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IVADAS

Burnos, veido ir zandikauliy (BVZ) srities patologijos, jskaitant navikus,
infekcijas, uzdegiminius procesus ir kraujagysliy anomalijas, kelia didelius
eigos ir daznai nespecifiniy simptomy [1, 2]. Siekiant uZztikrinti ankstyva
patologijy aptikima, diferencing diagnostika ir optimaly gydymo planavima,
bitina taikyti pazangias diagnostines priemones, kurios leidzia tiksliai jver-
tinti minks$tyjy ir kaulinio audiniy pakitimus, jvertinti patologiniy procesy
iSplitima, bei stebéti jy dinamika [3]. Nors radiologiniai tyrimai, tokie kaip
kompiuteriné tomografija (KT) ar magnetinio rezonanso tomografija (MRT),
laikomi auksiniu standartu, taciau jy taikymas dél dideliy sagnaudy, apsvitos
ar kontrastiniy medziagy naudojimo néra tinkamiausi profilaktinéms patik-
roms ar daznam paciento biiklés steb¢jimui.

Alternatyviis neinvaziniai metodai, tokie kaip infraraudonyjy spinduliy
termografija (IRST), pastaraisiais metais sulaukia vis daugiau démesio dél
gebéjimo registruoti fiziologinius temperattiry pokycius, susijusius su suakty-
véjusia kraujotaka, audiniy uzdegiminés ar navikinés kilmes patologijomis
[4]. IRST registruojama odos pavirSiaus temperatira gali atspindéti giliau
lokalizuotus procesus, tokius kaip angiogenez¢ ar metabolinés veiklos poky-
Ciai. Esant tokiems pazeidimams, paZeistose vietose iSsiskiria daugiau Silu-
mos nei aplinkiniuose sveikuose audiniuose, nes augantiems navikams reika-
lingas intensyvus maistiniy medziagy tiekimas, o piktybiniai procesai skatina
naujy kraujagysliy tinkly susidarymga (angiogenez¢) ir daro jtaka pagrindi-
néms kraujagysléms per angiogeninius augimo faktorius [5]. Bitent Sis Silu-
mos nuokrypis sudaro pagrindg IRST metodo taikymui klinikinéje praktikoje.
Skirtingai nei KT, kuri pateikia detaly anatominiy struktiry vaizda, IRST
suteikia informacijg apie funkcinius pokycius, susijusius su pakitusia tempe-
ratiira, kuri gali pasireiksti dar prie$ atsirandant matomiems audiniy pakiti-
mams. Navikinés patologijos atveju dél angiogenezés susiformuoja aukstes-
nés temperatiiros zonos, taip salygodamos aktyvesnj Silumos iSskyrima.
PrieSingai, iSemijos ar naviko nekrozés atvejais dél sumazéjusio kraujo prite-
kéjimo gali atsirasti vésesnés zonos, kurios nulemia zZemesng¢ temperatiirg
paveiktoje srityje [6].

Nors IRST turi daug privalumy, ta¢iau yra ir apribojimy, kaip Zemesné
erdviné raiSka, jautrumas iSoriniams veiksniams ir individualiy $iluminiy
savybiy kintamumas. IRST negali pakeisti KT / MRT tyrimy, nes nesuteikia
iSsamios anatominés informacijos, bet gali biiti naudojama, kaip pirminé
neinvazyvi atrankos priemone, leidZianti sumazinti nereikalingy KT / MRT



tyrimy skaiciy arba, kai jtariami patologiniai poky¢iai, laiku nukreipti pacien-
ta iSsamesniam iStyrimui.

BVZ srities diagnostikoje yra svarbus ne tik tikslus patologinés vietos
nustatymas, bet ir savalaikis besiformuojancios patologijos prognozavimas
[7, 8]. Tai gali buti atlieckama pasitelkiant dirbtinio intelekto (DI) irankius.
Manoma, kad tokia diagnostin¢ strategija, integruojant masininio mokymosi
(MM) technologijas klinikiniy sprendimy priémimui, ateityje gali tapti viena
svarbiausiy inovacijy diagnostikoje [9—13].

Disertacinio darbo pirmame etape siekéme pritaikyti naujus IRST tech-
nologinius sprendimus BVZ srities patologijos nustatymui. Kadangi BVZ
srities patologijos geriausiai iStirtos radiologiniais tyrimais, IRST tyrimy re-
zultatus, gautus analizuojant pacienty termografinius vaizdus (TV), validavo-
me KT /MRT tyrimy rezultatais. Identifikavome pacienty BVZ srities TV
temperatiirinés asimetrijos zonas, kurios atitiko KT / MRT tyrime nustatytas
naviko lokalizacijas [14]. Literattros Saltiniuose, esant patologijai, atrankos
kriterijumi pasirinkta temperattiros asimetrija didesné nei 0,4 °C [15], taciau
néra BVZ srities tyrimy, kuriuose IRST aptiktos patologijos biity patvirtintos
radiologiniy tyrimy duomenimis [4, 16].

Visgi svarbu patologija aptikti greitai ir ankstyvoje stadijoje. Antrame
etape, darydami prielaida, kad DI jrankiai gali padéti anks¢iau aptikti nedi-
deles AT asimetrijas BVZ srities TV, sickéme atrinkti su patologija susijusius
pozymiy vektorius ir juos panaudoti, kaip jvesties duomenis MM ANN (angl.
k-Nearest Neighbor) klasterizatoriui [17]. Pastarasis, remiantis radiologiniy
tyrimy rezultatais, buvo apmokytas atpazinti atrinktus pozymius ir priimti
tinkama klasterizavimo sprendima: yra / néra patologijos. Tyrimo rezultatai
parod¢, kad MM kNN Kklasterizatorius, analizuodamas specialiai atrinktus
aStuonis temperatlrinius pozymius, gali patikimai atskirti patologinius ir
sveikus pacienty BVZ srities termovaizdus [18]. Tadiau §io metodo sékmin-
gam taikymui reikalingas tikslinis poZymiy atrinkimas ir optimalios & reiks-
mas IRST gali tapti greitu, neinvaziniu, ekonomisku ir lengvai prieinamu
biidu anksti aptikti navikus. Ateityje, tyrimai turéty biiti sutelkti § MM mode-
liy tobulinimg, gautus rezultatus patvirtinant radiologiniais tyrimais. Tai
padéty didinti $ios technologijos tiksluma, patikimuma ir pritaikomuma BVZ
patologijy diagnostikoje.



DARBO TIKSLAS IR UZDAVINIAI

Darbo tikslas

Ivertinti infraraudonyjy spinduliy termografijos (IRST) ir dirbtinio inte-
lekto (DI) taikymo galimybes, siekiant aptikti patologines biikles (navikinés
ir uzdegiminés kilmés) burnos, veido ir Zandikauliy (BVZ) srityje ir rezul-
tatus palyginti su radiologiniy tyrimy duomenimis.

Darbo uzdaviniai

1. Aptikti temperatiiring asimetrija BVZ srityje pagal IRST duomenis
ir palyginti rezultatus su KT / MRT tyrimy duomenimis.

2. Pritaikyti termografiniy vaizdy (TV) segmentavimg patologiniy
sri¢iy nustatymui ir jvertinti jo diagnostinj tikslinguma.

3. Atrinkti su patologija susijusius temperatiirinius poZymius ir panau-
doti juos masininio mokymosi ANN algoritmo apmokymui TV
klasterizavimui i sveikus ir patologinius atvejus.

4. Ivertinti optimizuoto ANN klasterizavimo modelio patikimuma
ankstyvai BVZ srities patologijy diagnostikai, remiantis KT / MRT
tyrimy duomenimis.

Darbo naujumas ir mokslinis aktualumas

Pacienty, turinéiy BVZ srities patologijas, ankstyva diagnostika ir gydy-
mo taktika daznai yra sudétinga [1, 2].

Disertaciniame darbe pirmg kartg integruojama IRST ir DI technologijy
taikymo schema BVZ srities patologiniy (navikinés ir uzdegiminés kilmeés)
biikliy atpazinimui i$ termografiniy vaizdy, taikant objektyviais temperati-
riniais poZymiais paremtg analiz¢. Sukurtas optimizuotas ANN klasteriza-
vimo algoritmas, apmokytas pagal atrinktus temperatiirinius poZymius. Svar-
bu tai, kad diagnostinio metodo validavimui pirmg karta panaudoti objekty-
viis radiologiniai KT ir MRT tyrimy duomenys, uztikrinant ne subjektyvia, o
vaizdiniais tyrimais pagrista rezultaty vertinimo sistema [14, 18].

Literatiiros analizés metu neaptikta analogisky tyrimy BVZ srityje, ku-
riuose biity taikytas toks kompleksinis metodinis derinys, optimizuoto DI
algoritmo integracija su IRST ir klinikiniy atvejy patvirtinimas objektyviais
vaizdiniais metodais. Iki Siol publikuotuose darbuose daznai akcentuojama
temperatiiros asimetrijos svarba patologijy atpazinimui, o termogramos
interpretuojamos klinikiniy simptomy pagrindu, be objektyvaus vaizdinio
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patvirtinimo [16]. Nors DI modeliai daznai naudoja daugybe¢ pozymiy, publi-
kuotuose darbuose pasigendama optimizuoto pozymiy rinkinio jtraukimo ir
rezultaty patikros naudojant objektyvius KT / MRT tyrimy duomenis [4].

Atlikti tyrimai atskleide, kad IRST metodas, taikant temperatiirinés asi-
metrijos analiz¢ tarp simetriniy paciento veido ir burnos ertmés kairés / desi-
nés pusiy, parodé panasy patologiniy zidiniy (navikinés / uzdegiminés kilmés)
aptikimo tiksluma, kaip standartizuoti radiologinés diagnostikos KT / MRT
metodai. Tai patvirtina IRST potencialg aptikti patologines vietas, matomas
TV, kaip aukstesnés temperatiiros sritis, todél galéty biti taikomas BVZ
srities patologijoms aptikti.

Disertaciniame darbe atlikti tyrimai taip pat atskleide, kad siekiant suras-
ti asimetrinés temperatiiros poky¢ius simetrinése BVZ srities dalyse, tikslinga
naudoti vaizdo apdorojimo algoritma, tiksliam dominancios tyrimo srities
(angl. Region of Interest, ROI) aptikimui [14]. Nustatéme, kad didelius ir pa-
virsiuje lokalizuotus BVZ srities navikus galima lengvai aptikti be papildomo
vaizdo apdorojimo (segmentacijos). Taciau mazy, giliai ar abipus lokalizuoty
naviky atveju biitina atlikti ROI segmentacija patologinés vietos iSryskinimui,
nes temperatiiriné asimetrija gali buti neryski. Literaturos Saltiniuose IRST
technologijos taikytos tik veido, bet ne burnos ertmés tyrimams [4, 19, 20].
Siame darbe pirma karta parodyta, kad burnos ertmés ROI segmentavimas
yra informatyvesnis nei veido ROI, nes burnos srityje Silumos pasiskirstyma
lemia plonesni audiniai ir gleiviné, todél temperatiiriniai poky¢iai fiksuojami
jautriau.

Atrinkti specifiniai aStuoni pozymiy vektoriai, apibidinantys tempera-
turines charakteristikas [18], buvo panaudoti MM kNN klasterizatoriaus
apmokinimui ir testavimui [18]. Apmokytas optimizuotas ANN algoritmas,
vertinantis ne pagal vieng pozymj, o kompleksiskai, geb¢jo s¢kmingai atlikti
jvesties pozymiy vektoriy priskyrimg skirtingoms grupéms, atitinkamai yra /
néra patologija. ISskirti trys statistiskai reikSmingi pozymiai, kurie labiausiai
diferencijuoja tarp grupiy ir turi potencialg buti taikomi, kaip Siluminiai
biomarkeriai, papildantys ANN klasterizavimo rezultatus ir stiprinantys
ankstyvos diagnostikos galimybes BVZ srityje.

Taip pat pademonstruota, kad ANN binarinio klasterizavimo (sveiki /
patologiniai atvejai) patikimumas, pagristas apskaic¢iuotomis tikslumo, jaut-
rumo ir specifiSkumo reik§mémis, buvo geras, vertinant, kaip algoritmas geba
atpazinti pacienty TV su navikine patologija (atitinkamai 94,1 proc., 77,9 proc.
ir 94,9 proc., n = 46) [18] ar visus patologinius atvejus (naviko / uzdegiminés
kilmés, atitinkamai 90,63 proc., 98,25 proc. ir 92,31 proc., n = 94). Optimi-
zuotas kNN binarinio klasterizavimo modelis patikimai atpazino TV ir tiksliai
suskirsté pacientus j sveiky ir patologiniy atvejy grupes, pasieckdamas auksta
tiksluma, jautruma ir specifiSkuma, bei AUC reikSme ~0,9.
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Atliktas pilotinis tyrimas uzpildo esamas spragas — pateiktas optimizuo-
tas algoritmas ne tik remiasi patikimais termografiniais pozymiais, bet ir
objektyviai patvirtintas KT/MRT tyrimy duomenimis. Tai rodo klinikinj pati-
kimuma ir ateityje gali tapti perspektyviu papildomu neinvaziniu diagnosti-
kos jrankiu.

Darbo praktiné reikSmé

Siuo metu BVZ srities naviky aptikimui ir diagnozés patvirtinimui
»auksiniu standartu* laikomi KT tyrimas ir histologiné verifikacija. Taciau,
Sie metodai néra visiSkai sauglis pacientui ir daznai taikomi tik pazengusiose
ligos stadijose, kai jau yra aiskiai matomi anatominiai pakitimai. D¢l Sios
priezasties, siekiant ankstyvosios navikinio proceso diagnostikos, biity tiks-
linga naudoti IRST, kuria fiksuojami temperatiiriniai pokyc¢iai audiniuose gali
padeéti aptikti patologinius procesus dar pries atsirandant klinikiniams simpto-
mams. Kadangi BVZ navikai dél suaktyvéjusios kraujotakos paveiktoje
srityje iSskiria daugiau Silumos nei sveiki aplinkiniai audiniai, IRST leidzia
uzfiksuoti ir iSmatuoti §iuos temperattirinius pokyc¢ius, suteikdama papildoma
diagnosting informacija.

Sio tyrimo metu pritaikytas IRST vaizdy apdorojimo optimizuotas algo-
ritmas leidzia BVZ srityje aptikti vietas, kuriose pasireiskia asimetriniai
temperattiros pokyciai. Siekiant jvertinti IRST taikyma klinikinéje praktikoje,
BVZ srities patologijy diagnostikoje, biitina atlikti TV duomeny patikrinima,
lyginant juos su KT / MRT rezultatais.

Disertacinio darbo rezultatai leidzia pagristai teigti, kad toks metodas
galéty buti naudojamas, kaip papildoma neinvaziné¢ priemoné klinikingje
praktikoje, ypa¢ pradiniam patologijos iSskyrimui ir pacienty srauty pirmi-
niam raSiavimui. Siekiant padidinti IRST diagnostinj tiksluma, biitina DI
metody integracija, kuri leisty automatizuotai atpaZzinti pazeidimus ir pateikty
automatinj vertinima, siekiant uztikrinti patikimesn¢ diagnostikg ir i§vengti
Saliskumo ar neteisingos gauty rezultaty interpretacijos.
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1. LITERATUROS APZVALGA

1.1. Burnos, veido ir Zandikauliy (BVZ) patologijos

Burnos, veido ir Zandikauliy (BVZ) sistema — tai sudétinga anatominé
struktiira, atliekanti svarbiausias funkcines ir estetinés iSraiSkos funkcijas. Ji
apima veido kaulus, Zandikaulius, dantis, temporomandibulinius sgnarius,
raumenis, kraujagysles, nervus ir minkstuosius audinius, kurie kartu uztikrina
kalbos, ryjimo, kvépavimo, kramtymo ir mimikos funkcijas. D¢l savo sudé-
tingos anatominés sandaros ir jvairiy funkcijy BVZ sistema yra ypa¢ paZei-
dziama traumy, uzdegiminiy, degeneraciniy ir navikiniy procesy. Jos sveikata
ir vientisumas yra bitini bendrai Zmogaus savijautai ir gyvenimo kokybei.

BVZ sritis dél savo anatominés sandaros ir nuolatinio kontakto su burnos
ertmés mikroflora yra ypa¢ jautri uzdegiminéms ligoms. Sios patologijos daz-
niausiai i8sivysto dél bakteriniy infekcijy, taciau gali biiti ir virusines, grybe-
linés ar autoimuninés kilmeés [21]. Uzdegiminiai procesai gali apimti kaulus,
minkstuosius audinius, seiliy liaukas, danty Saknis ir netoliese esancias anato-
mines struktiras, tokias kaip sinusai ar limfmazgiai. Dazniausiai pasitaikan-
¢ios uzdegiminés ligos BVZ srityje yra odontogeninés infekcijos, kurios kyla
1§ danty ir jy Sakny uzdegimy. Negydytos odontogeninés infekcijos formuoja
pulingus minkStyjy audiniy Zidinius tokius kaip abscesai ir flegmonos,
galincius plisti ] aplinkines struktiiras [22]. Osteomielitas, arba kaulinio audi-
nio uzdegimas, dazniausiai vystosi kaip negydyty infekcijy komplikacija.
BVZ sritis daznai pazeidziama seiliy liauky uzdegimy (sialadenity) ir prieno-
siniy anciy infekcijy (sinusity), kurie gali biti tiek bakterings, tiek virusinés
kilmes.

Kita reik§minga BVZ patologijy grupé yra neoplastiniai procesai, kurie
apima gerybinius ir piktybinius navikus. BVZ srities navikai sudaro apie
5 proc. visy zmogaus kiino naviky ir 20-30 proc. visy galvos bei kaklo naviky
[23]. Sie dariniai gali i§sivystyti kauluose, minkstuosiuose audiniuose, seiliy
liaukose, o jy poveikis priklauso nuo naviko tipo, augimo pobiidzio ir inva-
ziSkumo [24]. Gerybiniai navikai auga létai, iSlieka lokalizuoti ir neplinta j
aplinkinius audinius [25], tuo tarpu piktybiniai navikai pasizZymi greitu, inva-
zyviu augimu, gali paZeisti gretimas struktiiras ir metastazuoti j limfmazgius
ar tolimus organus. Siy naviky kilmé daZnai siejama su epiteliniais, jungia-
mojo audinio, kauliniais ar kraujagysliniais elementais [26]. Dél svarbiy BVZ
srities funkcijy tiek gerybiniai, tiek piktybiniai navikai gali reikSmingai
paveikti paciento gyvenimo kokybe, sukeldami funkcinius sutrikimus, tokius
kaip rijimo, kalbéjimo ar kvépavimo problemos, bei estetinius pokycius, le-
mianius veido asimetrija ar deformacijas. BVZ navikai skirstomi pagal
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histologing kilme, vertinant augimo pobiidj, invaziSkumo laipsnj ir geb¢jima
metastazuoti | limfmazgius ar tolimus organus.

