickém zatizeni klapky mikropohybem
sledovaného Zivého organismu je tento pohyb pfenesen jeji pfitlaGnou ¢asti na piezoelektricky
element. Mechanicka deformace piezoelektrickych elementu je pfevedena na elektricky naboj,
ktery je zesilen nabojovym zesilovaem, a vysledné napéti je pro fidici jednotku digitalizovano
AD prevodnikem. Z digitalnich dat jsou pomoci fidici jednotky vypoéteny data fyziologickych
hodnot. Vysledky lze dale zpracovat, interpretovat a zobrazit na pocitaci.

Ve vyhodném provedeni je piezoelektricky element z keramického nebo organického materialu.

Dale muze pouzdro zahrnovat odnimatelny kryt, napf. podepfeny dvéma stojinami uvnitf
pouzdra, ktery spolu s klapkou chrani vnitini soucastky zafizeni.
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Vyhodn¢ jsou sledovany mikropohyby s frekvencemi 0,1 az 10 Hz. Jedna se o mikropohyby
zpusobené zejména dechovou aktivitou (frekvence cca 0,1 az 0,5 Hz) a tepovou aktivitou (cca 0,8
az 5 Hz) ao jednorazové zmény zpusobené¢ zménami polohy méfené¢ho subjektu. Vystupem
zafizeni (fidici jednotky) jsou tedy naméfena fyziologicka data o tepové frekvenci, dechové
frekvenci, trovni stresu a/nebo unavy. Vysoka vzorkovaci frekvence zafizeni (300 az 350 Hz)
arozliSeni AD pfevodniku poskytuje minimalné kazdou sekundu fyziologicka data
(tep/dech/uroven stresu), tedy napi. tepovou frekvenci s presnosti na kazdy srde¢ni uder, oproti
znamym feSenim, ktera zobrazuji rizn¢ prumérované hodnoty. Ziskana data muzou dale byt
preposlana pomoci datovych konektorl do pocitace, kde jsou vyhodnocena a zobrazena. Ziskana
data muzou vsak byt vyuzita inteligentnim systémem pro Upravu prostredi, ktery mize ménit
teplotu, osvétleni (intenzitu ¢i barvu), hudbu a dalsi parametry prostfedi na zakladé naméfenych
fyziologickych parametrii v realném case, napf. scilem uklidnit rozruSeného ¢lovéka, nebo
doporucit prestavku sediciho pracovnika v kancelafi. Pocita¢ muZe stimto systémem
komunikovat prostfednictvim rozhrani API. Dale mohou byt ziskana data pfenesena pies internet
(napf. technologiemi Ethernet, Wifi nebo Bluetooth) do vybranych zafizeni, napf. uzpusobenych
k upozornéni vybranych osob (napf. oSetfujiciho personalu nebo rodinného pfislusnika) do
mobilni aplikace v pfipadé prekroceni urcité hranice tepové ¢i dechové frekvence monitorované
osoby.

Zafizeni muze byt vyhodné integrovano do sedaku, opéradla nebo lozni plochy, napf. do Zidle,
kiesla, gauce, postele, invalidniho voziku apod.

Dals§im aspektem technického feSeni je 1 pouziti pfedkladaného zafizeni pfi sledovani tepové
frekvence, dechové frekvence, trovné stresu a/nebo tnavy Zivého organismu.
Objasnéni vvkresu

Podstata technického feseni je dale objasnéna na piikladech jeho uskuteénéni, které jsou
popsany s vyuzitim pfipojenvch vykresu, kde:

obr. 1 znazomiuje perspektivni pohled na oteviené zafizeni bez klapek a krytu;
obr. 2 znazomiuje vrchni pohled na oteviené zafizeni bez klapek a krytu;

obr. 3 znazormiuje perspektivni pohled na klapku;

obr. 4 znazomiuje bocni pohled na klapku a jeji pritlacnou ¢ast;

obr.5 znazomiuje perspektivni pohled na kryt; a

obr. 6 znazoriuje blokové schéma zapojeni jednotlivych soucastek zafizeni.

Priklady uskuteénéni technického fFeseni

Uvedena uskuteCnéni znazoriuji piikladné varianty provedeni technického feSeni, ktera vSak
nemaji z hlediska rozsahu ochrany Zadny omezujici vliv.

Jak je znazoméno na obr.1, 2 a 5, pfedkladané zafizeni pro sledovani mikropohybu Zzivych
organismu zahrnuje pouzdro 1 zahrnujici odnimatelny kryt 2. dvé klapky 3 s pfitlaénou ¢asti 4,
dva piezoelektrické elementy 5, nabojovy zesilova¢ 6, AD prevodnik 7 afidici jednotku 8 na
desce plosnych spoju 16. Kazda klapka 3 je uchycena v pouzdru 1 kyvn¢ pomoci ¢epu 9 a drzaku
10, viz obr. 3, ajeji piitlacna ¢ast 4 je mechanicky spojena s piezoelektrickym elementem 5
uvnitt pouzdra 1, viz obr. 4. Klapka 3 detekuje mikropohyby zplisobené srdecni, dechovou
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aktivitou nebo uréitym stupném unavy ¢i stresu sledovaného organismu s frekvenci 0,1 az 10 Hz
ajeji mechanicky pohyb je mechanicky pres pritlaCnou Cast 4 prenesen na piezoelektricky
element 5. Kazdy piezoelektricky element 5 (napf. z keramického materialu) je dale vodivé
spojen pres nabojovy zesilova¢ 6 a AD pievodnik 7 s fidici jednotkou 8, umisténou na desce
plosnych spoji 16. Ridici jednotka 8 dale zahmuje napajeci konektor 11 a alespoii jeden datovy
konektor 12 pro spojeni s externim pocitacem 13. Jak je zndzornéno na obr. 1 a 5, odnimatelny
kryt 2 je podepfeny dvéma stojinami 14 uvnitf pouzdra 1 aje fixovan vruty pres fixacni otvory
15.

Obr. 6 znazomiuje blokové schéma pienosu elektrického signalu z piezoelektrick¢ho elementu 5
po jeho mechanické deformaci pfitlacnou casti 4. Signal z piezoelektrického elementu 5 se
vzorkovaci frekvenci napf. 330 Hz je pfenesen do nabojového zesilovade 6, napf. v podobé
operacniho zesilovace. Vystupni napéti je se vzorkovaci frekvenci az 660 Hz digitalizovano AD
pfevodnikem 7, napf. Sestnactibitovym sigma-delta AD prevodnikem, ktery komunikuje s fidici
jednotkou 8, ktera umoziuje vyhodnocovat data a predat signal dale do poéitace 13 po digitalnim
rozhrani RS485 pomoci datovych konektort 12. Signal muze rovnéz byt pfenesen pies internet
(Ethernet, Wifi, Bluetooth) do dalSich zafizeni.

Pramyslova vyuZitelnost

Vyse popsané zafizeni pro sledovani mikropohybu zivych organismu lze vyuzit v zidlich,
kieslech, gaucich, postelich nebo invalidnich vozicich apod., ato jak v domacim prostiedi,
v kancelafich, v domovech duchodcu nebo ve vefejnych prostorach (letisté, atria, ¢ekarny,
salonky).
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NAROKY NA OCHRANU

1. Zafizeni pro sledovani mikropohybu Zivych organismu, vyznacujici se tim, Ze zahrnuje
pouzdro (1) zahmujici dvé klapky (3) s pfitlaénou ¢asti, dva piezoelektrické elementy (5),
nabojovy zesilovac (6), AD prevodnik (7) a fidici jednotku (8), pfi¢emz kazda klapka (3) je
uchycena v pouzdru (1) kyvné a jeji pfitlacna cast je mechanicky spojena s piczoelektrickym
elementem (5) uvnitf pouzdra (1), pficemz kazdy piezoelektricky element (5) je dale vodiveé
spojen pies nabojovy zesilovaé (6) a AD pievodnik (7) s fidici jednotkou (8), ktera dale zahrnuje
napajeci konektor (11) a alespori jeden datovy konektor (12).

2. Zafizeni podle naroku 1, vyznadujici se tim, Ze piczoelektrickym elementem (5) je
keramicky nebo organicky piezoelektricky element.