Piktybiniai navikai, tokie kaip ploks¢iyjy lasteliy karcinoma (angl. Squa-
mous Cell Carcinoma, SCC), sudaro daugiau nei 90 proc. visy burnos ertmeés
piktybiniy dariniy [27]. Sie navikai daZniausiai diagnozuojami vélyvosiose
stadijose, nes jy pradiniai simptomai daznai btina nespecifiniai arba nepaste-
bimi. Pacientai neretai kreipiasi | gydytoja tik tada, kai atsiranda ryskds
klinikiniai pozymiai, tokie kaip skausmas, patinimas, kraujavimas, rijimo ar
kvépavimo sutrikimai. D¢l Sios priezasties liga gali buti nustatoma tik tada,
kai navikas yra iSplites ] aplinkinius audinius ar limfmazgius. Ankstyva diag-
nostika yra esminé¢ siekiant pagerinti gydymo efektyvuma, sumazinti chirur-
ginés intervencijos apimtj ir padidinti paciento i§gyvenamumga. Tam pasiekti
svarbu atlikti reguliarias profilaktines apZziiiras, naudoti radiologinés diagno-
stikos tyrimus, tokius kaip ultragarsas, KT ir magnetinio rezonanso tomo-
grafija (MRT).

De¢l piktybiniy naviky agresyvumo ir polinkio plisti j limfmazgius bei
tolimus organus, ankstyva diagnostika yra itin svarbi. Laiku nustatyta liga
leidzia pradéti kompleksinj gydyma, kuris paprastai apima chirurginj naviko
pasalinima, radioterapija, chemoterapija ar imunoterapija. Gydymo strategija
parenkama atsizvelgiant j naviko histologinj tipa, dydj, iSplitimo laipsnj ir
bendrg paciento biikle. Laiku nustatyta diagnozé ir naujausi gydymo metodai
gali padéti sumazinti mirtingumg ir pagerinti pacienty i§gyvenamuma bei
gyvenimo kokybg.

1.2. Radiologiniai diagnostikos metodai

Radiologiné diagnostika yra neatsiejama Siuolaikinés medicinos dalis,
leidzianti tiksliai vizualizuoti vidaus anatomines struktiiras, anksti aptikti
patologinius pokycius ir uztikrinti intervencijy planavimg bei stebésena.
Siuolaikiniai radiologinés diagnostikos metodai, tokie kaip rentgenografija,
KT, MRT, ultragarsas ir branduolinés medicinos tyrimai, suteikia gydytojams
galimybe be papildomos intervencijos analizuoti organy, kauly ir minkstyjy
audiniy bikle.

Rentgenografija — tai radiologinés diagnostikos metodas, naudojantis
rentgeno spindulius kiino vidinéms struktiroms pavaizduoti. BVZ srities
patologijos vertinimui dazniausiai taikomas ekstraoralinés rentgenografijos
tyrimo metodas, atliekant pritaikomasias veido kauly, prienosiniy an¢iy rent-
genogramas ir ortopantomogramas, kas leidzia analizuoti dideles anatomines
sritis, aptikti kauly lazius, cistas, navikus, sgnario degeneracinius pokycius
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bei sinusy ligas. Vertinant minkstuosius audinius, smulkius kaulinius defek-
tus ar sudétingas patologijas rentgenogramy informatyvumas yra ribotas,
tod¢l esant patologijos jtarimui tikslinga atlikti i§samesnius radiologinius
tyrimus.

Kompiuterinés tomografijos radiologinés diagnostikos metodas parem-
tas rengeno spinduliy slopinimo skirtingo tankio audiniuose principu, kuris
leidzia gauti detalius asinius Zmogaus kiino vaizdus. BVZ srities patologijy
diagnostikoje KT laikoma ,,aukso standartu®, kadangi uZztikrina kompleksinj
patologijos vertinimg, suteikdama iSsamig informacija tiek apie kaulines
struktiiras, tiek apie minkStuosius audinius. Gerybiniai kaulinio audinio dari-
niai, tokie kaip odontogeninés keratocistos, radikulinés cistos ir ameloblasto-
mos, KT vaizduose pasizymi biidingais pozymiais, leidZianciais tiksliai juos
atskirti nuo kity patologijy [28]. Piktybiniai minkStyjy audiniy ar kaulinio
audinio navikai, tokie kaip ploksc¢iyjy lasteliy karcinoma, osteosarkoma ar
metastazes, geriausiai matomi KT tyrime su kontrastiniu vaizdo sustiprinimu,
kuris leidzia aiskiai vizualizuoti minks$tyjy audiniy bei kraujagysliy struktiiras,
tiksliai jvertinti naviko i$plitima, kaulo destrukcija, bei jtarti galimg perineu-
ralinj plitimg [29]. D¢l savo tikslumo KT leidzia anksti ir gana tiksliai aptikti
patologinius pokycius, kurie nematomi jprastinés rentgenografijos metu.

Magnetinio rezonanso tomografija neinvazinis radiologinés diagnostikos
metodas pagristas stipraus magnetinio lauko ir radijo bangy naudojimu vaiz-
dams gauti. Skirtingai nei rentgenografija ar KT, MRT nenaudoja jonizuojan-
¢iosios spinduliuotés, bei iSsiskiria itin auksta minkStyjy audiniy kontrasto
raiSka ir detalia anatominiy struktiiry vizualizacija, tod¢l yra vienu i§ svar-
biausiy tyrimy, vertinant BVZ srities onkologines ligas. Gerybiniai navikai,
tokie kaip pleomorfinés adenomos, Svanomos ir hemangiomos, turi bidingus
MRT signalus, kurie palengvina jy diferencijavima [30]. Tuo tarpu tiriant
piktybinius navikus, tokius kaip SCC, adenoiding cisting karcinomg ir sarko-
mas, MRT reikalingas naviko riby ir lokalaus iSplitimo jvertinimui, jskaitant
galimg perineuralinj plitimg ir greta esanciy kraujagysliy invazija [31]. Be to,
difuzijos ir perfuzijos sekos, analizuojancios darinio vandens molekuliy judé-
jimg ir kraujotaka, padeda iSryskiti naviko piktybiskumo poZymius, taip
padidinant MRT diagnostikos tikslumg [32]. MRT itin veiksmingas seiliy
liauky patologijos diagnostikoje, nustatant tick akmenligg, tiek iminj ar 1étinj
sialadenita, autoimunines ligas ar naviking patologija [33]. Infekcinés kilmés
minkStyjy audiniy infiltraciniy pakitimy metu MRT naudingas vertinant
santyki su giliosiomis kaklo fascijomis, kas yra svarbu gydymo planavimui
[34]. ,,Aukso standartu MRT laikoma temporomandibulinio sgnario diag-
nostikoje, vertinant sgnarinj diskg ir jo galimas dislokacijas, sinovinj skystj,
aplinkinius minks$tuosius audinius, uzdegimines ir degeneracines temporo-
mandibulinio sgnario biikles, tokias kaip reumatoidinis artritas ar osteoartritas
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[35]. Nors MRT yra labai informatyvus metodas, leidziantis tiksliai jvertinti
minksStyjy audiniy bikle ir patologinius pokycius, jis néra pats tinkamiausias
pasirinkimas, kai reikia detaliai analizuoti kaulinj audinj. Sioje srityje auksi-
niu standartu iSlieka KT, kuri leidzia tiksliai vizualizuoti kauly struktiirg ir
patologinius pakitimus. Be to, MRT tyrimas trunka gerokai ilgiau nei KT,
todel KT yra lengviau prieinamas ir praktiskesnis pasirinkimas.

Ne ka maziau svarbiis diagnostikos metodai BVZ patologijos diagnosti-
koje yra pozitrony emisijos tomografija (PET) ir vieno fotono emisijos kom-
piuteriné tomografija (SPECT/KT), kuri sujungia vieno fotono emisijos kom-
piuterinés tomografijos (SPECT) funkciniy vaizdy galimybes su KT anatomi-
niais vaizdais, leidzianciais tiksliai lokalizuoti patologinius pakitimus [36].
Sie radiologiniai tyrimai leidzia jvertinti organizmo lgsteliy metabolizmg ir
funkcinius pokycius, suteikdami iSsamig informacijg apie ligos eigg moleku-
liniame lygmenyje. Siy tyrimy metu naudojami radioaktyvius Zymekliai,
kurie kaupiasi tam tikruose audiniuose ar organuose, kas leidZia stebéti biolo-
ginius procesus organizme realiu laiku. Sis metodas padeda vertinti metabo-
linius pokycius, ankstyvas patologijas ir navikinius procesus, dar prie§
atsirandant struktiiriniams pakitimams. PET-KT yra ypa¢ svarbus piktybiniy
BVZ naviky diagnostikoje, nes leidzia tiksliai nustatyti ligos stadija, aptikti
recidyvus ir jvertinti gydymo efektyvuma. Sis metodas daZniausiai naudoja-
mas SCC atvejais, kur jis padeda identifikuoti pirminio naviko lokalizacija,
limfmazgiy ir tolimasias metastazes, taip pagerindamas stadijos nustatymo
tiksluma [37]. Osteosarkomos ir chondrosarkomos atvejais PET-KT leidzia
atskirti agresyvius ir létai augancius navikus bei jvertinti jy atsaka i gydyma
[38]. Be to, Sis metodas naudingas diagnozuojant seiliy liauky piktybinius
navikus, padedant atskirti gerybinius darinius nuo piktybiniy ir aptikti meta-
stazes [39]. PET-KT taip pat placiai naudojamas uzdegiminiy ir infekciniy
bukliy diagnostikoje, iskaitant osteomielitg ir bisfosfonaty sukelta Zandikau-
lio osteonekroze (BRONJ). Jis leidzia aptikti aktyvius uzdegiminius procesus
ir diferencijuoti infekcija nuo naviko recidyvo onkologiniams pacientams,
gydomiems bisfosfonatais [40]. PET-KT taikomas temporomandibulinio s3-
nario uzdegimui diagnozuoti, ypa¢ reumatoidinio artrito atvejais, kai reika-
lingas tikslus uzdegiminiy pokyciy jvertinimas [41]. Be onkologiniy ir uzde-
giminiy bukliy, PET-KT taip pat naudojamas metaboliniy kauly ligy, tokiy
kaip Pageto liga, diagnostikai, kuomet padidéjusi radioaktyviojo Zymens
akumuliacija rodo aktyvius kaulinio audinio procesus, leidziancius aptikti
ligos progresavimg [42]. PET ir SPECT yra nepakei¢iamos medicinos prie-
mongés, suteikianc¢ios gydytojams galimybe stebéti biologinius procesus orga-
nizme realiuoju laiku ir diagnozuoti ligas jy ankstyviausiose stadijose, taciau
tai néra pirminés BVZ diagnostikos metodai.
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Dar vienas ne maziau svarbus BVZ srities diagnostikos metodas yra
ultragarsin¢ diagnostika, kuri yra ypa¢ naudinga vertinant pavir§inius minks-
tyjy audiniy darinius, seiliy liauky pakitimus, limfmazgiy patologijas, krauja-
gysliy anomalijas bei tam tikrus temporomandibulinio sgnario pazeidimus.
Nors gilesniy struktiiry ir kauliniy patologijy diagnostikai pirmenybé¢ teikia-
ma KT ir MRT, ultragarsas iSlieka svarbi pirminé diagnostikos priemoné,
leidzianti realiu laiku jvertinti pavirSinius pakitimus, bei esant indikacijoms,
atlikti minimaliai invazines procediiras.

1.3. Infraraudonyjy spinduliy termografija (IRST)

Infraraudonyjy spinduliy termografija (IRST) — tai neinvazinis tyrimo
metodas, leidziantis uZzfiksuoti ir analizuoti kiino ar objekty skleidziama
Silumine spinduliuote [43, 44]. Si technologija remiasi infraraudonyjy spin-
duliy aptikimu ir jy konvertavimu j temperatiirinius Zzemélapius, kurie atspin-
di pavirSiaus temperatiiros pasiskirstyma. Mokslininkai ir inZinieriai aktyviai
tyrinéja infraraudonosios spinduliuotés fizikines savybes, siekdami tobulinti
Siluminio vaizdavimo sistemas, kurios gali biiti naudojamos medicinoje,
pramonéje, saugumo ir kitose srityse. Fizikiniu poziiiriu infraraudonieji spin-
duliai yra elektromagnetiniy bangy spektro dalis, kuriy dazniai yra tarp
matomos Sviesos ir mikrobangy diapazono [45]. Jie sklinda kaip nematoma
spinduliuoté, kurig sugeria, atspindi arba perduoda jvairios medziagos, pri-
klausomai nuo jy $iluminiy savybiy. Si savybeé leidzia IRST biiti itin efekty-
viu jrankiu ne tik medicinoje, bet ir inZineriniuose tyrimuose, kur biitina
stebéti temperatiirinius pokyc€ius realiuoju laiku. IRST principas slypi tame,
kad visi objektai, kuriy temperatiira yra virs§ absoliutaus nulio, skleidzia infra-
raudonuosius spindulius. Infraraudonuosius spindulius fiksuoja specialios
kameros, kurios dazniausiai naudoja mikrobolometrinius jutiklius. Sie jutik-
liai aptinka temperatiiros poky¢ius, jvertindami, kiek infraraudonosios spin-
dulivotés skleidzia objektas. Gauta informacijg jie pavercia elektroniniais
signalais, kurie véliau apdorojami ir paver¢iami skaitmeniniu temperatiiros
vaizdu. Temperatiiros vertés apskai¢iuojamos naudojant sudétingus algorit-
mus, pagrjstus Planko ir Stefan-Boltzmanno désniais [46]. Planko désnis nu-
sako, kaip objektas spinduliuoja energija skirtinguose bangos ilgiuose, o
Stefan-Boltzmanno désnis padeda apskaiCiuoti bendrg iSspinduliuojamos
energijos kiekj, priklausomai nuo objekto temperatiiros. Planko désnis rodo,
kad bet kuris objektas, kurio temperattra virsija absoliuty nulj (-273,15 °C
arba 0 K, Kelviny), skleidzia elektromagnetines bangas. Sios spinduliuotés
intensyvumas priklauso nuo bangos ilgio ir objekto temperatiiros, t.y. kuo
kiinas karStesnis, tuo didesné energija iSspinduliuojama trumpesnio bangos
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ilgio diapazone [46]. Désnis taip pat leidzia apskaiciuoti, kokio bangos ilgio
spinduliuot¢ dominuoja tam tikroje temperatiiroje, o tai yra itin svarbu
infraraudonyjy spinduliy termografijoje, nes leidZia tiksliai nustatyti objekto
temperatiira per nuotolj [47]

Stefan-Boltzmanno désnis apraso ry§j tarp kiino temperatiiros ir jo
skleidziamos $iluminés spinduliuotés. Pagal §i désnj, kuo aukstesné objekto
temperatira, tuo daugiau Siluminés energijos jis iSspinduliuoja. Désnis grin-
dziamas, kad absoliuciai juodojo kiino (t. y., idealaus objekto, kuris visiskai
sugeria ir i§spinduliuoja energija) spinduliuojama energija did¢ja proporcin-
gai jo absoliucios temperatiros ketvirtajam laipsniui. Tai reiskia, kad net
nedidelis temperatiros padid¢jimas smarkiai padidina skleidziamos energijos
kiekj [48]. IRST Sis désnis naudojamas objekto pavirSiaus temperatiiros apti-
kimui pagal jo spinduliuojamg infraraudonajg energija. Kadangi tikri objektai
dazniausiai néra tobuli juodieji kiinai, $is désnis taikomas atsizvelgiant |
emisijos koeficienta (). Sis koeficientas parodo, kokia dalj energijos realus
objektas iSspinduliuoja, palyginti su idealiu juoduoju kiinu [46]. Emisijos
koeficientas — dydis, nusakantis objekto gebéjimg iSspinduliuoti Silumine
energija, palyginti su idealiu juoduoju kiinu, kuris sugeria ir i§spinduliuoja
visg ] ji krentancig elektromagneting spinduliuot¢. Emisijos koeficientas visa-
da svyruoja tarp O ir 1, kai ¢ =1 reiskia, kad objektas yra tobulas juodasis
kiinas, o kai ¢ = 0 reiskia, kad objektas visiskai neatspindi ir neiSspinduliuoja
Siluminés energijos. Daugumos realiy medziagy emisijos koeficientas yra
mazesnis nei 1 ir priklauso nuo temperatiiros, pavir§iaus struktiiros ir bangos
ilgio. Pavyzdziui, Zmogaus oda turi auksta emisijos koeficientg (~0,98), todél
termovizijos kameromis galima tiksliai matuoti kiino temperatiirg ir aptikti
patologines bukles. Netiksli emisijos koeficiento verté gali lemti temperati-
ros matavimo klaidas, todél termoviziniai prietaisai daznai leidzia reguliuoti
§] parametrg pagal tiriamg pavir§iy. Emisijos koeficientas gali buti apskai-
¢iuojamas teoriskai pagal Stefan-Boltzmanno désnj, eksperimentiniu bidu
naudojant lyginamaja analiz¢ su juoduoju kiinu, arba laboratoriniais metodais
naudojant spektrometrus [49].

Siais désniais pagrjstos kameros gali registruoti infraraudonaja spindu-
liuote, kurios bangos ilgis yra nuo 0,9 iki 14 mikrometry (um). Sis spektras
apima trumpyjy, vidutiniy ir ilgyjy bangy infraraudonuosius spindulius.
Trumpyjy bangy infraraudonieji spinduliai (0,9-1,4 um) dazniausiai naudo-
jami optiniuose jutikliuose ir telekomunikacijy technologijose. Vidutiniy
bangy infraraudonieji spinduliai (1,4-3 um) taikomi infraraudonyjy spindu-
liy spektroskopijoje, medicininé¢je diagnostikoje ir chemingje analizéje, nes
leidzia tiksliai aptikti ir iSanalizuoti medziagy sudétj bei struktira. Ilgujy
bangy infraraudonieji spinduliai (3—14 um) yra pagrindinis termografijoje
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naudojamas diapazonas, nes $is spinduliavimas leidzia tiksliai uzfiksuoti ob-
jekty skleidziama Siluming energija ir sukurti temperatiirinius Zemélapius
[50]. Infraraudoniesiems spinduliams jautriis detektoriai surenka objekty
skleidziamga $ilumg ir paveréia ja elektriniais signalais. Sie signalai, atspin-
dintys skirtingas temperatiiras, yra apdorojami jutikliy sistemoje, kuri juos
konvertuoja i skaitmening informacija. Galiausiai, specialus procesorius ana-
lizuoja Siuos duomenis ir sukuria termografinj vaizda, kuriame temperatiiry
skirtumai iSreiSkiami spalvomis: S$iltesnés vietos rodomos Sviesesnémis
spalvomis, o Saltesnés — tamsesnémis. Toks vizualizavimas leidzia lengvai
aptikti temperattiros pokycius jvairiose srityse —nuo medicinos iki inZinerijos
ir saugumo sistemy.

Nors apie infraraudonosios spinduliuotés galimg panaudojimag vaizdavi-
mo tikslais buvo galvojama jau ilgg laika, praktinis termovizijos jgyvendi-
nimas pradéjo formuotis 1920-aisiais ir 1930-aisiais metais [11]. Ankstyvo-
siose termogramose vaizdas buvo pateikiamas nespalvotas, ta¢iau jau nuo
1970 mety, tobuléjant infraraudonyjy spinduliy ekranams termogramas buvo
galima vertinti spalvinéje skaléje, kuriose aukStesnés temperattiros zonos
pavaizduotos Siltomis spalvomis (raudona, oranzing, geltona), o Zemesneés
temperatiiros zonos pavaizduotos Saltesnémis spalvomis (mélyna, violeting).
Sio proceso pasekoje atsirado galimybé ne tik vertinti $iluminius poky&ius
dinamikoje, taciau ir i§skirti dominancios srities lokalius iSskirtinés tempera-
tiros taskus.

Anksciausiai dokumentuotas IRST pritaikymas buvo Pirmojo pasaulinio
karo metais. Tuo metu infraraudonaja spinduliuote vaizduojancios technolo-
gijos buvo tyrin¢jamos kaip budas aptikti prieSo taikinius ir stebeti kariy
judéjima esant prastam matomumui. Ankstyvieji Siluminio vaizdavimo jren-
giniai buvo ganétinai primityvis, lyginant su Siuolaikiniais analogais, taciau
jie pad¢jo tvirtus pagrindus Sios technologijos praktiniam pritaikymui. Veliau
Sie jrenginiai tapo neatsiejama karinio taikymo dalimi, jskaitant Zvalgyba,
steb¢jima, taikinio nustatyma ir naktinio regéjimo galimybes.

Technologinio progreso metu IRST prasiskverbe¢ ir | pramongés sritis,
sitilydama nekontaktinj biidg jvertinti masiny, infrastruktiiros ir procesy biik-
lg. Pramongs srityse IRST gali biiti naudojama aptinkant jprasty temperatiiry
nuokrypius, bei nustatant potencialy jrangos gedima ar sutrikimg. IRST pra-
mong¢je tapo lengvai prieinama 1970-siais—1980-siais metais, kas leido ga-
mintojams aptikti defektus, nesklandumus ar nesuderinamumus produktuose
ir medziagose. Véliau, tobul¢jant Siluminéms kameroms, IRST tapo neatski-
riama energijos auditavimo ir efektyvumo vertinimo dalimi.
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1.4. IRST taikymas medicinoje

Medicinos srityje IRST buvo pradéta taikyti nuo 20-to amziaus vidurio,
kuomet mokslininkai ir gydytojai pradéjo eksperimentuoti su Siluminio vaiz-
davimo technikomis, siekiant stebéti odos temperatiiry pokycius, bei aptikti
galimas patologijas. Pirminiai IRST pritaikymai buvo dermatologijos ir krau-
jagysliy sistemos patologijos srityse. Sie tyrimai leido IRST vis labiau
integruoti j kliniking praktika su perspektyva tapti nauju diagnostiniu jrankiu
medicinoje. Pasitelkiant IRST vaizdy analizei skirtus algoritmus, galima
aptikti smulkius pavirSiaus temperatiry skirtumus, teikiancius informacija
tiek apie fiziologinius organizmo procesus, tiek apie galima patologija ar
bendra sveikatos biikle. Zmogaus kiino audiniai ir organai pasizymi skirtin-
gomis Siluminémis charakteristikomis. Lokalias odos temperattiros pokycio
sritis gali jtakoti daugelis ligy ir (arba) patologijy, taip pat psichofiziologiniai
reiSkiniai (pvz., navikai, uzdegimai, infekcijos, karSciavimas, 1étinés skaus-
mo ligos, nervy sistemos funkcijos pokyciai ir kt.) [51-53]. Odos pavirsiaus
temperatiira visada yra visy Siluminiy procesy, vykstanciy po oda, suma.
Todél priimant klinikinius sprendimus reikéty atsizvelgti i poodinius fiziolo-
ginius procesus. Pavyzdziui hipotermijos metu, kad iSvengti papildomy
Silumos nuostoliy, odos kraujagyslés susitraukia, kraujotaka centralizuojasi,
ko pasekoje stebimas odos pavirSiaus temperatiiros sumaz¢jimas. Tuo tarpu
hipertermijos atveju, siekiant atvésinti organizma, kraujagyslés iSsipléecia, kas
lemia padidéjusig odos pavirsiaus temperatiira [54]. Zmogaus kiinas pasizymi
dvipuse simetrija, kuri yra svarbi tiek anatominiu, tiek funkciniu pozitriu.
Organai, kraujagysliy tinklas ir nerviniai rezginiai iSsidésto abipus kiino
simetrijos aSies beveik vienodai, uztikrindami sklandzig organizmo veiklg ir
pusiausvyra. Vienas svarbiausiy $ios simetrijos fiziologiniy aspekty yra
Silumos pasiskirstymas, kuris sveikam Zzmogui paprastai iSlieka vienodas
abiejose kiino pusése. Sj tolygy temperatiiros pasiskirstyma palaiko subalan-
suota kraujotaka, medziagy apykaita ir termoreguliacijos mechanizmai. Svei-
kam zZmogui termograma rodo vienodus ir simetriSkus, kiing j dvi dalis dali-
nancios plokStumos atzvilgiu, odos pavirSiaus temperatiiros svyravimus, o
skirtumai pasirinktose vietose yra labai mazi (< 0,2 °C). Pagrindinj vaidmenj
Siame balanse atlieka kapiliary tinklo veikla, arterioveninés kraujotakos
santykis bei autonominé nervy sistema, kurios uZztikrina, kad Siluminé ho-
meostazé biity i§laikoma visame organizme. Zenklesni kiino temperatiiros
simetrijos skirtumai gali rodyti kraujagysliy patologijas, nervy pazeidimus ar
uzdegiminius procesus. Todél bet koks matomas temperatiiros pokytis vieno-
je kiino pusé¢je gali biiti vertinamas kaip galimas sveikatos sutrikimy pozymis,
reikalaujantis tolimesnio tyrimo. UZzfiksuodami ir analizuodami Siuos pavir-
Siaus temperatiiros pokycius, gydytojai gali gauti nejkainojamos informacijos
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apie pagrindines patologijas, kas padéty priimti klinikinius sprendimus ir
efektyviai stebéti gydymo atsaka.

Tuo tarpu veido oda, kaip labiausiai atidengta kiino dalis yra veikiama
tiek vidiniy fiziologiniy procesy, tiek jvairiy aplinkos veiksniy. Kadangi
veido oda gausiai vaskuliarizuota, jos temperatiira, reaguodama j kraujotakos
sutrikimus, Zmogaus emocing biiklg, metabolinius procesus ar iSorinius
veiksnius, dinamiSkai keiciasi.

Nustatyta, kad patologing zong supancios srities audiniy temperatiira yra
Siek tiek aukStesné nei jprasto audinio, o patologijos paveiktose srityse stebi-
mi akivaizdis temperattiros svyravimai [15, 55]. Taciau, kartais patologijos
srityje stebima lokaliai sumaZzéjusios temperatiiros sritis. Nepaisant Siy skirtu-
my, termografinio tyrimo metu svarbu nustatyti hipervaskuliarizacijos vieta
ir laiku nukreipti pacientg tolimesniam radiologiniam iStyrimui.

Siuo metu IRST kaip diagnostinis metodas yra kliniskai patvirtinta tik
keliose medicinos srityse. Ji placiai taikoma kriities vézio ankstyvoje diag-
nostikoje, nes padeda aptikti kraujotakos ir metabolinius poky¢ius, susijusius
su naviky formavimusi [56]. Neurologijoje ir skausmo sindromy vertinime
IRST naudojama diagnozuojant neuropatijas, kompleksinio regioninio skaus-
mo sindromg ir kraujotakos sutrikimus esant migrenai ar neaiSkios kilmes
galvos skausmams [57]. Periferiniy kraujotakos sutrikimy diagnostikoje ji
efektyviai padeda aptikti arterinés ir veninés kraujotakos sutrikimus, taip pat
kraujotakos nepakankamuma [58]. Ortopedijoje ir sporto medicinoje termo-
grafija leidzia vizualizuoti raumeny pertempimus, sausgysliy uzdegimus,
sanariy pazeidimus bei stebéti traumy gijima ir sekti reabilitacijos progresa
[59]. Dermatologijoje ji taikoma piktybiniy odos naviky, hemangiomy, randy
ir uzdegiminiy odos ligy diagnostikai [60]. Pooperacinés buklés ir zaizdy
gijimo stebéjime termografija leidzia anksti aptikti kraujotakos sutrikimus,
uzdegimus ar audiniy nekroze, taip uztikrinant savalaike komplikacijy pre-
vencija [61].

Kadangi termografija yra funkcinis vaizdy gavimo metodas, jos efekty-
vumui uztikrinti naudojami jvairGis kompiuteriniai algoritmai, leidZiantys
analizuoti ir interpretuoti temperatiiry pasiskirstyma, asimetrijg ir Siluminius
poky¢ius. Kriities naviky diagnostikoje naudojami algoritmai padeda nusta-
tyti hipertermijos sritis, kraujagysliy strukttrinius pakitimus ir temperatiiros
skirtumus atitinkamose simetrinése srityse. Temperatiros skirtumas tarp
simetrisky krities sri¢iy didesnis ar lygus 1 °C laikomas reikSmingu ir gali
buti susij¢s su naviko vystymusi [62]. Priklausomai nuo individualaus meta-
bolizmo aktyvumo ir kriities liauky kraujotakos ypatumy, vidutinés tempera-
turos skirtumai tarp kairiosios ir deSiniosios kriities gali siekti 1,4 °C visoje
krityje ir iki 1,5 °C spenelio srityje [62]. Nedideli temperatiiros skirtumai
tarp krity termogramose dazniausiai parodo fiziologines disfunkcijas, taciau
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moterims, kuriy krityse néra navikiniy pakitimy, kriities pavirSiaus tempe-
ratiira paprastai iSlieka beveik simetriSka, be aiskiy aukstesnés temperatiiros
tasky [52]. Naudojami algoritmai leidzia aptikti kraujagysliy tinklus (neovas-
kuliarizacijg), budingus piktybiniam procesui ir naudojami fraktalinés anali-
z¢s metodai kraujagyslinio tinklo tankio ir chaotiSkumo jvertinimui [63].
IRST metodai taip pat leidzia analizuoti krities temperattiros pokycius po
Salto dirgiklio poveikio (pvz., Salto oro ekspozicijos). Navikinis audinys lin-
kes iSlaikyti auksStesne temperatiirg, o sveiki audiniai atvésta greic¢iau. Toliau,
remiantis §iais parametrais, gautos termogramos dirbtinio intelekto (DI)
algoritmy pagalba yra klasterizuojamos. Konvoliuciniai neuroniniai tinklai
(NT) (angl. Convolutional Neural Networks, CNNs) yra apmokomi atpaZzinti
karstus taskus, jvertinant temperatiiry pasiskirstyma simetriskose krities vie-
tose [64].

Dermatologijoje naudojami vaizdy segmentavimo algoritmai, skirti pik-
tybiniy dariniy aptikimui pagal jy Silumines charakteristikas. Vaizdy apdo-
rojimui naudojami DI modeliai, tokie kaip ResNet ir EfficientNet, kurie re-
miantis Siluminiy duomeny analize, leidzia automatizuotai klasifikuoti vaiz-
dus pagal odos bukle. DI algoritmai apmokomi atpazinti karStuosius taskus,
temperattiros skirtumus tarp simetrisky kiino pusiy, bei sritis, kuriy tempera-
tira yra zemesné nei aplinkinio audinio. Karstieji taskai — tai lokalizuotos
sritys, kuriy temperattira yra auksStesné nei aplinkiniy audiniy, ir jie daznai
siejami su uzdegiminiais procesais, bakterinémis ar virusinémis infekcijomis
bei piktybiniais navikais, kuriuose, dé¢l padidéjusios medziagy apykaitos,
susidaro hiperterminés sritys (pvz., melanoma). Temperatiiros skirtumai tarp
simetrisky ktino viety gali rodyti kraujotakos sutrikimus ar neurologines ligas.
Tuo tarpu hipoterminiy tasky buvimas, kai tam tikros sritys yra vésesnés nei
aplinkiné oda, gali reiksti gerybinius navikus ar randinius audinius, kuriuose
sumazéjusi kraujotaka. Algoritmai leidzia nustatyti Sil¢iausias ir SalCiausias
odos vietas, o piktybiniai odos dariniai dazniausiai rodo staigius temperatiiros
poky¢ius, lyginant su aplinkiniais audiniais.

Neurologijoje naudojama Siluminés asimetrijos analizé, kuri aptinka
temperatiiry skirtuma tarp sveikos ir pazeistos kiino pusés. Dinaminiai krau-
jotakos poky¢iy analizés metodai leidzia stebéti temperatiiros pokycius laike,
nes uzdegimings ir neuropatinés biiklés pasizymi skirtingu temperatiiros
svyravimu. Tai leidzia diferencijuoti patologines bukles pagal jy Siluminj
atsaka. Taip pat naudojami DI modeliai, tokie kaip LSTM (angl. Long Short-
Term Memory), kurie leidZia stebéti temperattiros pokycius per tam tikra laikg
[65]. Si analizé leidZia nustatyti skausmo kilme ir padeda atskirti, ar skausmas
yra neuropatinis, susij¢s su kraujotakos sutrikimais, ar atsirades dél uzdegimo.
Analizuodami §iuos duomenis, DI algoritmai gali atpaZinti netipinius Silumos
pasiskirstymo modelius, kurie gali rodyti patologinius procesus organizme.
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Traumatologijoje ir ortopedijoje taikomi automatiniai algoritmai, skirti
atpazinti uzdegimo paveiktas sritis. Jie identifikuoja vietas su padidéjusia
temperatiira, nes tai gali biti raiSciy ir sausgysliy uzdegimo, hematomy ar
kauly ltziy pozymis. Sportiniy traumy dinaminé¢ analiz¢ leidzia stebéti tem-
peratiiros pokyc¢ius po fizinio kriivio, nes uzdegimo paveikti audiniai ilgiau
iSlaiko Siluma, lyginant su sveikais audiniais. Taip pat DI pagalba, panaudo-
jant konvoliucinius NT, prognozuojamos sportinés traumos, automatizuotai
atrenkant kiino vietas, turin¢ias padidéjusiag traumos rizika.

BVZ srities patologijy diagnostikoje IRST $iuo metu néra kliniskai pa-
tvirtintas metodas. Nors kai kurie tyrimai nagrinéja jos nauda vertinant uzde-
giminiy procesy, kraujotakos sutrikimy ar zandikaulio sanario patologijas [4,
16, 21], tac¢iau néra pakankamai moksliniy jrodymy ir, svarbiausia, klinikinio
validavimo, kad IRST galéty biiti patikimai naudojama $ioje srityje. Dél Sios
priezasties BVZ srities patologijy diagnostikai vis dar pirmenybé¢ teikiama
radiologiniams tyrimams, tokiems kaip rentgenografija, KT ir MRT, kurie
uztikrina aukStesnj diagnostinj tikslumg ir yra placiai taikomi klinikinéje
praktikoje.

1.5. Dirbtinis intelektas ir maSininis mokymas

Dirbtinis intelektas (DI) yra informaciniy technologijy sritis, siekianti
sukurti maSinas ar sistemas, galinCias savarankiSkai atlikti uzduotis, naudo-
jant zmogaus intelekto modelj. Tai apima mokymasi, problemy sprendima,
sprendimy priémima, kalbos atpazinimg ir suvokimg. DI technologijy plétra
leidzia kurti sistemas, kurios analizuoja duomenis, mokosi i§ patirties ir
savarankiSkai priima sprendimus, mazindamos Zmogaus jsiki§imo poreik] ir
tai aktualu Siuolaikinéje sveikatos sistemoje [66].

DI hierarchija (1.5.1 pav.) apima jvairius intelekto lygmenis, klasifikuo-
jamus pagal jy sudétinguma, gebéjimus ir taikymo sritis [67]. Pagal intelekto
gebéjimus DI skirstomas j siaurgji DI (angl. Narrow/Weak AI), bendraji DI
(angl. General/Strong Al) ir superintelekta (angl. Super AI). Siaurasis DI
apima specializuotus modelius, sukurtus atlikti konkrecig uzduotj, ir negali
veikti uz savo pradinio programavimo riby. Siaurasis DI naudoja jvairius
masininio mokymosi (MM) (angl. Machine Learning, ML), giliojo mokymosi
(GM) (angl. Deep Learning, DL) ir hibridiniy modeliy algoritmus (1.5.2 pav.).
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Dirbtinis intelektas (D)

Masininis mokymas (MM) Siauras DI

Gilusis mokymas (GM)

Bendrasis DI

1.5.1 pav. Schematiné DI hierarchiné sistema

Modifikuota pagal [68].
Siaurasis DI
1] L] L]
Masininio mokymosi (MM) Giliojo mokymosi (GM) Hibridiniai
modeliai modeliai modeliai
- - [ oo
e [ T S T
_ Resent-50 CNN-BiGRU-SLA
_ VGG-16 CNN-RNN
-

1.5.2 pav. Siaurojo DI kategorijy schema

Meélyname ir zydrame fone pateikti atitinkamai dazniausiai ir reciau taikomi algoritmai:
SVM — atraminiy vektoriy masina, ANN — k-artimiausias kaimynas, LDA — linijin¢ diskri-
minantiné analizé, ANN — dirbtiniai neuroniniai tinklai, CNN — konvoliuciniai neuroniniai
tinklai, Resent-50 ir VGG-16 — giliojo mokymosi CNN, LSTM — ilgos trukmés trumpalaiké
atmintis, ESN — rekurentinio neuroninio tinklo tipas, DBN — gilusis tikimybiniy pasléptyjy
sluoksniy tinklas ir kiti.
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Bendrasis DI — teorinis lygmuo, kuriame sistema gali mokytis, mastyti ir
spresti problemas kaip zmogus, prisitaikyti prie naujy situacijy ir savarankis-
kai priimti sprendimus. Siuo metu, toks DI lygmuo dar néra sukurtas, tatiau
tai yra ilgalaikis DI moksliniy tyrimy tikslas. Superintelektas — hipotetinis DI
lygmuo, kuris pranokty Zzmogaus intelektg visose srityse, pasizyméty ktirybis-
kumu, emociniu suvokimu ir gebéjimu savarankiskai daryti mokslinius atra-
dimus.