3. Zafizeni podle naroku 1 nebo 2, vyznadujici se tim, Ze pouzdro (1) zahrnuje odnimatelny
kryt (2).

4. Zafizeni podle kter¢hokoliv z predchozich narokd, vyznacujici se tim, Ze vzorkovaci
frekvence zafizeni je 300 az 350 Hz.

5. Zafizeni podle kteréhokoliv z pfedchozich naroku, vyznadujici se tim, Ze fidici jednotka (8)
je uzpusobena k poskytovani dat o tepové frekvenci, dechové frekvenci, irovni stresu a/nebo

unavy.

6. Zartizeni podle kteréhokoliv z predchozich narokii, vyznadujici se tim, Ze je integrovano do
sedaku, opéradla nebo lozni plochy.

3 vykresy
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Seznam vztahovych znacek:

O 00~ NN RN =

Pouzdro

Odnimatelny kryt
Klapka

Pritlacna Cast
Piczoelektricky element
Nabojovy zesilovac
AD pievodnik

Ridici jednotka

Cep klapky

Drzak klapky
Napajeci konektor
Datovy konektor
Extermni pocita¢
Stojina

Fixaéni otvor

Deska plosnych spoju.
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flow in the body. As a result, the time parameter does not have a constant value and
by studying it and processing its values over a longer period of time it is possible
to detect peristaltic movement of the GIT organs. The system may include an alert
unit that will alert the medical personnel if an arrest of the peristaltic movements
is detected.

[Continued on next page]
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Method of monitoring peristalsis of organs of the gastrointestinal tract and a

device for monitoring peristalsis

Technical Field

The invention relates to a diagnostic device for monitoring peristalsis of organs of
the gastrointestinal tract or movement of fetus in utero.

Background of the Invention

Heart pulse or pressure is a frequently used source of physiological data, the
analysis of which can be used to diagnose a patient’s condition or to evaluate the effect
of treatment. One of the most common methods is listening to the heart with a
phonendoscope, which can be used to determine the heart rate. Blood pressure is
determined by a tonometer. Heart rate can also be measured non-invasively using a
finger oximeter. More detailed information about the heart activity provides, for example,
the ECG method.

The document US 10,335,050 B2 describes a device for determining the
propagation velocity of a cardiac pulse wave. The device comprises at least two pulse
wave sensors, where one sensor is placed on a finger of the hand and the other sensor
is placed on a toe of the foot of the patient, and a computing unit adapted to determine
the time at which a given pulse wave arrives to the finger of the hand and to the toe of
the foot of the patient. The computing unit works with the time difference measured
between pulse wave detections, which is then used to determine the risk of a cardiac
event using the patient's height and age. The document does not describe the
methodology of data processing that would allow for monitoring of peristalsis of the

patient’s gastrointestinal tract or movement of fetus in utero.
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The document JP09081047 describes a device measuring an R wave signal using
an ECG placed above the level of the abdomen of the patient being monitored, and a
pulse wave signal on a finger of the hand. By processing the measurements it is possible
to obtain information about the transition time of the pulse wave of the aorta. However,
without a sensor placed on the lower body, it is not possible to determine the degree of
peristalsis of the patient’s gastrointestinal tract.

Summary of the Invention

The above shortcomings of the state of the art are at least partially eliminated by
a method of operation of a device for monitoring peristalsis of organs of the
gastrointestinal tract. The device comprises a first sensor adapted to be placed in the
region of the upper half of the body, a second sensor adapted to be placed in the region
below the abdominal bifurcation, and a computing unit communicatively connected to the
first sensor and the second sensor. The method of operation of the device comprises the
following steps:

- detection of at least one mechanical parameter of the aorta by the first sensor;

- detection of mechanical excitation of the aorta by the second sensor, where
the mechanical parameter measured detected by the first sensor and the
mechanical excitation detected by the second sensor correspond to the same
heartbeat;

- and determination of the time parameter describing the time relationship
between the mechanical parameter and the mechanical excitation by the
computing unit.

The advantage of the present method lies in the accurate detection of the peristaltic
movements of the gastrointestinal tract based on the processing of the time parameter.

Preferably, the second sensor is embodied as a piezoelectric sensor or strain
gauge and detects the pulse wave of the aorta, which is a mechanical excitation of the
aorta. The first sensor is embodied as an electrocardiograph, where the mechanical
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parameter of the aorta is its QRS complex. The time parameter is the time difference
between the detection of the R wave by the first sensor and the detection of the pulse
wave of the aorta by the second sensor.

Alternatively, the first sensor can be embodied as a piezoelectric sensor or strain
gauge, wherein the mechanical parameter of the aorta is its pulse wave. The time
parameter is then the time difference between the detection of the pulse wave of the aorta

by the first sensor and the second sensor.

Preferably, the method is performed for 30—1800 s, therefore, the present method
of operation of the device for monitoring the peristalsis of the GIT organs does not restrict
the patient during the measurement in the long term and does not represent a significant

interference with their comfort.
The method further preferably comprises steps performed by the computing unit:

- creation of a time series of the time parameter values,
- determination of the spectral density of the time parameter values

- and indication of the peristaltic movement of the GIT organs.

These steps have the advantage of automatically indicating the arrest of the GIT
peristaltic movements. This can be further monitored by an alert mechanism that alerts
the attending staff in the event of detection of an arrest of the GIT peristaltic movements.

The above shortcomings of the state of the art are at least partially eliminated by a device
for monitoring peristalsis of organs of the gastrointestinal tract. The device comprises a
first sensor adapted to be placed in the region of the upper half of the body, a second
sensor adapted to be placed in the region below the abdominal bifurcation, and a
computing unit communicatively connected to the first sensor and the second sensor.
The first sensor is adapted to detect at least one mechanical parameter of the aorta by
the first sensor. The second sensor is adapted to detect mechanical excitation of the
aorta. The computing unit is then adapted to determine the time parameter, which
describes the time relationship between the mechanical parameter and the mechanical
excitation. The advantage of the present device lies in the accurate detection of the
peristaltic movements of the gastrointestinal tract based on the processing of the time

parameter.
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The first sensor is embodied as an electrocardiograph, or together with the second
sensor it is embodied as a piezoelectric sensor or a strain gauge.

The device further comprises an AD converter electrically connected to the first
and second sensors and the computing unit. Preferably the signal is amplified by an
amplifier before processing.

The device further preferably comprises an alert mechanism and a communication
peripheral communicatively connected to the alert mechanism, where the alert
mechanism is adapted to alert medical personnel in the event of detection of arrest of the
peristaltic movements of the GIT organs.

Description of Drawings

A summary of the invention is further clarified using exemplary embodiments
thereof, which are described with reference to the accompanying drawings, in which:

Fig. 1 — shows a device for monitoring peristalsis of organs of the gastrointestinal
tract;

Fig. 2 — shows QRS complex of the aorta;
Fig. 3 and 4 — show the waveform of signals measured by the first and second sensor;

Fig. 5 and 6 — the spectral dependence of the processed signal is plotted.
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Exemplary Embodiments of the Invention

The invention will be further clarified using exemplary embodiments with reference
to the respective drawings, which, however, have no limiting effect on the scope of
protection.

In the first exemplary embodiment shown in Fig. 1 a device 1 for monitoring
peristalsis of organs of the gastrointestinal tract comprises a first sensor 3 adapted to be
placed in the region of the upper half of the body of the patient 2 above the level of the
heart, for example, on the hand, arm, fingers, in the neck region, or on the head, and a
second sensor 4 adapted to be placed in the region of the lower half of the body of the
patient 2 below the level of the heart, for example, behind the abdominal bifurcation in
the direction of blood flow through the arteries, e.g. on the thigh, calf, foot, or toes, and a
computing unit 5 electrically connected to the first and second sensors 3, 4.