Sparciai didéjantis medicininiy vaizdy duomeny kiekis ir jy sudétingu-
mas neiSvengiamai didina gydytojy darbo kriivi [69, 70]. Pastaraisiais metais
DI pradétas placiai taikyti medicinoje, siekiant analizuoti $iuos milZiniskus
duomeny rinkinius ir i$skirti svarbiausiag informacija [69, 71]. DI orientuotas
1 intelektualiy uzduociy, kurias paprastai atliecka Zmonés, automatizavima, o
MM yra vienas i§ budy Siam tikslui pasiekti [72], kai kompiuterinés sistemos
mokosi 1§ duomeny ir patirties, kad galéty priimti sprendimus arba atlikti
prognozes be aiSkiai uzprogramuoty taisykliy. MM algoritmais paremti DI
modeliai pasizymi puikiu tikslumu analizuojant ir apdorojant vaizdinius duo-
menis, o jy veikimas medicinoje vis labiau prilygsta specialisty gebéjimams
[73]. Sis mokymosi procesas grindziamas jvairiais algoritmais, kurie skirsto-

v —
v —

v —

mokymasis yra dazniausiai naudojama mokymo metodika medicininiy vaiz-
dy analizgje [75].

riame kiekvienam j¢jimo duomeny taskui priskirta teisinga i$¢jimo reikSme.
Modelis analizuoja Siuos duomenis, kuria rySius tarp j&jimy ir i$¢jimy, o
veliau gali prognozuoti naujus rezultatus. Klasterizacijos algoritmai skirti pri-
skirti duomenis tam tikrai kategorijai. Regresijos algoritmai prognozuoja
skaitines reikSmes. Logistiné regresija dazniausiai taikoma dviejy klasiy
problemoms spresti. Medicinoje logistiné regresija naudojama naviky diag-
nostikai, siekiant prognozuoti, ar navikas yra piktybinis ar gerybinis, remian-
gysliy tinklo poky¢iai ir termografiniai duomenys [76]. k-artimiausiy kai-
myny metodas (ANN) klasterizuoja vaizda pagal jo artimiausiy kaimyny
balsus duomeny erdvéje [77]. Kuo daugiau kaimyny priklauso tam tikrai
klasei, tuo didesné tikimybeé, kad objektas bus priskirtas tai paciai klasei.
Sprendimy medziai sudaro hierarching struktiirg, kur kiekviename lygyje
atliekamas taisyklémis pagristas sprendimas, pavyzdziui, vertinant paciento
simptomus medicininéje diagnostikoje; jei temperattira auksta, tikrinami kiti
rodikliai, kol nustatoma diagnozé. Atsitiktiniai miskai (angl. Random Forest)
(1.5.3 pav.) apjungia kelis sprendimy medzius, taip padidindami tiksluma.
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Atramos vektoriy masina (angl. Support Vector Machine, SVM) (1.5.4 pav.)
ieSko geriausios ribos (hiperplokstumos) tarp skirtingy klasiy duomeny, kad
juos aiskiai atskirty [78, 79]. Sis metodas ypa¢ naudingas, kai duomenys néra
lengvai atskiriami jprastais buidais, todél daznai taikomas medicinoje [80-84],
pavyzdziui, nustatant, ar rentgeno nuotraukoje matomas navikas yra gery-
binis ar piktybinis. Naivusis Bajesas yra tikimybinis klasifikavimo algoritmas,
kuris vertina duomeny priklausomybe tam tikrai klasei pagal Bajeso teorema
[85]. Medicinoje jis daznai naudojamas ligy diagnostikai, pavyzdZziui, prog-
nozuojant paciento vézio rizika [86—89] pagal jo klinikinius duomenis (kraujo
tyrimy rezultatus, amziy, simptomus). Jei pacientas turi tam tikrus poZymius,
modelis apskaiciuoja tikimybe, kad jie atitinka tam tikra ligg. Kiekvienas Siy
metody turi skirtingus pritaikymo biidus ir yra pasirenkamas priklausomai
nuo analizuojamy duomeny tipo bei siekiamy rezultaty.

X

— T

Sprendimy Sprendimy Sprendimy
medis Nr. 1 medis Nr. 2 medis Nr. 3

b

k1 kz k3
Balsavimas

y

k

1.5.3 pav. Atsitiktiniy misky (angl. Random Forest) klasifikavimo schemos
diagrama, kuri apjungia kelis sprendimy medzius
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1.5.4 pav. Atramos vektoriy masinos diagrama (SVM)

Sprendimy hiperplok§tuma su maksimaliomis ribomis suskirsto duomenis j dvi klases, kur
atramos vektorius yra pavyzdinis taskas hiperplokstumos riboje. Modifikuota pagal [78].

v —

tais duomenimis, todél jie patys turi aptikti duomenyse pasléptus désningu-
mus ir struktiiras [75]. Sio tipo mokymasis daznai naudojamas klasterizavi-
mui ir patologijos aptikimui, kai siekiama grupuoti duomenis pagal panasu-
mus ar rasti iSsiskiriancius atvejus [90]. K-vidurkiy (angl. K-means) algorit-
mas skirsto duomenis j K klasteriy, optimizuodamas grupiy centrus taip, kad
kiekvienas duomeny takas priklausyty artimiausiam centrui (1.5.5 pav.). Sis
metodas efektyvus dideliems duomeny rinkiniams, tac¢iau reikalauja i§ anksto
nustatyti klasteriy skaic¢iy. Tuo tarpu hierarchinis klasterizavimas (angl.
hierarchical clustering) (1.5.6 pav.) sukuria medzio tipo struktiira, kurioje
duomenys jungiami j klasterius hierarchiniu biidu [91], kas leidzia analizuoti
duomeny sgsajas jvairiais lygmenimis.
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1.5.6 pav. Hierarchinio klasterizavimo schematinis vaizdas

Stiprinamasis mokymasis (angl. Reinforcement Learning) yra DI moky-
mosi metodas, kuriame sistema veikia dinamiskoje aplinkoje be i$ anksto pa-
teikty teisingy atsakymy [78]. Algoritmas analizuoja savo veiksmus ir, atsi-
zvelgdamas | gautus rezultatus, optimizuoja sprendimus taip, kad per ilga
laikotarpj pasiekty kuo geresniy rezultaty. Tai reiskia, kad modelis palaips-
niui kaupia patirtj ir prisitaiko prie kintan¢iy aplinkos salygy. Tuo tarpu,
Q-mokymosi (angl. O-Learning) DI metodas leidzia mokytis tinkamy spren-
dimy per bandymus ir klaidas. Jo iSpléstin¢ versija, gilusis Q-mokymasis
(angl. Deep Q-Network), naudoja neuroninius tinklus, kad sumodeliuoty
sudétingas aplinkas ir apdoroty didziulius duomeny kiekius.

Giluminiai NT (angl. Deep Neural Networks) pasizymi pazangia DI
architekttira, paremta daugiasluoksniais neuroniniais tinklais, gebanciais
atlikti sudétingus duomeny apdorojimo ir prognozavimo uzdavinius. Sie tink-
lai veikia imituodami Zmogaus smegeny neurony rysius, naudodami kelis
tarpusavyje sujungtus dirbtiniy neurony sluoksnius. Pirmasis yra jvesties
sluoksnis (angl. input layer), kuris priima pradinius duomenis, kaip vaizdai,
tekstas ar signalai. Toliau seka pasléptieji sluoksniai (angl. hidden layers),
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kurie atliecka duomeny transformacija bei mokosi atpazinti svarbiausius pozy-
mius; kuo daugiau Siy sluoksniy, tuo tinklas yra ,.gilesnis“ ir gali iSmokti
sudétingesnius modelius. Galiausiai, iSvesties sluoksnis (angl. output layer)
pateikia galuting prognoze¢ arba suskirstyma j klases (1.5.7 pav.).

A |vesties ISvesties

sluoksnis sluoksnis

‘ @ » Rezultatas
B |vesties Pasléptas ISvesties

sluoksnis sluoksnis sluoksnis

Rezultatas

Rezultatas

1.5.7 pav. Schematiné giluminio neuroninio tinklo diagrama

(A) — paprasc€iausias neuroninio tinklo modelis (perceptronas), turintis tik jvesties ir iSvesties
sluoksnius, kur jvesties duomeny parametrai tiesiogiai konvertuojami j iSvesties rezultatus
per svorius, jungiancius jvestj ir iSvestj. (B) — trijy sluoksniy ANN (arba daugiasluoksnis
perceptronas), kur pirmasis sluoksnis — jvesties sluoksnis — priima jvesties duomenis (X),
antrasis — pasléptasis sluoksnis — naudojamas duomeny transformacijai ir savybiy iSskyrimui,
kad jvestis buty tinkamai suskirstyta, o treciasis — iSvesties sluoksnis — pateikia galutinj
rezultatg. ISvesties sluoksnio neurony skai¢iy lemia suskirstymo kategorijy skaicius, o jo
iSvesties reikSme (Y) yra ANN modelio prognozuojama reik§me. Modifikuota pagal [92].

Priklausomai nuo struktiiros ir paskirties, giluminiai NT skirstomi j ke-
lias pagrindines kategorijas. Viena jy — dirbtiniai NT (angl. Artificial Neural
Networks) arba baziniai NT, kurie turi jvesties (pasléptuosius) ir iSvesties
sluoksnius, naudojami jvairioms prognozéms ir suskirstymui j klases. Kita
giluminiy NT kategorija — konvoliuciniai NT (angl. Convolutional Neural
Networks), kurie skirti vaizdy analizei ir atpazinimui, kur filtrai ir konvoliu-
ciniai sluoksniai padeda iSryskinti reikSmingus bruozus. Tuo tarpu, pasikarto-
jantys NT (angl. Recurrent Neural Networks) yra pritaikyti seky duomenims,
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tokiems kaip nattiralios kalbos apdorojimas, o patobulinta versija, ilgos truk-
meés trumpalaikés atminties tinklai (angl. Long Short-Term Memory, LSTM),
leidzia iSsaugoti ir apdoroti ilgesnes sekas be informacijos praradimo [93].
Sios skirtingos tinkly architektiiros leidzia GM biiti plagiai pritaikomam
jvairiose srityse, nuo vaizdy ir kalbos atpazinimo iki duomeny generavimo ir
prognozavimo, pvz., burnos naviky aptikimui ir prognozavimui [94, 95].

1.6. MaSininio mokymosi atlikimo protokolas

Masininio mokymo (MM) protokolas yra sistemingas procesas (1.6.1 pav.),
apimantis duomeny rinkima, paruo§ima, modelio kiirimg, mokyma, vertinima
ir diegimg. Visy pirma, surinkti duomenys yra apdorojami ir véliau padalijami
1 mokymo, validavimo ir testavimo rinkinius. Priklausomai nuo uzduoties
tipo, pasirenkamas tinkamas algoritmas. Kadangi duomeny kiekis ir kokybé
tiesiogiai lemia modelio veikimo tiksluma, pries mokymo procesa duomenys
turi buti tinkamai standartizuojami. Pirmiausia biitina mazinti triukSmus, kad
bty pasalinti nereikalingi duomeny trukdziai, ta¢iau islaikant svarbias ypaty-
bes. Taip pat, svarbu segmentuoti vaizdus ir i$skirti aktualias sritis (angl.
Region of Interest, ROI), kad modelis galéty analizuoti tik reikSmingas struk-
turas. Be to, siekiant iSvengti netiksliy rezultaty dél mazos imties, biitina su-
kaupti pakankama duomeny rinkinj. Siems tikslams pasiekti naudojami tokie
metodai kaip vaizdy triuk§mo mazinimas (angl. image denoising), segmenta-
vimas (angl. segmentation) ir duomeny papildymas (angl. augmentation),
kurie leidzia pagerinti modelio mokymosi procesa, sumazinti klaidy tikimybe
ir padidina diagnostikos tikslumg [96—101]. Jei modelis veikia tiksliai ir pati-
kimai, jis iSbandomas su naujais, realiais duomenimis, siekiant jvertinti jo
praktinj pritaikomuma. Po diegimo modelis nuolat stebimas, kad biity uztik-
rintas jo veikimo stabilumas. Jei laikui bégant modelio tikslumas maZzéja arba
keic¢iasi duomeny struktiira, jis atnaujinamas papildomai apmokant su nauja
informacija. Kai modelis yra pakankamai patikimas, jis jdiegiamas j realig
aplinka, kur gali buti naudojamas automatizuojant uzduotis. Visgi priimant
galutinius sprendimus svarbi specialisto / radiologo Zinios ir patirtis [102].
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1.6.1 pav. Duomeny apdorojimo sistemos schema

1.7. kNN Klasterizacijos algoritmo taikymas
medicininéje diagnostikoje

k-artimiausiy kaimyny (KNN) klasterizacija yra viena i§ MM rusiy [17].
Pagrindiné ANN algoritmo esm¢, kad pirmiausia mokymo duomeny rinkinys
yra vaizduojamas pozymiy erdvéje, o tada nepazymeéti ir nesugrupuoti jves-
ties pavyzdziai perduodami j mokymo rinkinj, naudojant tam tikra atstumo
skai¢iavimo formule [103]. Kiekvienas duomeny taskas mokymo rinkinio
pozymiy erdvéje yra susiejamas su Siuo rinkiniu [104]. Lyginant poZymius,
atpazjstami k-artimiausiy duomeny pozZymiai ir sudaromos kaimynystés gru-
pés. Tada taikomas balsavimo principas, kuriuo suskai¢iuojamas dazniausiai
pasitaikantis grupavimas tarp k-artimiausiy kaimyny, o grupé¢, kuri surenka
daugiausiai balsy, priskiriama tiriamam pavyzdziui, kaip galutinis rezultatas
[17]. Sis metodas veikia lygindamas atstumus tarp duomeny tasky [105].
Kiekvienas duomeny taskas yra lyginamas su Kkitais, ir jam surandami k-arti-
miausiy kaimyny duomenys. Taip grupuojami panasiis duomenys, remiantis
ju artumu vienas kitam [106]. Skirtingi mastelio pozymiai gali iSkreipti gru-
pavimo rezultatus, nes didesnio diapazono reikSmés gali dominuoti apskai-
¢iuojant atstumus tarp tasky. Siekiant i§vengti Sios problemos, naudojamos
jvairios duomeny normalizavimo ir standartizavimo technikos. Min-Max
normalizavimas (angl. Min-Max Scaling) perkelia visas reikSmes | intervalg
[0, 1], kad né vienas pozymis nebiity per daug jtakingas. Z standartizacija
(angl. Z-score) normalizuoja duomenis, atimant jy vidurkj ir padalijant i$
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standartinio nuokrypio, taip uztikrinant, kad skirtingi poZymiai turéty panasy
pasiskirstyma. Jei duomenyse yra daug pozymiy, kurie gali buti koreliuoti
tarpusavyje arba pertekliniai, gali biiti tatkoma pagrindiniy komponenty ana-
liz¢, kuri sumazina dimensijy skaiciy, iSsaugant svarbiausig informacija.
Tinkamai parinktos duomeny apdorojimo technikos padeda pagerinti ANN
algoritmo veikimg ir uztikrinti tikslesne klasterizacija. Atstumui tarp duome-
ny tasky apskaiciuoti dazniausiai naudojami skirtingi metodai, priklausomai
nuo duomeny pobiuidzio [107]. Jei duomenys yra erdviniai arba turi aiSkig
geometring struktiira, dazniausiai taikomas Euklido atstumas, kuris matuoja
tiesy atstuma tarp dviejy tasky [108]. Jis tinkamas daugeliui bendry atvejy,
kai duomenys turi aiSkiai apibrézta geometring erdve [109]. Jei duomenys
sudaryti 1§ atskiry reikSmiy arba yra tinkamesni tinklelio tipo struktirai, gali
biiti naudojamas Manheteno atstumas, kuris matuoja atstumg judant tik hori-
zontaliai ir vertikaliai. Kai analizuojami tekstiniai duomenys, daznai taiko-
mas Kosinusinio panasumo matas, kuris nustato, kaip panaSiai duomeny
taskai iSsidéste pagal krypti erdvéje, o ne pagal tiesioginj atstumg. Optimali
atstumo metrika pasirenkama eksperimentuojant su skirtingais matavimo
metodais ir vertinant modelio tikslumg [109]. ANN klasterizacija yra lengvai
suprantamas ir efektyvus metodas, kai duomeny kiekis yra mazas, nes skai-
Ciavimai atliekami greitai [110]. Ta¢iau, kai duomeny rinkinys tampa didelis,
algoritmas sulétéja, nes kiekvienam naujam taskui reikia apskai€iuoti atstuma
iki daugybeés kity tasky. Tai padidina skai¢iavimo laikg ir gali apsunkinti me-
todo taikyma dideliuose duomeny rinkiniuose. Kad ANN klasterizacija veikty
greiciau su dideliais duomeny rinkiniais, daznai naudojamos specialios duo-
meny struktiiros, kurios pagreitina artimiausiy kaimyny paieSka [105]. Vienas
1§ tokiy metody yra k-d medziai (angl. k-d trees), kurie padeda efektyviai
suskirstyti duomenis | maZesnes grupes, kad nereikéty tikrinti kiekvieno tas-
ko atskirai. Kitas metodas — rutuliniai medziai (angl. ball trees), kurie leidzia
dar greiciau surasti artimiausius kaimynus, ypa¢ kai duomenys turi daug
skirtingy pozymiy ar matmeny. Sie optimizavimo bidai sumazina skai¢ia-
vimy kiekj ir padaro algoritmg tinkamesnj dideliems duomeny rinkiniams.
Labai svarbu tinkamai nustatyti hiperparametra &, nes jis tiesiogiai veikia
klasterizacijos tiksluma [111]. ANN parametras & nustato, kiek artimiausiy
kaimyny bus naudojama sprendimui priimti klasterizacijos metu. Jei k yra per
mazas (k = 1), algoritmas gali biiti jautrus atsitiktiniams triukSmo taskams,
tod¢l duomenys gali buti neteisingai sugrupuoti. Kita vertus, jei k yra per
didelis (k = 50), algoritmas gali iSlyginti skirtumus tarp skirtingy grupiy ir
sujungti jas 1 viena, net jei jos i§ tikryjy yra skirtingos. Tod¢l reikia rasti
optimaly £, kuris uztikrinty tiek pakankamg detaluma, tiek stabily grupavima.
Optimalus k£ dazniausiai parenkamas naudojant k vertés paieska, pvz., per
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kryzminj patikrinimg (angl. cross-validation), ieSkant reikSmes, kuri uZztikri-
na maziausig klasterizavimo klaidg. Nors kNN klasterizacija néra tokia popu-
liari, kaip K-vidurkiy ar DBSCAN, ji vis tiek naudojama jvairiose srityse. Sis
metodas taikomas biologiniy duomeny analizéje, pavyzdZziui, genetiniy seky
grupavimui. Be to, ANN klasterizacija taikoma tekstiniy dokumenty grupa-
vimui, pavyzdziui, pacienty ligos istorijy, moksliniy straipsniy ar ataskaity
suskirstymui j temines kategorijas. Tai leidZia automatizuotai analizuoti me-
dicininius jraSus, atpazinti panasius klinikinius atvejus ir efektyviau orga-
nizuoti informacijg pagal diagnozes, gydymo metodus ar tyrimy rezultatus.

kNN gali biiti taikomas tiek dviejy, tiek daugelio grupiy klasterizavimui.
Tai reiskia, kad jis gali grupuoti duomenis j dvi ar daugiau skirtingy kate-
gorijy, priklausomai nuo duomeny struktiiros ir uzduoties pobtidzio [109].
kNN klasterizacijoje kiekvienas klasteris turi savo specifinj poZymiy rinkinj,
kuris leidzia modeliui atskirti vieng grupe nuo kitos. Tai reiskia, kad duo-
menys skirstomi pagal tam tikrus kriterijus, kurie budingi tik tam klasteriui.
Kiekvienas klasteris sudaromas taip, kad jame esantys taskai buty kuo pana-
Sesni vienas ] kita, o skirtingy klasteriy taskai biity kuo labiau skirtingi. Algo-
ritmai ieSko bendry savybiy, pvz., spalvos, dydzio, formos, statistiniy rodikliy
ar elgsenos modeliy, kurie padeda sukurti atskiras grupes. Pavyzdziui, jei
kNN naudojamas odos ligy diagnostikai, kiekviena liga gali turéti specifinius
pozymius: melanoma gali buti atpazjstama pagal netaisyklinga apgamy
formg ir tamsig spalva, psoriazé pasizymi pleiskanojanciais odos plotais, o
egzema — paraudimu ir niezuliu. Modelis, analizuodamas naujg atvejj, nustato,
kokiy pozymiy jis turi, ir lygina su Zinomais pavyzdziais. Artimiausiy kaimy-
ny klasterizacija leidzia nustatyti, kuriai ligai naujas atvejis yra labiausiai
panasus.

Kai ANN naudojamas dviejy grupiy klasterizavimui, kiekvienas duome-
ny taskas priskiriamas vienai i§ dviejy galimy kategorijy (pvz., teigiamas arba
neigiamas, taip arba ne). Pavyzdziui, jei modelis mokomas nustatyti, ar pa-
ciento odos pazeidimas yra gerybinis ar piktybinis, kiekvienas naujas atvejis
bus analizuojamas pagal artimiausiy kaimyny duomenis. Jei odos pazeidimo
charakteristikos (pvz., spalva, storis, forma, teksttira) yra panasios i gerybiniy
atvejy dauguma, modelis priskirs ji gerybiniam tipui. Jei jis labiau panasus j
piktybinius atvejus, bus priskirtas piktybiniam tipui.

Kaip minéta, kNN gali buti naudojamas ir tada, kai reikia suskirstyti
duomenis i daugiau nei dvi grupes [107]. Pavyzdziui, jei duomenys priklauso
trims grupéms (A, B, C), kiekvienam naujam duomeny taskui algoritmas
suranda k-artimiausiy kaimyny ir pagal daugumos principg priskiria jj vienai
i§ ty grupiy (1.7.1 pav.). Tai gali buti naudojama medicinoje, pavyzdZziui,
plauciy ligy diagnostikoje pagal rentgeno vaizdus. Tarkime, modelis turi
nustatyti, ar plauciy rentgeno nuotraukoje matoma pneumonija, tuberkuliozé
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ar plauciy neoplastinis procesas. kANN algoritmas analizuoja naujo paciento
rentgeno vaizdg ir lygina ji su anksciau tirty pacienty, kuriems nustatyta rent-
genologiné diagnoz¢, vaizdais. Jei dauguma artimiausiy kaimyny vaizdy pri-
klauso tam tikrai diagnozei, naujasis atvejis taip pat priskiriamas tai paciai
kategorijai.

A A

1.7.1 pav. kNN klasterizacijos schematiné diagrama

X reiskia testuojama objekta, kurj reikia identifikuoti, o £ reikSmé nustatyta kaip 7. Tai reiskia,
kad iSanalizuojamos septynios artimiausios kaimynystés ypatybés. Kadangi i§ septyniy
artimiausiy kaimyny X dazniausiai priklauso A grupei, tai reiskia, kad objektas greic¢iausiai
priklausys §iai grupei. Todel X bus priskirtas A grupei ir tai bus laikoma galutiniu rezultatu.
Modifikuota pagal [77].

kNN algoritmo branduolio funkcijos leidzia pritaikyti ,,svérimo* stra-
tegijas, kurios padeda tiksliau klasterizuoti ar prognozuoti rezultatus. Opti-
malios branduolio funkcijos pasirinkimas priklauso nuo duomeny struktiiros
ir uzduoties pobudzio. ANN kiekvienam kaimynui suteikia vienoda balsa
klasterizacijoje, taciau ,,svérimas* gali pagerinti modelio tikslumg. Kai nau-
dojamas vienodas svoris (angl. uniform Kernel), visi k artimiausi kaimynai
turi vienod jtakg klasterizacijai. Sios funkcijos privalumas yra tai, kad ji
sumazina nutolusiy duomeny tasky jtaka, todél klasterizacija tampa tikslesné.

Kai ANN taikomas klasterizavimui, kiekvienas naujas duomeny taskas
lyginamas su jau esamais duomenimis ir priskiriamas klasteriui, kuriam
priklauso dauguma jo artimiausiy k& kaimyny. Pavyzdziui, jei medicininiuose
duomenyse pacienty grupés formuojamos pagal simptomus ar genetinius
pozymius, ANN gali padéti identifikuoti pacienty grupes su panasiais ligos
pozymiais [76, 112, 113], net jei tos grupés nebuvo i§ anksto apibréztos.
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1.8. Literatiiros apZvalgos santrauka

BVZ srities navikinés ligos gali sukelti rimty pasekmiy, jei jos néra laiku
diagnozuojamos ir tinkamai gydomos. DI jrankiy pagalba gauta ankstyva
diagnoze leidzia efektyviai taikyti kompleksinj gydyma, kuris gali apimti
chirurginj naviko pasalinima, radioterapija, chemoterapija ar imunoterapija,
siekiant sustabdyti ligos progresavima ir pagerinti paciento buklg [94, 95,
114-116].

Siuolaikingje medicinoje KT laikoma ,,aukso standartu“ BVZ srities ligy
diagnostikoje, nes suteikia i§samig informacija tiek apie kaulines strukttras,
tiek apie minkStuosius audinius. Be to, Sis tyrimas yra greitas ir lengvai atlie-
kamas, todél jis ypac¢ tinkamas skubiai diagnostikai ir tiksliam patologiniy
poky¢iy vertinimui.

IRST kol kas néra kliniskai patvirtinta metodika BVZ srities patologijy
diagnostikoje. Naujausi IRST pasiekimai i§plété jos potenciala naudoti BVZ
srities patologijos aptikimui [14, 18] ir galéty buti naudingas papildant esa-
mas diagnostines technikas, tokias kaip KT ir MRT. Vis délto, literattiros Salti-
niy paieskoje nepavyko surasti iSsamiy palygynamyjy darby. IRST vaizdi-
nimo tikslumg ir patikimuma BVZ srities patologijy aptikimui padidinty ir
technologiy pazanga, kaip aukstos raiskos terminiy kamery kiirimas ir tobu-
linimas. Be to, MM algoritmy sukiirimas ir pritaikymas termografiniy vaizdy
analizei galéty potencialiai padéti tiksliau ir efektyviau diagnozuoti BVZ
srities patologijas [117]. Siekiant, kad IRST tapty realia klinikinés praktikos
dalimi, reikia sukurti algoritmus, bei apmokyti kompiutering sistemg automa-
tizuoto patologijos atpazinimo gautuose termografiniuose vaizduose, kaip jau
yra pritaikyta plau€iy ir krities audinio patologijy nustatymo atvejais
(1.8.1 pav.). Siuo tikslu, pagrindinéms sudétingy duomeny rinkiniy ypaty-
béms aptikti, gali biiti panaudojami jvairiis MM irankiai [80, 81, 118]. Taciau,
kol kas néra efektyviy irankiy, skirty automatiniam (yra ar néra patologijos)
zmogaus veido ir burnos ertmeés termovaizdy klasterizavimui.

35



1.8.1 pav. Plauciy (virsuje) ir krities audinio (apacioje) pjitvio vaizdai

Mikroskopinis H&E dazyto audinio vaizdas (A, C) ir
infraraudonyjy spinduliy vaizdas (B, D) [119].

Si technologija yra perspektyvi, ypag pasitelkiant MM algoritmus termo-
grafiniy vaizdy analizei, kurie gali padéti tiksliau identifikuoti patologinius
pokyc¢ius, sumazinti diagnostines klaidas ir automatizuoti temperatiiriniy
anomalijy aptikimg. Tuo tarpu ANN klasterizacija leidZia atrasti nattralias
grupes duomeny rinkinyje, remiantis jy panasumu, ir gali buti naudingas
diagnostikos sistemose, kuriose néra i§ anksto apibrézty ligy pozymiy [17].
MM modeliy taikymas termografiniy vaizdy analizéje gali padéti optimizuoti
ligy diagnostika, gerinant patologiniy pokyc¢iy diferenciacijg ir suteikiant
papildoma jrankj ankstyvajai ligy diagnostikai.

Atsizvelgiant | aukSc¢iau pateikta informacija, disertaciniame darbe sie-
kéme gauti naujy Ziniy apie IRST technologijos tinkamuma BVZ srities pato-
logijy diagnostikoje. Kadangi, dar néra efektyviy neinvazyviy diagnostikos
metody greitam patologijos nustatymui pacienty BVZ srityje, ypa¢ anksty-
voje stadijoje, d¢l to yra svarbu ieskoti naujy technologiniy sprendimy, kurie
galeéty padeti greiCiau nustatyti anomaliniy zidiniy formavimasi, o taip pat
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leisty sekti jy kliniking dinamikg. Mes pasirinkome pritaikyti IRST techno-
logijas BVZ srities klinikiniuose tyrimuose, kurios kol kas dar néra taikomos
kliniking¢je diagnostikoje, taciau turi didelj potencialg tiek paciento pirminés
diagnostings apzitros vertinimui, tiek ir ankstyvesnio patologinio darinio nu-
statymui bei jo dinamikos sekimui. Disertaciniame darbe, derinant IRST / DI
technologijas, jvertinome jy diagnostinj potenciala pacienty BVZ srities
patologijy aptikimui ir, kas yra itin svarbu, tyrimy rezultatus validavome
radiologingje diagnostikoje naudojamomis KT / MRT technologijomis.
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2. METODIKA

Pacienty klinikinis tyrimas atliktas vadovaujantis 2.1 pav. pateikta darby

eigos schema.

KT tyrimas
IRST matavimai KT vertinimas
TV gavimas Tai{ Navikas }NL
Pirminis apdorojimas \ A \4
Histologiné Uzdegiminés
TV saugojimas verifikacija ligos

v

| Grupiy zyméjimas

Y v

Pozymiy isskyrimas Klasterizacija
Veido / burnos ertmés krasty aptikimas | Mokymosi duomeny rinkinio sudarymas
Veido / burnos ertmes simetrijos asies > KNN Klasterizatoriaus mokymas
aptikimas
Pozymiy vektoriy apskai¢iavimas | Testavimui skirty duomeny klasterizavimas

v

Diagnostinio tikslumo vertinimas

2.1 pav. Darby eigos schema

2.1. Termografinio vaizdo BVZ srityje registravimo protokolas

Termografinis vaizdas (TV) buvo uzfiksuotas naudojant FLIR E8 infra-
raudonyjy spinduliy Siluming kamera (FLIR Systems, Inc., JAV). Taciau,
Siam tikslui gali biiti naudojama bet kuri kita Siluminé kamera.

Kadangi jvairis veiksniai gali turéti jtakos termografinio vaizdo duome-
nims, visi tirilamieji pries tyrimg buvo jspéjami laikytis tam tikry apribojimy.
Kelios valandos pries tyrimg jie tur¢jo vengti veido srities mechaninio dirgi-
nimo, pavyzdziui, masazy, kremy naudojimo ar intensyviy fiziniy pratimy.
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Taip pat buvo rekomenduojama nevartoti vaisty, atsisakyti $ilto, Salto ir toni-
zuojancio maisto bei gérimy, kurie galéty paveikti odos temperatiirg ir iSkreipti
tyrimo rezultatus. Siekiant iSvengti galimos rentgeno spinduliy ar intraveninés
kontrastinés medziagos jtakos temperatiiriniams svyravimams, pries atliekant
KT tyrima visi pacientai buvo istirti vienodomis saglygomis, laikantis to paties
termografinio protokolo [14, 120, 121], kurio metu buvo uztikrinta, kad:

tyrimo metu nebiity skersvéjo, bty i§jungti oro kondicionieriai,
prie tiriamojo nebiity auksta temperatiirg skleidzianciy Saltiniy,
biity pastovi kambario temperatiira (20-22 °C) ir drégmé, be tiesio-
giniy saulés spinduliy,

buty atlikta 15 min. tiriamojo aklimatizacija patalpoje,

tiriamasis bent kelias valandas iki tyrimo bty nertkes,

biity patikrinta su tiriamuoju susijusi informacija mediciningje kor-
tel¢je (vardas ir pavarde, lytis, amzius, pagrindinis nusiskundimas,
tabako ir alkoholio vartojimo istorija, jautrumas, ankstesnés ir esa-
mos ligos, vartojami medikamentai),

atliekant matavimus, visi tiriamieji sé€déty kiek jimanoma tiesiai,
IRST kamera su fotografavimo ir automatinio fokusavimo funkcija
pozicionuota tiriamojo galvos lygyje, 1 m. atstumu (2.1.1 pav.),
IRST kamera registruojami TV tiriamojo veido tiesinéje projekcijoje
ir i8siziojus,

sekos pabaigoje patikrintas uzregistruoto TV jrasas ir vaizdy atkuria-
mumas ir atliktas patikrinimas su KT aptiktais pakitimais.

2.1.1 pav. Tiriamojo burnos / veido srities termografiniy vaizdy

registravimo su IRST technologija aplinka

39



Uzregistruoti tiriamyjy veido pavirSiaus temperatiiry profiliai dviejose
biisenose, susiCiaupus ir maksimaliai i$siziojus, buvo iSsaugomi IRST
kameroje. Véliau buvo atlieckamas pirminis jy apdorojimas ir gauti duomenys
iSsaugomi kompiuteryje. Kadangi uzregistruotas TV yra radiometrin¢ JPEG
formato byla, tod¢l tolimesnei analizei ji buvo konvertuojama j MAT formato
duomeny bylas naudojant TV apdorojimo programing jranga ,,ThermaCam
Researcher 2.1 (gamintojas ,,FLIR Systems, Inc.”, JAV). Matlab R2014b
(gamintojas The MathWorks, Inc., JAV) panaudota duomeny analizei ir mo-
deliavimui. Kiekviename uzregistruotame vaizde yra informacija apie tempe-
ratiros diapazong, datg ir laika, radiometrinio tyrimo partametrai (emisijos
koeficientas, atstumas tarp kameros ir objekto, kiino spinduliavimo koefi-
cientas, atmosferos temperatiira, atmosferos pralaida (transmisija), santykine
drégme, ir kt.), termokameros skalés parametrai, o taip pat paskutin¢je
eilutéje uzfiksuojama kadro informacija (2.1.2 pav.). Kiekvieno tyrimo su-
kaupty vaizdy analiz¢ pirmiausia pradedama nuo suformuotos duomeny
strukttiros patikrinimo (2.1.1 lentel¢). Kadangi duomeny struktiiroje tempera-
turos yra iSreikStos Kelvino vienetais, atlickamas temperatiiry konvertavimas
1 Celsijaus skale. Suformuota 320 x 240 dydzio temperattiros reikSmiy mat-
rica toliau naudojama, kaip tyrimui reikalingi duomenys.

Structure =

IR_Custom: [320x240 double]

IR_Custom_DateTime: [201511 106 16]

IR_Custom_ObjectParam: [0.9800 2 293.1500 293.1500 0.3000 0.9930 0 293.1500 293.1500 1]
IR_Custom_Scaling: [1x9 double]

IR_Custom_Framelnfo: [1 0]

2.1.2 pav. MAT formato suformuota duomeny struktiira

2.1.1 lentelé. Termografijos seanso aplinkos sqlygos [14]

. Splndu!lav1m0 Patalpos | Santykiné Tl‘rlan}ow. Atstumas tarp
Ivesties koeficientas, .2 .| aklimatizaci- . . . .
dvdis kaip objekto tempera- | drégmé ja patalpoje tiriamojo ir
Y . e . | tara (°C) | (proc.) . kameros (m)
pavirsiaus savybé (min.)
Nustatytos 0.98 240,1 | 6045 | 15402 1
vertes

Pastaba: matavimai atlikti kontroliuojamoje aplinkoje, kaip nurodyta lentel¢je.
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2.2. Radiologinis BVZ srities i§tyrimas

Atlikus termografinius matavimus, visiems tiriamiesiems buvo atliktas
galvos / kaklo srities KT tyrimas, be ir su intraveniniu kontrastavimu, naudo-
jant kontrasting medziagg sol. Omnipaque 80 ml (GE Healthcare AS, Norve-
gija). Visiems pacientams galvos / kaklo KT tyrimas atliktas Kauno kliniky
Radiologijos klinikoje ,,Toshiba Aquilion ONE* aparatu (Canon Medicininés
sistemos, Japonija). Galvos / kaklo KT tyrimas pradétas apzvalginiais galvos /
kaklo srities vaizdais dvejose projekcijose: tiesinéje ir Sonin¢je. Pagal gautus
planavimo vaizdus parengti asiniai galvos / kaklo vaizdai. Visiems pacien-
tams tyrimas atliktas taikant vienodus skenavimo parametrus, kur pasirinktas
skenavimo zingsnio storis 1 mm. Gauti KT vaizdai vertinti gydytojo radio-
logo (specializuoto Sioje srityje).