The first sensor 3 is adapted to detect a mechanical parameter of the aorta. The
second sensor 4 is adapted to detect a mechanical excitation of the aorta or induced by
the aorta or the pulse wave of the aorta. The pulse wave of the aorta corresponds to a
single heartbeat, during which blood is displaced from the heart into the aorta and then
into the individual arteries and other vessels. The displacement and transport of blood
are associated with an increase in blood pressure in the vessels, which decreases in the
second phase of the cardiac cycle. The peak of the pulse wave corresponds to the highest
value of pressure reached, while the minimum of the pulse wave corresponds to the
lowest value of blood pressure. In the same way, mechanical excitations occur during the
heart pulse and propagate through the individual vessels. The first sensor 3 is embodied
either as a mechanical sensor of the excitation caused by the pulse wave of the aorta, or
in an alternative embodiment the first sensor 3 is embodied as an electrocardiograph.
The second sensor 4 is embodied as a mechanical sensor of the excitation caused by
the pulse wave of the aorta. In case of mechanical embodiment of the sensors 3, 4, the
sensors 3, 4 may be in the form of a piezoelectric sensor, where the pulse waveform
causes deformation of the crystal in the sensor and thus generates electrical voltage.
Another option for a mechanical sensor embodiment is to use a strain gauge.

As an example, the device 1 for monitoring peristalsis of organs further comprises
a first amplifier 7 electrically connected to the first sensor 3, and a second amplifier 7

LXXXIII



10

15

20

25

30

WO 2023/006134 PCT/CZ2022/050069

electrically connected to the second sensor 4. The amplifiers 7 are used to amplify the
output signals obtained by the first and second sensors 3, 4. The device 1 for monitoring
peristalsis of organs further comprises at least one AD converter 6 for converting the
analogue signal obtained by the first and second sensors 3, 4 into a digital signal. The
AD converter 6 is electrically connected to the computing unit 5 to which it sends the
converted digital signal. Alternatively, two AD converters 6 can be used, one for each
sensor 3, 4.

In an exemplary embodiment, where the first sensor 3 is embodied as an
electrocardiograph, the mechanical parameter of the aorta is the QRS complex shown in
Fig. 2, which describes the contraction of the ventricular musculature of the heart. The
duration of the signal corresponding to the QRS complex ranges from 75-105 ms. The
monitored parameter is then the R wave, which is the highest positive wave recorded on
the electrocardiograph and corresponds to the pulse of the aorta.

The amplified and converted signal obtained by the first and second sensors 3, 4
corresponds to the pulse waveform of the aorta, where both waveforms, or the waveform
measured by the first sensor 3 and the second sensor 4, belong to the same heartbeat.
The amplified and converted signal is then processed by the computing unit 5. Both
signals have a similar waveform, as can be seen in Fig. 3, however, they are slightly
delayed to each other, which is due to the placement of the first and second sensors 3,
4, which are usually at different distances from the heart. Alternatively, it is possible to
work only with the detection of the pulse wave itself instead of sensing entire waveform
thereof. In this case, the pulse corresponding to the same heartbeat is detected by one
sensor at a certain time and the other sensor detects this pulse with a certain time delay.

The signals corresponding to the pulse waveform are then processed by the
computing unit 5. In Fig. 3 and 4, the waveform of signals measured by the first sensor 3
(blue) and the second sensor 4 (orange) is shown in an exemplary embodiment, in which
both sensors 3, 4 are embodied as mechanical sensors. The waveform of the signals
corresponds to the mechanical excitation induced by the pulse wave of the aorta. In Fig.
3 and 4, it is clear that both signals have a very similar trend, however, they show a slight
delay with respect to each other. Signal processing means determination of time
parameter describing time relationship between the mechanical parameter of the aorta
and the mechanical excitation of the aorta by subtracting the pulse waveforms detected
by the first sensor 3 and the second sensor 4, the signal processing subsequently results
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in obtaining a time difference between the detections of pulse wave by the first sensor 3
and the second sensor 4 in an embodiment where both sensors 3, 4 are embodied as
mechanical sensors. In an exemplary embodiment, where the electrocardiograph is used
as the first sensor 3, the time parameter describing the time relationship between the
mechanical parameter of the aorta monitored by the first sensor 3 and the mechanical
excitation of the aorta monitored by the second sensor 4 is the time difference between
the detection of the R wave in the QRS complex of the electrocardiogram and the
detection of the pulse wave by the second sensor 4. The time differences obtained in this
way would have a virtually constant value throughout the entire measurement period in
case of absolute rest of the patient. Patient movement may affect the values obtained,
however, this irregularity can be detected and can be handled and eliminated by the

computing unit 5.

The organs of the gastrointestinal tract lie close to the aorta. The GIT organs
perform constant peristaltic and other movements. Due to their movement and change in
shape, they exert a force on the aorta, compressing it or, on the contrary, relieving the
pressure on it. Similarly, the fetus in utero performs its own movements, by which it
compresses other organs in the woman'’s body, or it can affect the aorta itself, similar to
the peristaltic movements of the GIT organs. Thus, the fetus in utero can compress the
aorta in various ways or, on the contrary, relieve the pressure on it. These forces affect
the hemodynamics of the blood flowing through the aorta and thus delay or accelerate
the pulse waveform of the aorta and the pulse is recorded by the second sensor 4 with a
delay. Delays caused by peristaltic movements of the organs or movement of the fetus
will affect the recorded pulse waveform of the aorta or pulse detection time. If the GIT
organs do not perform peristaltic movements or the fetus is not moving in utero at that
moment, the time difference of the pulse wave detection by the first sensor 3 and the
second sensor 4 acquires the first value. In case of peristaltic movement of the GIT or
movement of the fetus, the time difference of the pulse wave detection by the first sensor
3 and the second sensor 4 acquires a second value different from the first value.

In an exemplary embodiment, detection of peristaltic movements of the GIT organs
or movement of the fetus in utero is performed as follows. The second sensor 4 is placed
on the male patient 2 or female patient 2 in the region behind the abdominal bifurcation
in the direction of blood flow in the artery from the heart towards the legs. If the first sensor
3 is embodied as a mechanical sensor, it is placed in the upper half of the body, for
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example on the hand or arm. In an alternative embodiment, the first sensor 3 is embodied
as an ECG. Subsequently, the pulse waveform of the aorta is measured or the time of
the pulse detection, so-called pulse arrival time, is measured. The signal from the first
and second sensors 3, 4 is processed by the computing unit 5 for at least 30 seconds.
The upper value of the measurement time is practically unlimited and can be chosen with
regard to the male or female patient’s comfort, time possibilities, and practical purpose,
or it can be monitored permanently. For example, the upper value of the measurement
by the first and second sensors 3, 4 is 1800 s. The computing unit 5 determines a series
of values of differences of the pulse detection by the first sensor 3 and the second sensor
4. The male patient 2 or female patient 2 is at rest and lying down throughout the
measurement. If the movement performed by the GIT organs or the fetus in utero is
minimal or has almost no value, the time difference of pulse detections by the first sensor
3 and the second sensor 4 acquires first values, the set of first values is the same with
respect to the measurement statistics, the mean value, and the standard deviation. When
the GIT organs or the fetus in utero begin to make movements, these movements exert
a force on the aorta. Exertion of force means in particular the compression or relaxation
of the aorta. This exertion of force results in different blood flow at the compressed or
relaxed site, which affects the pulse wave detection time by the second sensor 4 and the
pulse waveform measured by the second sensor 4. The time difference of pulse
detections by the first sensor 3 and the second sensor 4 thus acquires second values that
are different from the first values. The second value denotes a set of second values that
do not have to be of the same size. The value of this difference is determined by the rate
of movement of the GIT organs or the fetus in utero.

From the set of computed values, the spectral density of the signal corresponding
to the number of frequencies contained in this signal is determined by the computing unit
5 by the following procedure — a time series composed of a series of values of pulse
detection differences in the measurement time interval is created, then the spectral
density of the signal is computed from this series by determining an arbitrary frequency,
for example 4 Hz. In an exemplary embodiment, the computing unit 5 is connected to a
display unit 8, for example a monitor or other display, on which the obtained dependency
is displayed. For example, it is shown in the form of a graph, where the X-axis shows the
values of the signal frequencies, and the Y-axis shows their values over time. Fig. 5

shows this dependence obtained in an experiment on a pig in which the blood supply to
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the intestines was cut off during embolization, stopping peristalsis thereof. The values on
the Y-axis are in minutes. Yellow vertical bars with decreasing intensity can be observed
on the graph. The first bar on the left indicates the fundamental frequency, the other
vertical yellow bars indicate higher harmonic components of the fundamental frequency
or contain additional information. Green vertical bars indicate signal attenuation. The
state before embolization, when the peristaltic movements of the intestines were
performed naturally, is shown in the upper part of the figure; after embolization, when the
peristaltic movements ceased, there is an observable deviation marking the interruption
of the peristaltic movements at a time of about 95 min.

The assessment of cessation of the peristaltic movement of the GIT organs or
movement of the fetus in utero is determined by a trained medical professional from the
graphical representation shown on the display unit 8 or from a list of values. Alternatively,
the computing unit 5 is adapted to detect abnormalities corresponding to the cessation of
the peristaltic movement of the GIT organs or movement of the fetus in utero. The
detection can be implemented by an algorithm that monitors sudden fluctuations in the
spectral density of frequencies, wherein an abnormality is detected if the fluctuation in
values has a longer duration to avoid detection of false fluctuations caused by e.g.,
sudden movement of the patient, noise, random interference with surrounding
electronics, etc. The detection may also be performed using artificial intelligence, in
particular neural networks with a trained classifier adapted to detect abnormalities in the
measured values, where the abnormalities correspond to the cessation of the peristaltic
movements of the GIT organs or movement of the fetus in utero. The detected
abnormality is displayed in a list of spectral density values directly in the graphical
representation for easier orientation of the medical personnel. One exemplary
embodiment of the device 1 for monitoring the peristalsis of the GIT organs or movement
of the fetus in utero further comprises an alert mechanism 9 which, in the event of
detection of an anomaly in the measured values by the computing unit 5, alerts medical
personnel that immediate medical intervention is required. The alert may be acoustic, e.g.
by triggering an alarm mechanism similar to a code blue situation, by lighting up an
indicator light placed on the device for monitoring the peristaltic movements of the GIT
organs or movement of the fetus in utero, or the alert mechanism 9 may communicate

with an internal server and send an alert to a computer, cell phone, pager, or other
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communication peripheral 10, thereby alerting medical personnel who may immediately
provide the necessary medical care to the patient.

Using the device 1 for monitoring the movement of the fetus in utero according to
the previous embodiments of the invention, it was possible to perform a series of
experiments proving the practicability of the presented invention. The total of 28 patients
were monitored using the device 1 for monitoring the movement of the fetus in utero for
the time duration of approximately 30-60 minutes. The heart activity of the fetus was
measured using the cardiotocography which produces an actogram. The movements,
microvibrations, of the patient and the fetus were also simultaneously measured using a
plurality of sensors 3, 4. The operational frequency of the sensors 3, 4 was set to 330 Hz.
Data obtained by the sensors 3, 4 was further processed by the computing unit 5, and
the first Cartan curvature was calculated. The first Cartan curvature carries information
about the change of the parameters of a pulse wave reflected in the organism. Afterwards,
the selected values were processed using the continuous wavelet transformation which
provides information about the frequency characteristics of the given processed signal,
in this case the Cartan curvature. Number of frequencies present in the results of the
continuous wave transformation was then studied. Given the properties of the signal a
propriate threshold value was determined for a selected interval of frequencies, in this
case 0,5-1 Hz. If the average amplitude of the signal in the given interval of frequencies
exceeded the threshold value, the moment was determined as a moment of a significant
fetal movement. This measurement was realized with sampling frequency of 1 s. By this
process, it was possible to obtain two time series. The first time series displays the
timestamps of fetal movement registered by the actogram, the second time series
displays the timestamps of fetal movement registered by the described algorithm of
calculating the CWT from the first cartan curvature. By comparing the reference values
obtained by the actogram and the measured values obtained by the sensors 3, 4, the
sensitivity of the method was determined as 88%, and the specificity of the method was
determined as 70%. The first time series with the movement of the fetus marked by black
rectangles is depicted in the Fig. 7. The output of the CWT method applied to the first
Cartan curvature of the processed signal is depicted in the Fig. 8, where the horizontal
axis symbolizes time values, and the vertical axis symbolizes a magnitude of the signal.
Fetal movements are easily determined from the Fig. 8.
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Industrial Applicability

The invention finds application in medicine, it can be used to monitor peristaltic
movements of organs of the gastrointestinal tract or the fetus in utero. The device for
monitoring peristalsis of the GIT organs or movement of fetus in utero forms a monitoring

device that monitors the health condition of the patient.
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List of Reference Numbers

1 — device for monitoring peristalsis of the GIT organs
2 — patient

3 — first sensor

4 — second sensor

5 — computing unit

6 — AD converter

7 — amplifier

8 — display unit

9 — alert mechanism

10 — communication peripheral
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CLAIMS

A device (1) for monitoring peristalsis of organs of the gastrointestinal tract
comprising a first sensor (3) adapted to be placed in the region of the upper half of
the body, a second sensor (4) adapted to be placed in the region of the lower half
of the body, and a computing unit (5) electrically connected to the first and second
sensors (4), characterized in that the first sensor (3) is adapted to detect a
mechanical parameter of the aorta, wherein the mechanical parameter is the pulse
wave of the aorta, QRS complex, or R wave, and the second sensor (4) is adapted
to detect mechanical excitation of the aorta, wherein the mechanical excitation is
the pulse wave of the aorta, wherein the computing unit (5) is adapted to determine
a time parameter, wherein the time parameter is a time difference between the
detection of the mechanical parameter of the aorta by the first sensor (3) and the
detection of mechanical excitation of the aorta by the second sensor (4), and to
process the time parameter values by generating a time series of time parameter
values and determining the spectral density of the time parameter values for an
arbitrary signal frequency and to indicate an arrest of the GIT peristaltic

movements.

. The device for monitoring peristalsis of claim 1, characterized in that the first

sensor (3) is an electrocardiograph.

. The device for monitoring peristalsis of claim 1, characterized in that the sensors

(3, 4) are embodied as piezoelectric sensors or strain gauges.

The device for monitoring peristalsis of any one of the preceding claims 1 to 3,
characterized in that it further comprises an AD converter (6) electrically
connected to the first sensor (3), the second sensor (4), and the computing unit

(5).

The device for monitoring peristalsis of any one of the preceding claims 1 to 4,
characterized in that it further comprises a signal amplifier (7) of signal detected
by the first sensor (3) and the second sensor (4).
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6. The device for monitoring peristalsis of any one of the preceding claims 1 to 5,
characterized in that it further comprises an alert mechanism (9) and a
communication peripheral (10) communicating with the alert mechanism (9),
wherein the alert mechanism (9) is adapted to alert the medical personnel.

7. A method of monitoring peristalsis of organs of the gastrointestinal tract using the
device of any one of claims 1 to 6, characterized in that it comprises the following
steps:

- detection of at least one mechanical parameter of the aorta by the first sensor
(3), wherein the mechanical parameter is a pulse wave of the aorta, QRS
complex, or R wave;

- detection of mechanical excitation of the aorta by the second sensor (4),
wherein the mechanical excitation is a pulse wave of the aorta;

o wherein the mechanical parameter detected by the first sensor (3) and
the mechanical excitation detected by the second sensor (4) correspond
to the same heartbeat;

- determination of the time parameter by the computing unit (5), wherein the time
parameter is the time difference between the detection of the mechanical
parameter of the aorta by the first sensor (3) and the detection of the
mechanical excitation of the aorta by the second sensor (4)

- and it further comprises the steps performed by the computing unit (5):

o creation of a time series of the time parameter values,

o determination of the spectral density of the time parameter values for
arbitrary signal frequency

- and indication of an arrest of the GIT peristaltic movements by detecting
deviations in the spectral density values.

8. The method of monitoring peristalsis of organs of the gastrointestinal tract of claim

7, characterized in that the second sensor (4) is embodied as a piezoelectric

sensor or strain gauge.
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9. The method of monitoring peristalsis of organs of the gastrointestinal tract of any
one of claims 7 and 8, characterized in that the first sensor (3) is embodied as
an electrocardiograph.

10. The method of monitoring peristalsis of organs of the gastrointestinal tract of any
one of claims 7 and 8, characterized in that the first sensor (3) is embodied as a
piezoelectric sensor or strain gauge.