Siekiant iSvengi jonizuojancios spinduliuotés Zalingo poveikio svei-
kiems savanoriams, gavus papildomg leidima, buvo atliktas galvos / kaklo
minkStyjy audiniy MRT tyrimas, nenaudojant intraveninés kontrastinés
medziagos. Galvos / kaklo MRT tyrimas atliktas Kauno kliniky Radiologijos
klinikoje 1,5 teslos Siemens Magnetom Avanto aparatu (Siemens medicininés
sistemos; Erlangenas, Vokietija). Tiriamieji tyrimo metu privaléjo guléti ypac
ramiai. Galvos / kaklo MRT tyrimams naudota 8 kanaly galvos rité ir 4 kanaly
kaklo rité, kurios tyrimo metu uzdedamos tiriamajam ant galvos ir kaklo
srities. Galvos / kaklo MRT tyrimas atliktas trijose plokStumose: aSin¢je, sagi-
talin¢je ir koronarinéje. Naudotos skenavimo sekos: aukstos rezoliucijos T1
turbo aidy seka (angl. turbo Spin Echo, TSE), pasikartojantis laikas TR =
1100 ms, aido laikas TE = 19 ms, apzvalgos laukas (angl. field of view,
FOV) = 200 x 200 mm, gauti aSiniai pjuviai (n = 46). Aukstos rezoliucijos
T2W turbo inversijos atkiirimo seka (angl. Turbo Inversion Recovery Magni-
tude, TIRM), TR = 4000 ms, TE =40 ms, FOV = 240 x 240 mm, koronari-
niai pjiiviai (n = 28) ir aSiniai pjuviai (n = 28). Aukstos rezoliucijos T2W
turbo aidy seka (angl. Turbo Spin Echo, TSE), pasikartojantis laikas
TR = 5484 ms, aido laikas TE = 76 ms, apzvalgos laukas (angl. field of view,
FOV) =300 x 300 mm, gauti sagitaliniai pjiiviai (n = 28) ir aSiniai pjiviai
(n = 28). Difuzijos (angl. Diffusion Weighted Image, DWI) ir tariamojo difu-
zijos koeficiento seka (angl. Apparent Diffusion Coefficient, ADC), naudojant
MRT seka diff stir b 50 400 700. Gauti MRT vaizdai vertinti specializuoto
VBZ srityje gydytojo radiologo.
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2.3. Tiriamyjy tinkamumo IRST tyrimui atrankos Kriterijai

Tiriamyjy, atitinkanciy jtraukimo kriterijus, kurie po klinikinio jvertini-
mo buvo nukreipti | KT procediirg patologijos patvirtinimui / atmetimui
Lietuvos sveikatos moksly ligoninés Kauno kliniky (Kauno kliniky) Radiolo-
gijos klinikoje uzfiksuota 70, visiems pasiiilyta dalyvauti klinikiniame tyrime.
Atsisakiusiy dalyvauti tyrime nebuvo, taciau 5 i$ jy | tyrimg nebuvo jtraukti
del Zemiau paminéty neatitikimo kriterijy. Véliau, buvo gautas papildomas
leidimas sveiky savanoriy (SS) grupés suformavimui (n = 29). Bendras
tyrime dalyvavusiy skaicius 94, i§ kuriy 39 sveiki pacientai ir 55 pacientai,
kuriems KT / MRT tyrimu nustatyta patologija (2.3.1 pav.).

Neatitiko jtraukimo <—| KT (n = 70) | | MRT (n = 29) |
kriterijy (n=5)

\ 4

Su patologiniais pakitimais Be patologiniy Sveiki savanoriai (SS)
(UP /NP) (n=55) pakitimy (n = 10) (n=29)

Sveiki tiriamieji (ST) (n = 39)

A \4

Su navikine Su uzdegimine
patologija (NP) patologija (UP)
(n=27) (n=28)

2.3.1 pav. Schematinis tiriamyjy suskirstymas j grupes

I tyrimg jtraukti pacientai, atitinkantys jtraukimo kriterijus:

e pasiraSyta asmens informavimo ir sutikimo forma,

e > 18 m.amzius,

e KT procedira atlickama pirmg kartg, esant klinikiniams simpto-
mams,

e anamnezéje néra BVZ srities chirurginiy intervencijy,

e anamnezéje néra paskirto BVZ srities medikamentinio gydymo.

Esant nors vienam zemiau iSvardinty kriterijy, pacientai j tyrimg ne-

jtraukti:

e BV srities chirurginés intervencijos,

e paskirtas BVZ srities medikamentinis gydymas,

e 24 val. iki tyrimo buvo naudota fiziné terapija, ultragarsas, akupunk-
tura,
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e tiriamasis maudési, buvo baseine ar kitaip sportavo 1 val. prie§
tyrima,

e tiriamasis 1 val. prie§ tyrimg géré kavos, ruke ar vartojo alkoholj,

e tiriamos kiino vietos buvo nuskustos 4 val. iki tyrimo,

e tiriamasis turéjo padidé¢jusig kiino temperatiirg, ar buvo nudeges
sauléje,

e esant Uminiam/létiniam grybeliniam sinusitui,

e esant difuzinei, ne Hodzkino limfomai,

e esant veido randams, kurie priskiriami patologiniams hipoterminiam
pazeidimams [121].

2.4.BVZ termografinio vaizdo (TV) vizualiné analizé ir segmentavimas

Gauti tiriamyjy veido ir burnos ertmés TV buvo analizuojami dviem
etapais. Pirmiausia, atlikta vizualiné vaizdy analiz¢, kurios metu jvertintas
temperatiiros pasiskirstymas veido ir burnos srityse, bei galimi temperati-
riniai nukrypimai nuo normos. Kai kuriems tiriamiesiems patologiniai poky-
¢iai buvo matomi i§ karto, kadangi tam tikrose TV vietose iSryskéjo padi-
dintos temperatiiros zonos, biidingos uzdegiminiams ar navikiniams proce-
sams. Taciau, kai kuriy pacienty TV akivaizdziy poky¢iy nebuvo pastebéta,
todél dominancios srities (ROI) i§skyrimui ir aiSkesniam analizavimui vaiz-
das buvo segmentuojamas, t. y. suskirstomas j segmentus pagal absoliutinés
temperattiros dydj. Spalvy Zemélapis yra reprezentatyvi priemon¢ veido pa-
tologijoms jvertinti. Izolinijy skaicius ir reikSmés parenkamos automatiskai
pagal veido srities maziausias ir didziausias temperatirines reikSmes.
Patologiné sritis turi skirtingg (didesng¢) temperatiirg ir gali biiti iSrySkinta kita
spalva nei likusi veido dalis.

2.4.1 pav. pateiktas to paties paciento veido / burnos srities patologijos
vaizdas, nustatytas naudojant KT (2.4.1 pav., A), ir su IRST gautos pakitusios
temperatliros sritys pries ir po TV segmentacijos (2.4.1 pav., B, C). Svarbu
pazymeéti, kai navikas yra didelio dydzio, paveikta zong galima lengvai aptikti
i§ TV be jokio papildomo vaizdy apdorojimo [14].
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2.4.1 pav. Paciento su veido / burnos patologija KT ir IRST vaizdai

KT tyrimo pjivis asinéje plokstumoje (A) su navikinémis masémis veido kair¢je. TV
frontalinéje plokStumoje pacientui iSsiziojus; burnos ertmés kairéje stebima vizualiai
aukstesnés temperatiiros zona (B) ir tas pats TV atlikus segmentavimo procediirg (C).

Automatinis vaizdy segmentavimas buvo atlickamas naudojant Matlab
R2014b programing jranga (gamintojas The MathWorks, Inc., JAV) (Zr.
1 priedg). Segmentavimo procesas apéme pradinj vaizdo apdorojima, slenks-
tinés analizés taikyma, klasterizacija, bei morfologines operacijas, siekiant
optimizuoti segmentavimo tiksluma. Naudoti metodai apéme Nobuyuki Otsu
sukurtg algoritma [122], kuris automatiSkai aptiko optimalig slenksting reiks-
me, bei K-vidurkiy segmentacija, leidusia grupuoti pikselius pagal tempera-
turinius pozymius. Be to, buvo taikomos morfologinés operacijos, tokios kaip
erozija (pasalina mazus nereikSmingus segmentus) ir dilatacija (iSryskina
objekty konttirus, kad jie biity aiSkesni analizei), skirtos paSalinti nereiks-
mingus artefaktus ir iSrySkinti segmentuoty zony ribas. Gautos segmentuotos
sritys buvo analizuojamos naudojant segmentuoty sriciy analizés ,,region-
props* funkcija, siekiant atpazinti jy savybes ir lokalizacija.

Kadangi segmentuotuose vaizduose patologija ne visada buvo aiskiai
matoma, tolimesniuose analizés etapuose buvo siekiama pasitelkti paramet-
ring analiz¢. Tam buvo atliktas veido ir burnos ertmés konttry aptikimas, lei-
dziantis identifikuoti anatomines ribas ir atlikti detalig temperatiiros pokyciy
analiz¢. Taip pat buvo taikomas simetrijos aSies suradimo metodas, skirtas
jvertinti temperatiiros pasiskirstymo simetriSkumga tarp veido pusiy.
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2.5. TV veido ir burnos ertmés kontiiry ir simetrijos
aSies aptikimas

2.5.1. Veido konturo aptikimas IRST vaizduose

Veido konttro aptikimui buvo taikytas Prewitt’o metodas [123], kuris
leidzia aptikti visus TV esancius rySkius veido srities kraStus, iSrySkindamas
temperattiros poky¢iy ir anatominiy struktiiry ribas. Tai gradientu pagrjstas
metodas, atrenkantis taSkus (pikselius), kurivose gradiento dydis yra didziau-
sias. Krastas aptinkamas ieSkant maksimaliy ver¢iy pirmoje vaizdo iSvesti-
néje.

Kiekviena TV gradiento komponente gali biiti apskaiciuota naudojant
konvoliucija, kuri leidZia aptikti, kaip temperatiiros pokytis pasiskirsto skir-
tingomis kryptimis. Taip apskaiiuojama gradiento reikSme tiek horizontalia,
tiek vertikalia kryptimis, kaip parodyta atitinkamai 2.1 ir 2.2 lygtyse [124]:

Vx:l(an/)XGx (21)9
V,=1(x,y) x Gy (2.2),

¢ia I (x, y) yra pradiné termoviziniy duomeny matrica (vaizdas); x reiskia
dvimate konvoliucijos operacija, Gx horizontalioji kaukeé, kuri aptinka poky-
Cius 1§ kairés | deSing; o G, yra vertikalioji kauke, kuri aptinka pokycius 1§
virSaus j apacia, kurig galima apibudinti atitinkamai naudojant 2.3 ir 2.4 lygtis:

10 1

G=|-10 1 (2.3),
10 1
“1 -1 -1

G=| 00 0 (2.4),
111

¢ia horizontalioje kaukéje neigiamos reikSmeés (—1) kairéje sustiprina zemes-
nés temperatiros sritis, teigiamos reikSmés (+1) deSinéje iSryskina aukstesnés
temperattiros zonas, o vidurin¢ reikSme (0) reiSkia, kad pokytis ¢ia néra
vertinamas. Tuo tarpu vertikalioji kauké veikia panasiai, ta¢iau ji nustato tem-
peratiiros poky¢ius i§ virSaus ] apacia, iSrySkindama vertikaliai besikei¢ian-
Cius krastus.
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Kiekvieno pikselio gradiento reikSmé buvo apskaiciuojama naudojant
dydzio iSraiska, taikant 2.5 lygti:

V(x, )| =VV2+ V2 (2.5),

¢ia |V(x, y)| — gradiento dydis arba stiprumas, V. ir V), — tai atitinkami daliniai
iSvestiniai pagal x ir y kryptis, rodantys, kaip staigiai keiciasi funkcijos
reik§me kiekvienoje i§ Siy krypciy.

Si metodika leidzia nustatyti, kuriose vaizdo vietose temperatiiros
poky¢iai yra didziausi, o tai ypac svarbu patologiniy sri¢iy identifikavimui.
Kuo didesné |V(x, y)| reikSme, tuo staigesnis temperatiiros pokytis (pvz.,
aiSkus konttiras tarp skirtingy zony). Kuo mazesné |V(x, y)| reikSmé, tuo
vienodesné temperatiira toje zonoje. Apskaiciavus vaizdo gradiento dydj,
pikseliai su didelémis gradiento dydzio reik§mémis buvo laikomi kraStiniais
pikseliais. Prewitt’o metodas buvo pasirinktas dél jo paprastumo ir mazos
skai¢iavimo apkrovos. Originalus tiriamojo veido TV ir gradiento vaizdas
pateikti 2.5.1.1 pav.

/4

2.5.1.1 pav. Originalus zmogaus veido TV ir gradiento vaizdas

Pateiktas tiriamojo veido vaizdas uzregistruotas su IRST (A) ir kompiuterio apskai¢iuotas
veido gradiento vaizdas (B). Pastaba: tiriamajam nebuvo nustatyta BVZ patologija.

2.5.2. Veido simetrijos aSies aptikimas IRST vaizduose

Veido simetrijos aSies aptikimas prasideda nuo veido kontiriniy tasky
i$skyrimo, naudojant krasty aptikimo algoritmus, tokius kaip Prewitt’o filtras.
Norint aptikti Zmogaus veido simetrijos aSies orientacijg ir padeét], reikalingi
tik iSoriniai veido krasto taskai. Zmogaus veido iSoriniai kontirai
(2.5.2.1 pav., A) buvo aptikti naudojant daugiakampio apvalkalo i§skyrimo
algoritma (angl. convex hull algorithm), kuris leidzia tiksliai apibrézti veido
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forma, i$skiriant iSorines daugiakampio briaunas [125]. Daugiakampis apval-
kalas — tai pikseliy rinkinys, kuris sudaro maziausiag iSgaubtg daugiakampi,
apimantj visus vaizdo krastinius pikselius. Sis daugiakampis suformuojamas
taip, kad apimty visus kontiirg formuojancius taskus. Po krasty aptikimo buvo
gautas pikseliy rinkinys, atitinkantis veido iSorinius krastus. Gautas daugia-
kampis apvalkalas buvo vizualizuotas, kaip uzdara lauztiné linija aplink
veido struktiira, leidzianti tiksliai atvaizduoti jo ribas. Jeigu smakro srities
temperatiira yra artima kaklo temperattrai, galutinis apatinés veido dalies
konttras ne visada tiksliai atspindi tikraji kontiirg. Tokiu atveju reikalingas
keliy tasky koordinaciy pakeitimas rankiniu bidu.

38
37
36
35
L34
33
32

31

30
2.5.2.1 pav. Tiriamojo veido kontiiro ir simetrijos asies aptikimas
Pateiktas tiriamojo veido vaizdas uzregistruotas su IRST: veido iSorinio kontiiro tasky

iSgaubto daugiakampio aptikimas (A) ir simetrijos asies aptikimas (B). Pastaba: tiriamajam
nebuvo nustatyta patologija BVZ srityje. Temperatiiriné skalé pateikta desinéje.

Sis metodas buvo svarbus tolimesniems analizés etapams, jskaitant si-
metrijos aSies aptikima, temperatiirinés asimetrijos skai¢iavimams bei patolo-
giniy sri¢iy identifikavimui.

Asiai identifikuoti iSorinj daugiakampj aproksimavom elipse, pritaikant
maziausiy kvadraty metoda (angl. Least Squares Fitting). Pagrindinis tikslas —
rasti tokig elipseés lygtj, kuri geriausiai atitikty veido kontiiro taSkus. Tai atlie-
kama minimizuojant skirtumus tarp realiy konttiro tasky ir teorinés elipsés
kreivés [126]. Kadangi kontiiro taskai tiksliai nesutampa su elipse, tada turé-
tume 2.6 pavidalo lygti:

ax?+ bxy, + cy?+dx; + ey, + f=1r, (2.6),

Claa, b, c, d, e ir f'yra elipsés lygties koeficientai, kuriuos reikia rasti, x;, yi —
konkretiis kontiiro taskai, r; yra liekana (angl. residual), kuri parodo, kiek
vienas taskas nukrypsta nuo elipsés modelio. Kadangi i lygtis turi daug
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nezinomyjy ir kiekvienam taskui sudaroma atskira lygtis, sudaroma lygciy
sistema. Susidargs lygciy rinkinys yra iSsprendziamas naudojant maziausiy
kvadraty metoda, kuris leidzia apskaiciuoti koeficientus a, b, ¢, d, e ir f taip,
kad liekana biity kuo maziausia. LygcCiy sistemg galima paraSyti 2.7 matricos
forma:

e 5 5 AV N e N\
X XV Vi X1 N 1 a 7
: : oo b :
2 p) _
xi oxyo yi o xi oy 1 C|=| (2.7),
: : R d :
2 2
\ x”l xmy m y m xm y m 1 e rm

J\ J \

Pirmoji matrica (kair¢je) yra duomeny matrica, kurioje pateikiamos
konturo tasky koordinatés (x;, y;), gautos i§ veido gaubtinés. Antroji matrica
(viduryje) atspindi ieSkomus elipsés lygties koeficientus (a, b, ¢, d, e ir f),
kurie nusako elipsés forma, pasvirima ir dydj. Siy parametry vertés turi bt
apskaiciuotos taip, kad kuo tiksliau atitikty realiy duomeny pasiskirstyma.
Trec€ioji matrica (deSingje) yra liekany (angl. residuals) vektorius, kuris rodo
skirtumus tarp teorinio elipsés modelio ir realiy duomeny tagky. Sis vektorius
leidzia jvertinti klaidy dydi ir, naudojant maziausiy kvadraty metoda,
minimizuoti $iuos skirtumus taip, kad buty nustatyta optimali elipsés forma.

Kriterijus, pagal kurj vertinamas modelio tikslumas, yra kvadratiniy
liku¢iy suma S, kuri buvo apskaiciuota pagal 2.8 lygti:

m
S= Zr} —> min (2.8),
i=1
tuomet, taikant 2.9-2.11 lygtis, apskai€iuojamos elipsés centro koordinatés
(xe, ye) Ir pasvirimo kampas @, kuris nurodo didziosios elipsés asies krypti
[127]. Sis kampas leidzia vertinti, kaip elips¢ yra pasvirusi veido konttiro
atzvilgiu, o centro koordinatés apibrézia jos tikslig padeétj TV:

_cd-bf 2o
Xe = bZ*ClC ( . )9
_ af—bd
Ve= i (2.10),
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(0, jeigub=0,a<c;

;n,jeigubZO,a>c;

O=41 1(00) o - (2.11),
> ctan b ,jeigub#0,a<c;
\§+;ctan1(a2_bc),jeigub750,a>c.

¢ia x. ir y. — atitinkamai apskaiciuota elipsés centro x ir y koordinates taskai.

Elipses ilgesnioji asis buvo laikoma pagrindine veido simetrijos linija,
pagal kurig kairioji ir deSinioji veido pusés buvo vertinamos atskirai. Panau-
dojant aptikta simetrijos asj (zr. 2.5.2.1 pav., B) buvo atlikta temperatiiros
pasiskirstymo analiz¢, kurioje lygintos abiejy veido pusiy temperatiirinés
savybés.

Tuo atveju, kai smakro srities temperatiira yra artima kaklo temperatiirai,
galutinis apatinés veido dalies kontiiras negali tiksliai atspindéti tikrojo kon-
turo. Tokiu atveju biitinas interaktyvus keliy taSky koordinaciy pakeitimas
rankiniu biidu. Todél simetrijos asies aptikimas, vertinant abipusj temperatiiry
pasiskirstyma, papildomai buvo tikslintas koreguojant automatiskai sugene-
ruotg iSorinio kontiiro tasky padétj rankiniu biidu. Siekiant uztikrinti didesnj
tikslumg ir sumazinti paklaida, Sis procesas buvo pakartotas penkis kartus
kiekvienam pacientui, kad biity pasiektas kuo tikslesnis temperatiiros pasi-
skirstymo vertinimas.