11.The method of monitoring peristalsis of organs of the gastrointestinal tract of any
one of claims 7 to 10, characterized in that it is performed in a time range of 30—
1800 s.

12. The method of monitoring peristalsis of organs of the gastrointestinal tract of any
one of claims 7 to 11, characterized in that the cessation of the peristaltic
movements is indicated by the alert mechanism (9).
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AMENDED CLAIMS
received by the International Bureau on 13 January 2023 (13.01.2023)

CLAIMS

A device (1) for monitoring peristalsis of organs of the gastrointestinal tract
comprising a first sensor (3) adapted to be placed in the region of the upper half of
the body, a second sensor (4) adapted to be placed in the region of the lower half
of the body, and a computing unit (5) electrically connected to the first and second
sensors (4), characterized in that the first sensor (3) is adapted to detect a
mechanical parameter of the aorta, wherein the mechanical parameter is the pulse
wave of the aorta, QRS complex, or R wave, and the second sensor (4) is adapted
to detect mechanical excitation of the aorta, wherein the mechanical excitation is
the pulse wave of the aorta, wherein the computing unit (5) is adapted to determine
a time parameter, wherein the time parameter is a time difference between the
detection of the mechanical parameter of the aorta by the first sensor (3) and the
detection of mechanical excitation of the aorta by the second sensor (4), and to
process the time parameter values by generating a time series of time parameter
values and determining the spectral density of the time parameter values for an
arbitrary signal frequency and to indicate an arrest of the GIT peristaltic
movements by detecting deviations in the spectral density values.

The device for monitoring peristalsis of claim 1, characterized in that the first
sensor (3) is an electrocardiograph.

The device for monitoring peristalsis of claim 1, characterized in that the sensors
(3, 4) are embodied as piezoelectric sensors or strain gauges.

The device for monitoring peristalsis of any one of the preceding claims 1 to 3,
characterized in that it further comprises an AD converter (6) electrically
connected to the first sensor (3), the second sensor (4), and the computing unit

(5)-

The device for monitoring peristalsis of any one of the preceding claims 1 to 4,
characterized in that it further comprises a signal amplifier (7) of signal detected
by the first sensor (3) and the second sensor (4).

AMENDED SHEET (ARTICLE 19)
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6. The device for monitoring peristalsis of any one of the preceding claims 1 to 5,
characterized in that it further comprises an alert mechanism (9) and a
communication peripheral (10) communicating with the alert mechanism (9),
wherein the alert mechanism (9) is adapted to alert the medical personnel.

7. A method of monitoring peristalsis of organs of the gastrointestinal tract using the
device of any one of claims 1 to 6, characterized in that it comprises the following
steps:

- detection of at least one mechanical parameter of the aorta by the first sensor
(3), wherein the mechanical parameter is a pulse wave of the aorta, QRS
complex, or R wave;

- detection of mechanical excitation of the aorta by the second sensor (4),
wherein the mechanical excitation is a pulse wave of the aorta;

o wherein the mechanical parameter detected by the first sensor (3) and
the mechanical excitation detected by the second sensor (4) correspond
to the same heartbeat;

- determination of the time parameter by the computing unit (5), wherein the time
parameter is the time difference between the detection of the mechanical
parameter of the aorta by the first sensor (3) and the detection of the
mechanical excitation of the aorta by the second sensor (4)

- and it further comprises the steps performed by the computing unit (5):

o creation of a time series of the time parameter values,

o determination of the spectral density of the time parameter values for
arbitrary signal frequency

- and indication of an arrest of the GIT peristaltic movements by detecting
deviations in the spectral density values.

8. The method of monitoring peristalsis of organs of the gastrointestinal tract of claim
7, characterized in that the second sensor (4) is embodied as a piezoelectric
sensor or strain gauge.

AMENDED SHEET (ARTICLE 19)
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9. The method of monitoring peristalsis of organs of the gastrointestinal tract of any
one of claims 7 and 8, characterized in that the first sensor (3) is embodied as
an electrocardiograph.

5 10. The method of monitoring peristalsis of organs of the gastrointestinal tract of any
one of claims 7 and 8, characterized in that the first sensor (3) is embodied as a
piezoelectric sensor or strain gauge.

11.The method of monitoring peristalsis of organs of the gastrointestinal tract of any
10 one of claims 7 to 10, characterized in that it is performed in a time range of 30—
1800 s.

12. The method of monitoring peristalsis of organs of the gastrointestinal tract of any
one of claims 7 to 11, characterized in that the cessation of the peristaltic
15 movements is indicated by the alert mechanism (9).

AMENDED SHEET (ARTICLE 19)
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Systém pro monitorovani pohybové aktivity a vitalnich funkci zviiete

Oblast techniky

Technické feSeni se tyka systému pro monitorovani pohybové aktivity a vitalnich funkci zvitete,
jako je napfiklad variabilita srde¢niho tepu. Konkrétnéji se feseni tyka podlozky, kterou lze pouzit
napf. pro monitorovani pohybovych aktivit a vitalnich funkci zvitat v kotcich na veterinarnich
klinikach.

Dosavadni stav techniky

Pro hospitalizaci zvifecich pacientll po operaci existuji v souc¢asné dob¢ na veterinarnich klinikach
kotce, v nichz jsou tato zvifata umisténa. Lékat pak nad danym zvitete dohlizi, pfipadné mu podava
Iéky, pfi€emz tato péEe mize byt ¢asové velmi naro¢na, a navic se ji lékat vzhledem k ostatnim
povinnostem nemiize vénovat naplno. V nékterych pfipadech je navic potieba kontrolovat
zdravotni ¢i psychicky stav zvifete kontinualng, tzn. také v noci.

V soucasné dobé je mozné monitorovat vitalni funkce zvirat, ptipadné jejich pohybovou aktivitu,
pomoci senzorli, které ma dané zvife na sobé. Takova feSeni nicméné omezuji komfort zvitete
aovliviuji jeho psychicky stav, €¢imz do znacné miry zkresluji také vysledky méfeni.
Problematické miize byt také upevnéni senzorti ke zvifeti, obzvlasté pokud je stav zvifete po
zakroku vaznéjsi a je potieba s nim manipulovat opatrné, nebo pokud je zvife neklidné a aplikaci
senzorl se brani. Navic mize dojit také k tomu, Ze si zvife senzory strhne, ¢imz znemozni sbirani
vysledkd.

Bylo by proto vhodné pfijit s feSenim, které by umoziiovalo kontinualni monitorovani pohybové

aktivity zvifete, ale také jeho vitalnich funkci, jako je tepova ¢i dechova frekvence, a to bez nutnosti
noseni specialniho monitorovaciho ptistroje ¢i riznych senzorii pfipevnénych k télu zvitete.

Podstata technického feseni

Vyse uvedené nedostatky do jisté miry odstrafiuje systém pro monitorovani pohybové aktivity
a vitalnich funkci zvitete zahrnujici alespon jednu podlozku, fidici jednotku a modul pro analyzu
dat. Podstata systému dle predkladaného technického feSeni spociva v tom, ze podlozka zahrnuje
alespon jeden senzor vibraci upevnény k podloZce a spojeny s fidici jednotkou, pfi¢emz Fidici
jednotka zahrnuje komunikaéni modul pro prenos dat.

Vyhoda takového systému spoéiva v tom, Ze umoziiuje monitorovani pohybové aktivity zvitete
a tak¢é monitorovani jeho vitalnich funkci, jako je tepova ¢i dechova frekvence. Nijak pfitom neni
omezeno pohodli monitorovaného zvitete, nebot’ neni nutné, aby na sobé mélo jakykoliv ptistroj
¢i senzor. Diky systému s podlozkou dle pfedkladaného technického feSeni také odpadaji Casté
fyzické kontroly, nebot’ zdravotni a psychicky stav zvifete je monitorovan kontinualné 24 hodin
denné, 7 dni v tydnu, respektive po celou dobu, kdy se zvife nachazi v kotci, kde je podlozka
umisténa.

Systém dale vyhodné zahrnuje alespon jeden zesilovaé signalu, pficemz alespon jeden zesilovaé¢
signalu je na svém vstupu spojeny s alespon jednim senzorem vibraci a na svém vystupu je spojeny
s tidici jednotkou. Pomoci zesilovade lze zesilit signal naméfeny senzorem vibraci, a tim lépe
odlisit uziteény signal senzoru odpovidajici vibracim podlozky od okolniho sumu.

Senzorem vibraci je vyhodné tenzometricky senzor. Tento typ senzoru je obzvlasté vhodny, nebot’
je dostatecné citlivy pro méfeni mikrovibraci, zplisobenych vitalnimi funkcemi zvifete ptitomného
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na podloZce, ale zaroven umoziuje méfeni vibraci zpiisobenych makroskopickymi jevy, jako je
pohybova aktivita (napt. chiize) na podlozce. Pii pouziti vysoké snimkovaci frekvence (napf.
1 kHz) l1ze ziskat dat s milisckundovou ptesnosti.

Ridici jednotka vyhodné zahrnuje analogové digitalni pievodnik. Tento prevodnik pievede
analogovy signal ze senzoru vibraci na digitalni signal, ktery je jiz mozné zpracovat b&zné
dostupnymi vypocetnimi jednotkami, napf. mikropocitatem, nebo jej snaze zaslat do jiné Casti
systému, napf. bezdratovym spojenim na vzdaleny server.

Podlozka vyhodné zahrnuje ram a podpérnou desku uspofadanou na vrchni strané ramu, pfiéemz
senzor vibraci je upevnén k ramu a je v kontaktu s podkladem, diky ¢emuz muiize senzor vibraci
méfit vibrace podlozky. Uvedena konstrukce umoziuje také jednoduchou instalaci podlozky,
zarucuje jeji dobrou stabilitu a vyznacuje se dobrou odolnosti viiéi mechanickému poskozeni.
Podpérna deska miize byt od ramu piipadné také odejmuta, napf. odmontovana, ¢imZ je umoznén
pristup k senzoru vibraci, pokud by napt. doslo k jeho poruse a bylo by potieba jej vyménit ¢i
opravit. Podkladem je zde minéna napt. podlaha kotce ¢&i dno zvifeciho pelisku.

Modulem pro analyzu dat je vyhodné server spojeny s fidici jednotkou, pfi¢emz server je spojeny
s komunika¢nim modulem pro prenos dat mezi fidici jednotkou a serverem. V tomto provedeni
neni nutné mit vykonnéjsi, a tudiz nakladnéjsi, fidici jednotku, nebot’ fidici jednotka neprovadi
detailni analyzu naméfeného signalu, ale tento signal zasila pro dalsi zpracovani (tj. provedeni
vypoctil) na server. Server mize poskytovat taky uzivatelsky pfivétivéjsi a prehlednéjsi vystup.

Modul pro analyzu dat je vyhodné sougasti fidici jednotky a je spojeny s komunikaénim modulem,
pticemz systém dale zahrnuje displej spojeny s komunikaénim modulem pro pfenos dat mezi
modulem pro analyzu dat a displejem. V tomto provedeni neni potieba zadné pfipojeni fidici
jednotky k externimu serveru, pficemz vSechny vypocty potiebné pro analyzu naméfeného signalu

provadi fidici jednotka. Je proto potieba, aby tato jednotka zahrnovala dostate¢né vykonny pocitaé
s dostatecnou operacni paméti, pfipadné musi byt zajisténo, aby nedoslo k jeho piehfivani.

Objasnéni vykresi

Podstata technického feseni je dale objasnéna na prikladech jeho uskutecnéni, které jsou popsany
s vyuzitim pfipojenych vykresi, kde na:

obr. 1  je schematicky znazornéno usporadani systému dle predkladaného technického
feSeni v prvnim prikladném provedeni bez znazornéni podpérné desky podlozky,

obr.2  je schematicky znazornéno usporadani fidici jednotky a jeji spojeni s modulem pro
analyzu dat v prvnim ptikladném provedeni systému dle pfedkladaného technického feseni,

obr.3  je schematicky znazornéno usporadani systému dle predkladaného technického
feseni ve druhém pfikladném provedeni bez znazornéni podpérné desky podlozky,

obr.4  je schematicky znazornéno uspotadani fidici jednotky s displejem ve druhém
ptikladném provedeni systému dle predkladaného technického feseni,

obr. 5  jsou znazornény dvé spojené podlozky s pfislusnymi podpérnymi deskami a

obr. 6 jsou znazornény dvé spojené podlozky se spolecnou podpérnou deskou.
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Priklady uskuteénéni technického feseni

Technické feseni bude dale objasnéno na prikladech uskutecnéni s odkazem na prislusné vykresy.

V prvnim piikladném provedeni systém pro monitorovani pohybové aktivity a vitalnich funkci
zvitete zahrnuje alespon jednu podlozku 1, fidici jednotku 3 a modul 4 pro analyzu dat, pricemz
v tomto prvnim pfikladném provedeni systému je modulem 4 pro analyzu dat server spojeny
s fidici jednotkou 3. Pro pfenos dat mezi fidici jednotkou 3 a serverem zahrnuje tidici jednotka 3
komunikaéni modul 7.

Podlozka 1 ve svém prvnim pfikladném provedeni zahrnuje ram la a podpérnou desku 1b
uspotfadanou na vrchni strané ramu la, pfi€emZ ram la zajistuje stabilni polohu podlozky 1 na
podkladu, na némz je podlozka 1 poloZena, tj. naptiklad na podlaze kotce. Jak je vidét na obr. I,
ram la zahrnuje ¢tyfi bocni profily, které vymezuji tvar ramu la, a potazmo tedy celé podlozky 1,
a dale také dalsi profily, které celou konstrukci ramu la dodatecné vyztuzuji. Profily jsou v prvnim
piikladném provedeni provedeny jako hlinikové profily, nicméné alternativné mohou byt
provedeny také z jiného vhodného materialu, vyhodné z materialu, ktery je dostatecné lehky
apevny. V drazkach hlinikovych profilll 1ze navic vést kabely, napf. od zesilovadu 5 k fidici
jednotce 3. Ke kazdému boénimu profilu podlozky 1, konkrétné k jeho vnitini strané, je dale
upevnén senzor 2 vibraci, pficemz senzor 2 vibraci je uspofadan tak, aby po polozeni podlozky 1
na podlahu byly tyto senzory 2 vibraci v kontaktu s podlahou, tj. tvofi v podstaté nohy tohoto ramu
la. Za timto uéelem je spodni strana senzori 2 vibraci opatfena primyslovou gumovou nohou.
Diky pevnému spojeni senzoru 2 vibraci s ramem la podlozky 1 a uvedenému kontaktu senzoru 2
vibraci s podkladem lze senzorem 2 vibraci méfit vibrace podlozky 1 zplisobené pritomnosti ¢i
pohybovou aktivitou zvifete na podpérné desce 1b. Podpérna deska 1b je vyrobena z dostate¢né
pevného materialu, napf. ze dieva ¢i dievotfisky, nicméné podlozka 1 mize byt obalena mékéim
materialem pro zajisténi vétsiho pohodli zvifete. Rozméry podlozky 1 mohou byt zvoleny podle
prislusné aplikace, tj. napf. podle rozméri kotce na veterinarni klinice. V takovém pfipadé ma ram
1a, atedy 1 polozka 1, pfi pohledu shora obecné obdélnikovy tvar.

Senzor 2 vibraci je v prvnim prikladném provedeni realizovan jako tenzometricky senzor, nebot’
tento typ senzoru umoziuje dostate¢né citlivé méfeni vibraci. Konkrétné tento typ senzoru
umoziuje detekovat nejen vibrace zpiisobené makroskopickymi déji, jako je pohybova aktivita
(napf. chiize) zvifete na podpérné desce 1b, ale také tzv. mikrovibrace, zplisobené pouhou
pfitomnosti monitorovaného zvifete na podpérné desce 1b — pravé tyto mikrovibrace jsou pak
klicové pro monitorovani vitalnich funkci zvifete. V prvnim pfikladném provedeni je
tenzometrickym senzorem vazici senzor bez prevodniku, pticemz byla pouzita vysoka snimkovaci
frekvence 1kHz pro ziskani dat s milisekundovou presnosti. Senzor miize byt vahové dimenzovan
na konkrétni druh zvifete, pro které je uren — napf. pro psy, kocky nebo mnohem téz§i zvifata,
jako jsou koné ¢i dobytek. Alternativné mize byt pouzit jiny typ, podet ¢i umisténi senzori 2
vibraci, pokud podlozka 1 zahrnuje alespon jeden senzor 2 vibraci dostatecné citlivy pro
zaznamenavani vibraci i mikrovibraci podlozky 1.