2.5.3. Burnos ertmés TV Kontiiro ir simetrijos aSies aptikimas

Burnos ertmés kontiiro kraStai buvo gauti taikant panaSius metodus kaip
ir veido kontiiro aptikime, taciau dél sudétingos ir netaisyklingos burnos
formos elipsés pritaikymas burnos sri¢iai buvo netikslus. Burnos ertmé néra
artima elipsei, todél vietoj elipsés buvo pasirinktas centroido metodas, lei-
dziantis rasti geometrinés figiiros centra. Sis metodas pagrjstas visy kontiiro
tasky centro koordinatémis, o ne pritaikyta idealia geometrine kreive. Simet-
rijos asies x koordinaté buvo aptikta taikant 2.12 lygti:

X tx, + ...+ X
k

Si lygtis nusako visy kontiiro tagky centroido (masés centro) x koordinate,
kur x1, x2, ... xx yra atskiry kontiiro tasky x koordinatés; & — bendras kontiiro
tasky skaicius, naudojamas skaiciavime, x. — apskaiciuota centroido koordi-
nate i8ilgai x aSies.

X, =

(2.12),
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Simetrijos aSis yra vertikali ties¢, statmena x aSiai, kuri eina per taska x. —
burnos ertmés kontiiro centra. Si adis naudojama tiriamaji lauka padalyti j dvi
atskiras termovizines burnos ertmes sritis — kairigja ir desiniaja puse, leidziant
atskirai analizuoti gleivinés temperatiiry pasiskirstyma ir nustatyti galimus
asimetrijos pozymius (2.5.3.1 pav.).

“

2.5.3.1 pav. Tiriamojo burnos ertmés kontiiro ir simetrijos asies aptikimas
Pastaba: tiriamajam nebuvo nustatyta patologija BVZ srityje. Pateiktas burnos ertmés

kontiiro vaizdas (punktyriné linija) ir simetrijos asis (statmena istisin¢ linija). Temperattiriné
skalé pateikta deSingje.

2.6. Veido ir burnos ertmés dominancios srities (ROI)
temperatiirinés asimetrijos aptikimas

Po veido ir burnos ertmés simetrijos aSiy aptikimo buvo atliekamas tem-
perattiry pasiskirstymo vertinimas, siekiant jvertinti galimg temperatiiry asi-
metrijg. Pirmiausia buvo apskaiciuojamos vidutinés temperatiros reikSmes
abiejose veido pusése ir lyginamos tarpusavyje. Vidutinés temperatiiros reiks-
meés deSingje ir kair¢je veido ar burnos ertmés pusése skirtumas gali buti
iSreikstas 2.13 lygtimi:

1 |
AT=|—N71.-— T, 2.13),
NKi; : NDiZl 0 19

Cia Tx; ir Tp; yra atitinkamai i pikselj atitinkanti temperatiira kairéje ir deSin¢je
puséje; Nx ir Np — atitinkamai kairéje ir deSin¢je pus¢je esanciy pikseliy
skaiCius.

Jei skirtumas tarp vidutiniy temperatiiry buvo pakankamai reikSmingas,
jis buvo laikomas asimetrijos rodikliu, galin¢iu rodyti patologinius procesus.

50



Taciau, jei skirtumas tarp vidutiniy temperatiiry buvo per mazas ir nepakan-
kamai informatyvus diagnostikai, buvo analizuojamos maksimalios tempera-
tury vertes, kas pad¢jo aptikti lokalias aukStesnés temperatiiros zonas. Be to,
buvo vertinamas artimg maksimaliai temperatiirai turin¢iy tasky skaicius ir jy
pasiskirstymas patologingje srityje. Veido ar burnos ertmés deSinés (kairés)
puseés TV tasky skaicius, kurio temperatiira AT dydzio laipsniu mazesné uz
maksimalig prieSingos pusés temperatiirag, buvo apskaiCiuotas naudojant
abiejy pusiy histogramas, taikant 2.14 formulg:

e
NI[K

Z nKi > Jelgu TKmaks > TDmuks + AT ;

LI

n= < No (2.14),
z Npi, Jelgu TDmaks > TKmaks + AT ’
i= [TDmaks
O’ .]elgu | TDmaks - TKmaks‘ < AT :

¢ia Tpmakss Tkmaks — atitinkamai maksimali deSiniosios ir kairiosios pusés
temperatiira, i7p,, 1T {7k — Indekso reikSmes, atitinkan¢ios maksimalig
temperatiirg atitinkamoje pus¢je, Ny —bendras analizuojamy pikseliy skaicius
kair¢je ir deSingje pus¢je ir n; — pikseliy skaicius atitinkamoje veido puségje,
kur temperatiira virSija nustatyta ribg. Ny apskaiciuojamas pagal uzsiduota
temperatiiros Zingsnj tarp gretimy izoterminiy linijy 97T pagal 2.15 formule:

7—;1121 s Tmin
Ny = [“ T } (2.15),

¢ia 0T — segmento temperattiry diapazonas arba temperatiiry skirtumas tarp
gretimy izoterminiy linijy.

Toliau, analogiSkai buvo vertinama burnos ertmés temperattiry asimetri-
ja, lyginant vidutines ir maksimalias burnos ertmés deSinés ir kairés pusiy
temperattiras. Aptikus reikSminga temperatiiry asimetrija, buvo atliktas pato-
loginés srities vaizdo segmentavimas. Sis procesas padéjo tiksliau isry3kinti
temperatiiros pokyCiy zonas ir jvertinti jy pasiskirstymg. Buvo vertinama
konkreti veido ar burnos pusé, siekiant nustatyti izotermines linijas-konttrus,
kuriuose temperatiira iSlieka pastovi.

Segmentavimui buvo taikomas slenkstinis metodas (angl. thresholding),
kuris leidzia iSskirti skirtingas temperatiiros sritis naudojant i§ anksto nusta-
tytas temperatiiros ribas. Sis metodas naudoja po dvi temperatiiros ribas, kad
TV atskiras segmentas biity paverstas dvejetainiu (angl. binary image). Tai

51



reiSkia, kad tik tam tikrame temperatiiros intervale esantys pikseliai yra iSski-
riami kaip reikSmingi, o visi kiti pikseliai priskiriami fonui. 9T (segmento
temperatiiry diapazonas arba temperatiiry skirtumas tarp gretimy izoterminiy
linijy) apibrézia temperatiiry skirtumg tarp gretimy izoterminiy sriciy, todeél
segmentavimas leidzia tiksliai nustatyti temperatiiriniy pokyc¢iy ribas. Kiek-
vienas pikselis TV turi tam tikrg temperattiros reikSme, kuri gali skirtis pri-
klausomai nuo temperatiiry pasiskirstymo tiriamoje srityje. 9T reikSmé nuro-
do, kiek laipsniy skiria dvi gretimas temperatiiros ribas TV. Jei 9T yra mazas,
tai vaizdas segmentuojamas j daug smulkiy temperatiiry intervaly, leidZianciy
matyti labai tikslius temperattrinius pokycius. Jei T yra didelis, tai segmen-
tacija bus grubesné, iSskiriant tik didesnius temperatiirinius skirtumus.
Mazesnis 0T suteikia tikslesnj Siluminj vaizda, o didesnis 9T leidzia lengv-
iau vizualizuoti bendrg temperatiiry pasiskirstyma.

Po segmentavimo gautas spalvy Zemélapis yra svarbi priemoné veido
patologijy pozicijai jvertinti. [zoterminiy linijy skaicius ir reikSmeés nustato-
mos automatiS$kai, remiantis veido srities minimaliomis ir maksimaliomis
temperatiiromis, taip uZztikrinant objektyvy Silumos pasiskirstymo vaizde
vertinima. TV duomenys buvo analizuojami atsizvelgiant j temperatiiros skir-
tumus tarp veido odos ir burnos gleivinés (epitelio), lyginant paveiktg ir svei-
ka puses. Patologiné sritis, kurioje stebimi reikSmingi pokyciai, dél aukstes-
nés temperatiiros vizualiai iSrySkinta kontrastinga spalva, leidZiancia leng-
viau identifikuoti galimus pakitimus.

Toliau, Sio tyrimo metu nustatyta veido ir burnos pusés TV asimetrinés
temperatiiros vieta ir palyginta su KT duomenimis. Po atlikto KT tyrimo
gauta informacija apie patologijos buvimg ar nebuvimga bei aptikta pazeidimo
lokalizacija buvo panaudota kuriant binarinj klasiy vektoriy. Tai reiskia, kad
pagal KT duomenis kiekvienas tiriamasis buvo priskirtas vienai i§ dviejy
kategorijy: su patologiniais pakitimais arba be jy.

Tokiu biidu, remiantis apskai¢iuotomis temperatiiry reikSmémis, kiek-
vienam pacientui buvo sukurtas pozymiy vektorius, kuris apibtidina unikalius
TV duomenis.

2.7. kNN Klasterizavimo algoritmo taikymas
BVZ patologijoms aptikti

2.7.1. DI metody taikymo poreikis

Vizualiai ar po aktualios srities i§skyrimo ne visuose termografiniuose
vaizduose buvo galima patikimai identifikuoti patologing sritj. Todél pasitel-
kéme dirbtinio intelekto (DI) ir maSininio mokymosi (MM) algoritmus, ge-
bancius atpazinti patologija pagal individualiai parinktus pozymius (Zr. Zemiau).
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Pacienty grupavimui j sveiky ir serganciy grupes pasirinktas ANN klasteri-
zavimo metodas [128], kuris yra tinkamas, kai néra daug duomeny apmoky-
mui. Modelis buvo apmokytas identifikuoti patologinius pokycius.

Kadangi tyrime siekéme atskirti patologinius atvejus nuo sveiky, buvo
pasirinktas binarinis klasterizavimas, kuriame pacientai buvo suskirstyti j dvi
grupes: su patologija ir be patologijos. kANN klasterizacijos kriterijumi buvo
pasirinkta temperatiiry asimetrija tarp veido ir burnos simetrisky pusiy, auks-
tos temperatiros tasky pasiskirstymas, bei temperatiiros deviacijy skirtumai,
kurie leido efektyviai nustatyti galimus patologinius pokyc¢ius TV.

2.7.2. Pozymiy vektoriaus formavimas

Siekiant identifikuoti patologija, naudojant termovaizduose iSskirtas ROI
sritis buvo sukurtas pozymiy vektorius, sudarytas i$ astuoniy skirtingy tempe-
ratiriniy pozymiy (2.7.2.1 lentelé). Siuo tikslu, kiekvienam tiriamajam buvo
analizuojamos atskiry pikseliy temperatiiros keturiose skirtingose srityse, t. y.
kairés ir deSinés pusés veido bei burnos ertmeés TV.

2.7.2.1 lentelé. Atrinkti poZymiai, apibudinantys temperatirinj pasiskirstymg,
naudoti pozymiy vektoriaus sudarymui

Pozymis ReikS§mé

ATvvia (°C) | Vidutiniy temperattiry skirtumas tarp desinés ir kairés veido pusiy

ATp.via (°C) | Vidutiniy temperattiry skirtumas tarp deSinés ir kairés burnos ertmés pusiy

AT, .maks (°C) | Maksimaliy temperatiiry skirtumas tarp desSinés ir kairés veido pusiy

ATpmaks (°C) | Maksimaliy temperattiry skirtumas tarp desinés ir kairés burnos ertmes
pusiy

ny Pikseliy skaicius TV desinéje (kair¢je) veido puséje, kuriy temperatiira yra
0,4 laipsniu aukstesné uz maksimalia temperatiirg prieSingoje veido pus¢je

np Pikseliy skai¢ius TV desinéje (kairéje) burnos ertmés puséje, kuriy
temperatiira yra 0,4 laipsniu aukstesné uz maksimalig temperatiira
priesingoje burnos ertmeés puséje

ADEV, Absoliuciy temperatiiros nuokrypiy skirtumas tarp visy pikseliy,
priklausanciy deSinigjai ir kairigjai veido pusei

ADEV Absoliuciy temperatiiros nuokrypiy skirtumas tarp visy pikseliy,
priklausanciy desinigjai ir kairigjai burnos ertmés pusei

Pastaba: TV — termografinis vaizdas.

Kiekvienam pacientui suformuoti pozymiy vektoriai buvo naudojami TV
klasterizavimui j sveiky ir sergan¢iy grupes. Vienos veido ar burnos ertmeés
pusés TV pikseliy skai¢ius, kurio temperatiira 0,4 laipsniu aukstesn¢ uz
maksimalig prieSingos pusés temperatiirag, buvo apskaifiuotas naudojant
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abiejy pusiy histogramas. Sis vektorius tapo pagrindu algoritmo mokymui,
identifikuojant naujus sveikus ir patologinius atvejus pagal TV duomentis.

2.7.3. Termovaizdy klasterizavimas naudojant ANN

Sveiky tiriamyjy ir pacienty, turin¢iy skirtingas burnos ar zandikauliy
srities patologijas (navikinés arba uzdegiminés kilmés), apdoroti TV duome-
nys buvo saugomi kompiuterio atmintyje, kaip pozymiy matricos. Sios matri-
cos leido suskirstyti tiriamuosius i dvi grupes: sergancius (1), jei buvo nusta-
tyta navikinés ar uzdegiminés kilmeés patologija, ir sveikus (0), jei patologijos
nebuvo. Tokia struktira leido TV klasterizavimui taikyti MM algoritmus
(2 priedas).

Siame tyrime tiriamyjy TV grupavimui buvo naudojama ANN klaste-
rizavimo algoritmas, paremtas atstumy nustatymu tarp grupuojamy duomeny.
kNN gerai veikia ir mazuose duomeny rinkiniuose, kurie neturi daug pozymiy.
Todél ANN klasterizacijos modelis suskirsto tiriamuosius duomenis j pasi-
rinktas grupes aptikdamas maziausius skirtumus tarp atitinkamy reikSmiy.
Siame tyrime, ANN pagristas funkcijy vektoriais ir klasteriais i§ mokymo
duomeny rinkinio, taikant 2.16 formule:

p
d=) (xt— xmv) (2.16),
n=1
¢ia p — pozymiy vektoriaus dydis, X, — testuojamo TV poZzymio imties
vektoriaus reik§me, X, — sistemos apmokymui naudojamo TV vektoriaus
reikSme.

Suformuotos pozymiy vektorinés reikSmés lyginamos su treniravimo
metu sukurtomis pozymiy matricos reikSmémis. Kadangi duomeny klasteri-
zavimas buvo pagristas artimiausio kaimyno metodu, kiekvieno tiriami BVZ
srities TV iSskirty poZymiy duomenys buvo priskiriami artimiausiam kaimy-
nui, kuris atstovavo atitinkama tiriamyjy grupg.

Tyrimo metu, tokie pozymiy vektoriai buvo apskaiciuoti visiems tiria-
miesiems. Po to, duomeny rinkinys buvo atsitiktinai suskirstytas i du pogru-
pius, skirtus mokymui ir testavimui. Mokymo pogrupis apima tik pus¢
duomeny, t. y. 48 pacienty TV: 24 tiriamyjy TV, neturinciy jokios patologijos,
ir 24 tiriamyjy TV, kuriuose pagal KT buvo nustatyta patologija. Kad uztik-
rintume modelio stabilumg ir rezultaty patikimuma, mokymo ir testavimo
rinkiniy padalijimo procediira buvo kartojama 24 kartus, kiekvieng karta
pasirenkant skirtingus duomeny rinkinius mokymui ir testavimui. Tokiu biidu
buvo uztikrinta, kad modelis buty treniruojamas ir testuojamas su jvairiais
duomeny rinkiniais, taip iSvengiant atsitiktiniy veiksniy jtakos rezultatams.
kNN klasterizavimo algoritmas priskiria naujus duomenis klasei, lygindamas
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juos su duomenimis i§ mokymo duomeny rinkinio. Kadangi bandymo duo-
meny rinkinyje tikrosios kategorijos yra zinomos (patvirtintos KT vertinimo
duomenimis), galima jvertinti ANN modelio tikslumg — nustatyti, kiek teisin-
gai modelis priskiria stebéjimus tinkamoms kategorijoms. Tai leidZia jvertinti
algoritmo nasuma ir jo geb¢jimg tiksliai klasterizuoti naujus duomenis.

2.7.4. Diagnostinio tikslumo jvertinimas

Pateikto metodo klasterizavimo teisingumui jvertinti buvo suformuota
maiSaties matrica (angl. confusion matrix) ir apskaiciuotos tikslumo, jautru-
mo ir specifiSkumo reik§més [129]. MaiSaties matrica buvo sudaryta siekiant
jvertinti modelio klasterizacijos tiksluma, lyginant prognozuotas kategorijas
su tikrosiomis diagnozémis. Joje buvo apskaiciuoti keturi pagrindiniai atvejy
tipai: 1) teisingai teigiami (tT) (angl. True Positive, TP), kai modelis teisingai
nustaté patologija, 2) teisingai neigiami (tN) (angl. True Negative, TN), kai
modelis tiksliai identifikavo, kad pacientas neturi patologijos, 3) klaidingai
teigiami (kT) (angl. False Positive, FP), kai modelis neteisingai priskyré
patologija sveikam asmeniui ir 4) klaidingai neigiami (kN) (angl. False
Negative, FN), kai modelis praleido esamg patologija ir klaidingai priskyré
asmenj sveikyjy grupei (2.7.4.1 lentelé).

2.7.4.1 lentelé. Maisaties matricos sudarymo atvejai

Charakteristika | Zyméjimas su patologija | Zyméjimas be patologijos | Reik§mé
Teigiamas tT (teisingai teigiamas) kT (klaidingai teigiamas) tT + kT

Neigiamas kN (klaidingai neigiamas) tN (teisingai neigiamas) kN +tN
ReikSmé tT + kN kT +tN

Klasterizavimo tikslumas, kuris parodo, kokia dalis visy modelio prog-
noziy buvo teisingos, apskaiciuojamas lyginant visy teisingai nustatyty atvejy
(tiek teigiamy, tiek neigiamy) skaiciy su bendru visy atlikty prognoziy skai-
¢iumi. Tai leidzia jvertinti bendra modelio veikimg Jis apskaiciuojamas pagal
2.17 formule:

tT +tN

Tikslumas = T+ iNT KT+ kN (2.17).