Alespon jeden senzor 2 vibraci, v prvnim ptikladném provedeni tedy konkrétné Ctyfi senzory 2
vibraci, je spojeny, respektive jsou spojené, s fidici jednotkou 3. V prvnim ptikladném provedeni
dle obr. 1 je v8ak jesté mezi pfislusnym senzorem 2 vibraci a fidici jednotkou 3 zapojen zesilovaé
5 signalu pro zesileni signalu zaznamenaného senzorem 2 vibraci. Analogovy, prikladné napétovy,
signal ze senzoru 2 vibraci odpovidajici vibracim podlozky 1 je tedy pfiveden na vstup zesilovace
5 signalu a je timto zesilovacem 5 signalu zesilen. Nasledné je zesileny signal poslan do Fidici
jednotky 3, kde dochazi k jeho pfevedeni na digitalni signal pro nasledné zaslani na server,
ptipadné pro jeho dalsi zpracovani ptimo v této fidici jednotce 3, jak bude pfiblizeno v ramci
druhého prikladného provedeni systému v dalsi ¢asti textu.

Ridici jednotka 3 v prvnim piikladném provedeni systému, jak je schematicky a zjednodugend
znazornéna na obr. 2, zahrnuje analogové digitalni pfevodnik 6, ktery realizuje pfevod
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analogového signalu ze senzoru 2 vibraci (a nasledné zesileného zesilovac¢em 5 signalu) na digitalni
signal. Alternativné viak muize byt analogové digitalni prevodnik 6 uspotadan napt. také mimo
fidici jednotku 3, 1j. miize byt zapojen jako samostatna soucéstka pred Fidici jednotku 3, pfi¢emz
v takovém pfipadé by jiz fidici jednotka 3 pfijimala digitalni signal.

Ridici jednotka 3 dale zahrnuje komunikaéni modul 7 pro prenos dat, pfi¢emz v prvnim ptikladném
provedeni sytému je komunikaéni modul 7 komunikaéné spojen s modulem 4 pro analyzu dat,
ktery je proveden jako server a ktery slouzi pro dalsi zpracovani a analyzu uvedeného digitalniho
signalu s cilem monitorovat pohybovou aktivitu, a pfedev§im také vitalni funkce zvifete.
Komunikaéni spojeni mezi komunika¢nim modulem 7 fidici jednotky 3 a serverem je v prvnim
ptikladném provedeni zajiSténo pomoci sitového kabelu ethernet. Alternativné muize byt toto
komunikacni spojeni realizovano také pomoci jiného typu kabelu ¢i mize byt provedeno jako
bezdratové spojeni, napt. pomoci technologie Wi-Fi, pokud je takovym provedenim spojeni
zajistén spolehlivy pienos dat mezi Fidici jednotkou 3 a modulem 4 pro analyzu dat, tj. mezi fidici
jednotkou 3 a serverem. Serverem je napf. vzdaleny server, tzv. cloud. Ridici jednotka 3 zahrnuje
také mikroprocesor, ktery fidi pfijimani signali ze senzori 2 vibraci adava pokyny
komunika¢nimu modulu 7 pro komunikaci se serverem. Podrobnéji bude zpracovani dat modulem
4 pro analyzu dat popisovano v dalsi ¢asti textu, nebot’ je jeho princip ve své podstaté totozny pro
systém v prvnim i ve druhém piikladném provedeni, které bude rovnéz priblizeno v dalsi ¢asti
textu.

Jak bylo uvedeno vyse, systém podle pfedkladaného technického feSeni zahrnuje alespori jednu
podlozku 1. Pro vyuziti v praxi vSak systém muze zahrnovat vice podlozek 1, které jsou spojeny
k sobé, napf. pro pokryti vétSich ¢i netradi¢né tvarovanych kotcl. Jednotlivé podlozky 1 lze
spojovat napf. seSroubovanim ¢i jinym spojenim jednotlivych ramii la k sobg, pri¢emz v zasadé
existuji dvé rizna provedeni podpérné desky 1b pro prekryti vzajemné spojenych rami la. Na
ptikladu dvou spojenych raml la jsou tyto alternativy znazornény na obr. 5 aobr. 6. Obr. 5
znazornuje provedeni, v némz je na vrchni strané kazdého ramu la usporadana podpérna deska 1b,
zatimco obr. 6 znazorfiuje provedeni, v némz jsou vsechny ramy la ptekryty jednou podpérnou
deskou 1b spolecnou pro vsechny ramy la. Pfi praktickém pouziti je pak mozné piekryt podpérnou
desku 1b (€1 pravé vice podpérnych desek 1b dle obr. 5) napt. vrstvou linolea ¢i koberce. Tim dojde
pfedevsim k zakryti spar, které vznikaji mezi podpérnymi deskami 1b v provedeni dle obr. 5.
Experimenty bylo zji§téno, Ze provedenim dle obr. 5 1ze minimalizovat ptenos makroskopickych
vibraci z jedné podlozky 1 na druhou. Problém se $ifenim mikrovibraci (tj. vibraci nesoucich
informace o vitalnich funkcich zvifete) z jedné podlozky 1 na druhou zjistén nebyl.

Pokud systém dle ptedkladaného technického feSeni zahrnuje vétsi pocet podlozek 1, mlze
zahrnovat také prislusny pocet fidicich jednotek 3, tzn. jednu fidici jednotku 3 pro kazdou podlozku
1 tak, jak je znazornéno na obr. 1. V takovém provedeni je pak kazda fidici jednotka 3 komunikaéné
spojena se serverem a zasila do n¢j data ziskana ze senzort 2 vibraci upevnénych na dané podlozce
1. Alternativné mohou byt data z jednotlivych fidicich jednotek 3 zaslana do jiné fidici jednotky 3,
ktera je nasledné zasila dale na server pro analyzu. V dal$im alternativnim provedeni zahrnuje cely
systém pouze jednu fidici jednotku 3 spolecnou pro vsechny podlozky 1, ktera pfijima signaly ze
vsech senzort 2 vibraci a zasila tato data na server.

Ve druhém ptikladném provedeni systému, znazornéném na obr. 3 a obr. 4, je modul 4 pro analyzu
dat soucasti fidici jednotky 3, coz znamena, Ze ke zpracovani dat s cilem monitorovat pohybovou
aktivitu a vitalni funkce zvirete nedochazi na externim serveru, ktery by byl s fidici jednotkou 3
spojen, ale ptimo v Fidici jednotce 3. Modul 4 pro analyzu dat tedy zahrnuje vypocetni jednotku,
napt. mikropocita¢, pro provedeni vypoétli potiebnych pro analyzu dat, které bude priblizena
v dal§i &asti textu. Ridici jednotka 3 ve druhém provedeni systému tedy zahrnuje analogové
digitalni pfevodnik 6 pro prevedeni analogového signélu ze senzoru 2 vibraci na digitalni signal,
ktery je dale zpracovavan modulem 4 pro analyzu dat, a také komunika¢ni modul 7 a displej 8 pro
zobrazovani vypoéitanych hodnot (pfedevsim tedy vypocitanych hodnot vitalnich funkci, napt.
srde¢niho tepu), jak je schematicky a zjednodusené znazornéno na obr. 4. Displej 8 mize byt
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zabudovan napt. ve vrchni strané pouzdra fidici jednotky 3. Komunikacni modul 7 tedy ve druhém
pfikladném provedeni systému zajist'uje pfenos dat mezi modulem 4 pro analyzu dat a displejem
8. Alternativné neni displej 8 soucasti fidici jednotky 3, ale je s fidici jednotkou 3 spojen, napf.
pomoci sitového kabelu ethernet ¢i bezdratové, nicméné stale plati, ze ve druhém piikladném
provedeni systému jsou data ze senzort 2 vibraci zpracovavana primo v fidici jednotce 3.

V nasledujici ¢asti bude pfiblizeno zpracovani dat modulem 4 pro analyzu dat, pfi¢emz zpracovani
dat je ve své podstaté stejné pro prvni i druhé provedeni systému, jak byla popisovana vyse.

Signal ziskany pomoci alespon jednoho senzoru 2 vibraci zahrnuje dvé zakladni slozky — statickou
nizkofrekvenéni slozku a dynamickou vysokofrekvenéni slozku. Staticka nizkofrekvencni slozka
umoziuje ziskat informaci o pritomnosti zvifete na podlozce 1 a o jeho pohybové aktivité (napf.
chiizi) na podlozce 1, zatimco dynamicka vysokofrekvenéni slozka odpovidd zménam zatizeni
podlozky 1 v diisledku dychani a v diisledku srde¢ni ¢innosti. Prave tyto dynamické signaly tak 1ze
pouzit pro vypocet srdecni frekvence nebo dechové frekvence.

Monitorovani pritomnosti zvifete na podlozce 1 je provadéno sledovanim statickych signali,
pfiéemz pii vstupu zvifete na podlozku 1 dojde ke skokovému narlstu téchto statickych
nizkofrekvencnich signali. Pro monitorovani pritomnosti zvifete, ale také pro monitorovani
pohybové aktivity (napf. chiize) zvifete na podlozce 1 je dale definovan parametr nazvany
aktivita“ odpovidajici mife pohybu na podlozce 1. Tento parametr je prikladné definovan jako
diference velikosti po sobé jdoucich vektorti tvofenych v kazdém €asovém okamziku aktualnimi
hodnotami ze senzorl 2 vibraci. Tento parametr je nizky, pokud je na podlozce 1 klid, a vysoky,
pokud dochazi na podlozce 1 k pohybu. Zaroven pokud je aktivita mensi nez zvolena minimalni
prahova hodnota, 1ze usuzovat na to, Ze je podlozka 1 nezatizena zvifetem. Naméfena minimalni
hodnota aktivity tak odpovida okolnimu Sumu. Z tohoto diivodu je algoritmus vyuzivany modulem
4 pro analyzu dat upraven tak, aby doslo k potlaceni tohoto Sumu ake zvySeni presnosti
monitorovani. Napf. je provedena filtrace signalu.

Pro monitorovani vitalnich funkci zvitete slouzi dynamické vysokofrekvencéni signaly, pficemz pro
hledani projevii vitalnich funkci v naméfeném signalu jsou pouzity metody balistokardiografie
(zkracen¢ BKG). Pii téchto metodach je sniman pohyb téla v disledku ¢innosti srdce zvifete.
Konkrétné jsou méfené pohyby téla zpiisobeny zrychlenim krve pfi jejim pohybu uvnitt velkych
cév. Naraz krve na aortalni oblouk zplisobuje pohyb téla vzhiiru a pfi sestupu krve dochazi naopak
k pohybu téla dolii. Pomoci téchto metod jsou vypoditany napf. dechova frekvence ¢i srdecni
frekvence, pfi€emz lze sledovat také variabilitu obou téchto frekvenci, tj. jak se tyto vitalni funkce
méni v Case, a detekovat tak pripadné arytmie. Tyto metody jsou ve stavu techniky znamé napft.
z ¢lankii Computer aided detection of breathing disorder from ballistocardiography signal using
convolutional neural network (D. Cimr et al., 2020), Automatic detection of breathing disorder
from ballistocardiography signals (D. Cimr, F. Studnicka, 2020), Continuous Monitoring of Heart
Rate Using Accelerometric Sensors (F. Studnicka et al., 2012) ¢i Analysis of Biomedical Signals
Using Differential Geometry Invariants (F. Studnicka, 2011).

Obecné plati, ze vitalni funkce je mozné zacit detailné monitorovat pii klidu trvajicim déle nez
6 sekund, idedlné déle nez 20 sekund. Pfi ¢innostech, kdy vznikaji znacné vibrace, jako je naptiklad
chiize ¢i pfevalovani zvifete na podlozce 1, neni mozné vitalni funkce sledovat. Je mozné
samoziejmé sledovat pfitomnost na urcitych podlozkach 1 (pokud systém zahrnuje vice
podlozek 1) a miru aktivity.

Vysledky zpracovani dat modulem 4 pro analyzu dat, predevsim tedy hodnoty vypocitanych
vitalnich funkei, jsou nasledné zobrazeny uZivateli napf. na webu, pocitaci, mobilnim telefonu ¢i
jiném vhodném zafizeni, pfipadné na displeji 8, pokud se jedna o systém podle druhého
ptikladného provedeni. Je tedy umoznéno monitorovani pritomnosti, pohybové aktivity a vitalnich
funkci zvifete téméf v realném case.
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Systém podle predkladaného technického feSeni umoziiuje také detekei padi, pficemz pro detekei
padi lze pouzit jak statické signaly, tak dynamické signaly. Prikladné mohou byt dynamické
signaly nejprve jednou ¢i dvakrat vyhlazeny pfes 50 Hz a nasledné urceny jejich klouzavé rozptyly
s oknem 0,5 s. Pro kazdou z podlozek 1 je pak uréena maximalni hranice rozptylu signalu. Pokud
dojde k piekrodeni této hranice, je zaznamenan pad na konkrétni podlozce 1. Na zakladé tohoto
piekroceni miize byt vydana notifikace a lékat je upozornén, aby se $el na zvife podivat.
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NAROKY NA OCHRANU

1. Systém pro monitorovani pohybové aktivity a vitalnich funkci zvifete zahrnujici alespon jednu
podlozku (1), fidici jednotku (3) a modul (4) pro analyzu dat, vyznacujici se tim, Ze podlozka (1)
zahrnuje alespon jeden senzor (2) vibraci upevnény k podlozce (1) a spojeny s fidici jednotkou (3),
pti¢emz Fidici jednotka (3) zahrnuje komunikacéni modul (7) pro pfenos dat.

2. Systém podle naroku I, vyznacujici se tim, Ze dale zahrnuje alespon jeden zesilovac (5) signalu,
pricemz alesponn jeden zesilovac (5) signalu je na svém vstupu spojeny s alespon jednim
senzorem (2) vibraci a na svém vystupu je spojeny s fidici jednotkou (3).

3. Systém podle kteréhokoli z narokti 1 a 2, vyznacujici se tim, Ze senzorem (2) vibraci je
tenzometricky senzor.

4. Systém podle kteréhokoli z pfedchazejicich narokl 1 az 3, vyznacujici se tim, Ze fidici
jednotka (3) zahrnuje analogové digitalni prevodnik (6).

5. Systém podle kteréhokoli z predchazejicich narokil 1 az 4, vyznacujici se tim, Ze podlozka (1)
zahrnuje ram (la) a podpérnou desku (1b) uspofadanou na vrchni strané ramu (la), pricemz
senzor (2) vibraci je upevnén k ramu (1a) a je v kontaktu s podkladem.

6. Systém podle kteréhokoli z pfedchazejicich narokt 1 az 5, vyznacujici se tim, Zze modulem (4)
pro analyzu dat je server spojeny s fidici jednotkou (3), pfic¢emz server je spojeny s komunikac¢nim
modulem (7) pro prenos dat mezi fidici jednotkou (3) a serverem.

7. Systém podle kteréhokoli z ptedchazejicich naroki 1 az 5, vyznacujici se tim, Ze modul (4) pro
analyzu dat je soucasti fidici jednotky (3) a je spojeny s komunikaénim modulem (7), pricemz
systém dale zahrnuje displej (8) spojeny s komunikacnim modulem (7) pro pfenos dat mezi
modulem (4) pro analyzu dat a displejem (8).

6 vykrest

Seznam vztahovych znacek:

1 - podlozka

la - ram

Ib - podpérna deska

2 - senzor vibraci

3 - fidici jednotka

4 - modul pro analyzu dat

S - zesilovag signalu

6 - analogové digitalni pfevodnik

7 - komunikaéni modul

8 - displej

_7-
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Obr. 2
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Obr. 5
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Obr. 6
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