Klasterizavimo jautrumas, kuris parodo, kokia dalj tikrai serganciy pa-
cienty modelis sugebéjo teisingai atpazinti, apskai¢iuojamas lyginant teisin-
gai nustatyty teigiamy atvejy skai€iy su visais tikraisiais teigiamais atvejais,
iskaitant tuos, kuriuos modelis klaidingai priskyre sveikuyjy grupei. Tai reiskia,
kad kuo didesné Sio rodiklio verté, tuo modelis geriau aptinka patologinius
serganciy tirlamyjy atvejus. Jautrumas apskaiciuojamas pagal 2.18 formulg:
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tT
tT + kN

Specifiskumas, kuris parodo, kokig dalj i$ tikryjy sveiky pacienty mode-
lis teisingai atpazino kaip sveikus, apskaiiuojamas lyginant teisingai nusta-
tyty neigiamy atvejy skaiciy su visais tikraisiais neigiamais atvejais, jskaitant
tuos, kuriuos modelis klaidingai priskyré serganciyjy grupei. Kuo didesné
specifiSkumo verte, tuo modelis geriau atskiria nepatologinius sveiky pacien-
ty atvejus ir sumazina klaidingai teigiamy rezultaty skai¢iy. Jis apskaiciuo-
jamas pagal 2.19 formule:

Jautrumas = (2.18).

tN
tN + kT

Galiausiai, apskaiCiuoti jautrumo ir specifiSkumo rodikliai grafiskai
atvaizduoti imties veikimo charakteristiky analizés (angl. Receiver Operating
Characteristic, ROC) kreiv¢je, kuri vizualizuoja modelio geb¢jima atskirti
teigiamus ir neigiamus atvejus, keiCiant klasterizacijos slenksting reikSme,
kas lemia skirtingus jautrumo ir specifiskumo derinius [129]. Si kreive leidZia
ne tik palyginti skirtingus modelius, bet ir priimti sprendimus dél jy praktinio
taikymo. Kaip parodyta 2.7.4.1 pav., grafike ROC kreivé prasideda taSke
(0,0), kuris reiskia, kad modelis niekada negrupuoja atvejy, kaip teigiamy, ir
baigiasi taske (1,1), kai modelis visus atvejus priskiria teigiamai grupei. ROC
kreivéje x aSis svyruoja nuo 0 iki 1 ir atspindi 1 — specifiSkuma, tai yra
klaidingai teigiamy rezultaty daznj, o y asis atspindi jautrumg (tikryjy teigia-
my rezultaty daznj) [130]. Tai reiskia, kad judant x aSimi j deSing, did¢ja klai-
dingai teigiamy prognoziy skaicius, o judant y aSimi j virSy, didéja teisingai
nustatyty teigiamy atvejy skaicius. Modelis yra tuo geresnis, kuo auksciau
kreive kyla i kairigja grafiko dalj, nes tai rodo didelj jautrumg ir maza klai-
dingai teigiamy prognoziy skaiciy.

SpecifiSkumas = (2.19).
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2.7.4.1 pav. Testavimo geba pasizyminciy pozymiy ROC kreive

Punktyring linija Zymi, kai x = y. Plotas po ROC kreive AUC (angl. Area Under the Curve) —
paskaiciuotas parametras, padedantis jvertinti klasterizacijos modelio tiksluma. Kuo didesnis
AUC, tuo geresnis modelio gebé¢jimas teisingai atskirti teigiamus ir neigiamus atvejus,
atitinkamai: modelis tobulas (AUC = 1,0), labai geras (AUC > 0,9), gero tikslumo (AUC tarp
0,8 ir 0,9), vidutinio tikslumo (AUC tarp 0,5 ir 0,7) ir diagnostinés vertés neturi, nes grupuoja
atsitiktinai (AUC = 0,5) [129-131].

2.7.5. Statistiné analizé

Kiekvienas TV veido ir burnos ertmés kontiiras apskaic¢iuotas kartojant
penkis kartus. Statistiné duomeny analizé buvo atlickama naudojant Micro-
soft Excel programing jrangg (Microsoft, JAV) ir IBM SPSS 22 programine
jranga (IBM Corp., NY, JAV). Skaitiniy duomeny vidurkiai pateikiami su
standartiniais nuokrypiais (SD), kas leidzia jvertinti reikSmiy sklaidg. Norint
palyginti vidurkius buvo taikomas Stjudento t testas, kai lyginami duomenys
tarp dviejy grupiy ir naudojama vienfaktorin¢ dispersiné analizé¢ ANOVA
(parametrinis testas) ar Kruskal-Wallis testas (neparametrinis testas), kai lygi-
namos daugiau nei dvi grupés. Statistiné normalumo analiz¢ atlikta taikant
Shapiro-Wilk testa. Vidurkiy skirtumai laikomi statistiskai reikSmingais, kai
p <0,05.
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Matematiniam termovaizdy veido ir burnos ertmés kontiiry nustatymui
ir klasterizacijos algoritmy kirimui buvo naudota MATLAB programiné
jranga (The Math Works, Inc., JAV). Histogramy braizymui naudota statistine
SPSS 22 programa.
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3. REZULTATAI

3.1. Demografiniai, antropometriniai ir

Klinikinis tyrimas atliktas Lietuvos sveikatos moksly universiteto ligo-
ninés Kauno kliniky Radiologijos klinikoje, gavus Kauno regioninio biome-
diciniy tyrimy etikos komiteto leidimg (2014 m. birzelio 3 d. Nr. BE-2-31).
Tiriamieji, i§samiai susipazing su tyrimu, pasirasé¢ asmens informavimo ir
sutikimo forma. Jtraukimas j tyrimg vyko 2014-2016 metais.

Moksliniame tyrime dalyvavo 94 pacientai: i$ jy 55 (58,5 proc.) priskirti
tirlamyjy grupei su patologiniais pakitimais ir 39 (41,5 proc.) priskirti tiria-
muyjy grupei be patologiniy pakitimy. Pacienty demografiniai, antropomet-

3.1.1 lentelé. Demografiniai ir klinikiniai tirviamyjy duomenys

Demografiniai duomenys p:;gz:;:s%:ln:’;ss) pflfitl;frfgl?ffgg)
Amziaus ribos (metais) 18-86 20-64
Vidutinis amzius (metais) + SEM 53,3+2,53 33,5+2,03
Moterys, n (proc.) 30 (54,5) 17 (43,6)
Vyrai, n (proc.) 25 (45,5) 22 (56,4)
I8 viso, n (proc.) 55 (100) 39 (100)
KT / MRT nustatyta patologijos vieta

Desiné pusé, n (proc.) 20 (36,4) 0 (0)
Kaire puse, n (proc.) 23 (41,8) 0(0)
Abipus, n (proc.) 12 (21,8) 00 (0)
Vyru / motery patologijos vieta
Vyrai, desiné pusé, n (proc.) 13 (52) 0 (0)
Vyrai, kairé pusé, n (proc.) 10 (40) 0(0)
Vyrai, abipus, n (proc.) 2 (8) 0(0)
Moterys, desiné pusé, n (proc.) 8(26,7) 0 (0)
Moterys, kairé¢ pusé, n (proc.) 13 (43,3) 0 (0)
Moterys, abipus, n (proc.) 9 (30) 0(0)
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Siame tyrime buvo iskirtos §ios pacienty grupés: sveiky tiriamyjy (ST)
grupé, kurig sudaré sveiki savanoriai (SS) ir asmenys, kuriems KT ar MRT
tyrimy metu nebuvo nustatyta jokiy struktiiriniy pakitimy ar patologiniy dari-
niy. Tiriamyjy su patologiniais pakitimais grupes sudaré pacientai su navi-
kinés (NP), uzdegiminés (UP) ir misrios (UP / NP) kilmés patologija. Navikinés
kilmés patologija buvo nustatyta radiologinio tyrimo metu ir véliau patvirtin-
ta histopatologiskai. Uzdegiminés kilmeés patologija, tokia kaip abscesas,
celiulitas, sinusitas, limfadenitas, sialadenitas, odontogeninés ar kitos kilmeés
infekciniai uzdegiminiai pakitimai, buvo nustatyti KT tyrimo metu ir patvir-
tinti klinikiniy tyrimy duomenimis.

3.2. Temperatirinés asimetrijos nustatymas IRST tyrimais

3.2.1. Sveiky tiriamyjy TV vertinimas

Sveikiems tiriamiesiems (ST grupé, n = 39), vertinant keturias pagrindi-
nes analizuojamas sritis, nebuvo nustatyta statistiSkai reikSmingy tempera-
turiniy asimetrijy. Tai reiskia, kad temperattirinis pasiskirstymas tarp simet-
riSky veido ir burnos sri¢iy buvo tolygus, be rySkiy temperattiriniy skirtumy,
kurie galéty rodyti patologinius pokyc¢ius. 3.2.1.1 pav. pateikti sveiko tiria-
mojo veido (A) ir burnos ertmés (B) priekinés projekcijos TV Zeméelapiy

pavyzdziai.
o R T s
; e W e ..I | 37
VA 36

35

1'.33

32

31

f 30
3.2.1.1 pav. Sveiko tiriamojo veido ir burnos kontiiro
bei simetrijos asies aptikimas
Simetrijos aSis (iStisin¢ linija) yra didzioji elipsés (punktyriné linija) aSis. Pateiktos sveiko
tirilamojo termogramos frontalinéje plok§tumoje (A) ir i§siziojus (B). Pastaba: veido ir burnos
ertmeés termogramose néra temperattirinés asimetrijos. Temperatiiriné skalé pateikta desingje.
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TV buvo apdoroti dviem etapais (zr. Metodai ir 1 priedas), taikant algorit-
mines kontiiro aptikimo procediiras, iSorinio veido kontiiro ir burnos ertmes
aktualios srities (ROI) aptikimui bei simetrijos asies padéties suradimui.
Apskaiciuoti veido ir burnos ertmés ROI termografinio vaizdo kairés / desi-
nés puseés temperatiiry pozymiai pateikti 3.2.1.1 lenteléje.

3.2.1.1 lentelé. Vieno sveiko tiriamojo (3.2.2.1 pav.) TV temperatiiry pozy-
miai nustatyti kairiosios / deSiniosios veido ir burnos ertmés ROI pusése

Tiax Tnaksk Tviap Tmaiksp | ATvia | ATmaks
ROI °C) °C) C) | coy | coy| ccy |APEV|mn

v 33,47 +0,039 | 36,17 |33,64+0,004|36,03| 0,17 | 0,14 | 0,02 | O
b 34,92 £0,023 | 36,97 {35,03+0,013|36,78| 0,11 | 0,19 | 0,08 | O

ST

ST — sveikas tiriamasis, kuriam KT tyrimo metu nebuvo aptikta patologija, ROI — aktuali
veido / burnos ertmés sritis, v — veidas, b — burnos ertmé, Tvidx ir Tmaksk — atitinkamai viduting
ir maksimali temperatiira kairéje, Tviap it Twmasp — atitinkamai vidutiné ir maksimali
temperatiira deSinéje, ATvid it ATmaks — atitinkamai vidutinés ir maksimalios temperatiiros
skirtumas tarp kairés / deSinés pusiy, ADEV — deviacijy skirtumas tarp visy pikseliy,
priklausanc¢iy deSinigjai ir kairigjai pusei, atitinkamai veido ir burnos ertmes, nv» — pikseliy
skai¢ius TV desingje (kairéje) veido ar burnos pusése, kuriy temperatiira yra 0,4 laipsniu
aukstesné uz maksimalig temperatiirg priesingoje veido ar burnos pus¢je. Vidurkiai + SD.

Visiems | tyrimg jtrauktiems ST grupés tiriamiesiems (n = 39) keturiy
tirty sri¢iy termografiniuose vaizduose nebuvo akivaizdzios temperatiirinés
asimetrijos (p < 0,05, taikant Stjudento t testa): veido kairéje / deSinéje pusése,
atitinkamai 33,78 £ 1,693 °C ir 33,82 + 1,617 °C, bei burnos ertmés kairéje /
desingje pusése, atitinkamai 35,73 + 1,613 °C ir 35,74 + 1,642 °C. Siems
tiriamiesiems paskaiciuoti vidutiniy temperattiry skirtumai (A7) tarp kairés /
desinés veido ir burnos ertmés pusiy (atitinkamai, 0,12 + 0,21 °C ir 0,14 +
0,19 °C), bei maksimaliy temparattry skirtumai (A Tyaxs) tarp kairés / desinés
veido ir burnos ertmés pusiy (atitinkamai, 0,062 + 0,19 °C ir 0,075 + 0,25 °C)
taip pat reikSmingai nesiskyre (p < 0,05). Be to, apskaiciuotas pikseliy skai-
¢ius TV desingje (kairéje) veido ir burnos ertmés pusése, kuriy temperatira
yra 0,4 °C aukstesné uz maksimalig temperatiirg prieSingoje veido ir burnos
ertmes pusése buvo atitinkamai 0,086 = 0,07 ir 0,11 £ 0,06 (p < 0,05). ST
grupés tiriamyjy TV temperatiiriniy pozymiy skirtumo pasiskirstymo histo-
gramos, palygintos su normaliojo skirstinio kreive, pateiktos 3.2.1.2 pav.
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3.2.1.2 pav. ST grupés sklaidos histogramos su normaliojo
skirstinio kreivemis pagal veido ir burnos ertmés vidutinius ir
maksimalius temperatiirinius poZymius

Histogramy rinkinys pateiktas pagal parinktus keturis temperattirinius pozymius. Paskai¢iuo-
tos veido / burnos ertmés sri¢iy vidutiniy (kair¢je) ir maksimaliy (deSinéje) temperatiiry
skirtumo tarp deSinés ir kairés pusiy reikSmes, atitinkamai veido srityje (A, B) ir burnos
ertmés srityje (C, D). Vidutiniy temperatiiry skaiciavimas pagrjstas visy pikseliy temperattiry
sumavimu vienoje veido arba burnos ertmés, kontiirais apribotos srities, puséje ir padali-
namos i$ ty tasky skaiciaus. Kiekvienam pozymiui sudaryta histograma su tiriamyjy atvejy
skaiciumi (n = 39) yra pateikta y aSyje, naudojant x asies intervalg nuo —1,5 iki 1,5 su 0,2
plocio stulpeliais. Pastaba: kiekvienas stulpelis rodo, kiek atvejy patenka j konkrety intervala.
Normaliojo skirstinio kreivé (raudona punktyriné linija) atspindi pasiskirstyma pagal
kiekvieno kintamojo vidurkj ir standartinj nuokrypi.

Visiems ST ir SS grupés tiriamiesiems (atitinkamai 3.2.1.2 ir 3.2.1.3 pav.)
buvo stebima maza temperatiiry skirtumy sklaida ir tolygus pasiskirstymas.
Siy grupiy histogramy pasiskirstymas yra simetriskas ir koncentruotas aplink
nulj, kas rodo pozymiy pusiausvyrg ir nedidelj krastutiniy reik§miy skaiciy.
Tokie rezultatai atspindi normalig termoreguliacijg, be rySkiy regioniniy
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temperattiros skirtumy, kurie galéty reiksti patologinius procesus. Maza
sklaida temperatiiry pasiskirstyme taip pat rodo, kad Silumos perdavimas
audiniuose vyksta tolygiai, be reikSmingy Suoliy, o tai budinga sveikam
audiniui su normalia kraujotaka.
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3.2.1.3 pav. SS grupés sklaidos histogramos su normaliojo skirstinio
kreivémis pagal veido ir burnos ertmés vidutinius ir maksimalius
temperaturinius poZymius

Histogramy rinkinys pateiktas pagal parinktus keturis temperattirinius pozymius. Paskai¢iuo-
tos veido / burnos ertmés sri¢iy vidutiniy (kairéje) ir maksimaliy (deSinéje) temperatiiry
skirtumo tarp deSinés ir kairés pusiy reikSmes, atitinkamai veido srityje (A, B) ir burnos
ertmes srityje (C, D). Vidutiniy temperatiiry skaic¢iavimas pagrjstas visy pikseliy temperatiiry
sumavimu vienoje veido arba burnos ertmés, kontarais apribotos srities, puséje ir padali-
namos i$ ty tasky skaiciaus. Kiekvienam pozymiui sudaryta histograma su tiriamyjy atvejy
skai¢iumi (n = 29) yra pateikta y aSyje, naudojant x aSies intervalg nuo —1,5 iki 1,5 su 0,2
plocio stulpeliais. Pastaba: kiekvienas stulpelis rodo, kiek atvejy patenka j konkrety intervalg.
Normaliojo skirstinio kreivé (raudona punktyriné linija) atspindi pasiskirstyma pagal
kiekvieno kintamojo vidurkj ir standartinj nuokrypi.
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3.2.2. Klinikiniy atvejy su navikinés kilmés patologija
TV vertinimas

Pacientams, kuriems diagnozuota naviking¢ patologija (n = 27) (gérybi-
niai / piktybiniai, atitinkamai 4 / 23) termovaizduose buvo reikSmingi tempe-
ratiry skirtumai (p < 0,05), lyginant su ST grupés analogiSkais duomenimis.
NP grupés pacienty TV AT, tarp kairés / deSinés pusiy, paskaiciuotas veido
ir burnos ertmés ROI srityje, atitinkamai buvo 0,21 £ 0,1 °C ir 0,39 + 0,1 °C,
0 ATaks paskaiCiuotas veido ir burnos ertmés ROI srityje, atitinkamai buvo
0,20 + 0,14 °C ir 0,49 £+ 0,18 °C. NP grupés tiriamiesiems reikSmingi skirtu-
mai gauti vertinant burnos ertmes ROI srities pozymius (p < 0,05), lyginant
su tokiais duomenimis ST grupéje. Taipogi, $iy tiriamyjy TV apskaiCiuotas
pikseliy skaiCius deSingje (kair¢je) veido ir burnos ertmés pusése, kuriy
temperatiira yra 0,4 °C auksStesné uz maksimalig temperatiirg prieSingoje veido
ir burnos ertmés pusése buvo atitinkamai 2,48 + 1,85 ir 48,57 £ 22,6 (p < 0,05).
atvejai, kai IRST tyrimuose BVZ srityje nustatyta skirtingo dydzio tempera-
tiriné asimetrija: akivaizdziai matoma, mazai matoma arba nematoma, kuriy
temperatiirinés charakteristikos detalizuotos 3.2.2.1 lenteléje.

3.2.2.1 lentelé. Trijy klinikiniy atvejy su navikine patologija (NP), pateikty
3.2.2.1-3.2.2.3 pav., TV temperatiriniai pozymiai

Tviax Tmaksk Tviap Twmaksp | ATvia | ATmaks
ROTI - (ocy °C) ©C) | O | ey | ccy |APEV|mn
NP v 34,42 + 36,45 33,55+ 36,23 0,87 0,22 [0,0183| 0O
#1 0,019 0,017
b 37,84 + 38,97 37,29+ 38,33 0,55 0,64 0,15 35
0,023 0,217
NP v 35,50+ 38,14 35,52+ 37,96 0,28 0,18 0,044 | O
#2 0,054 0,032
b 36,85+ 38,15 36,91 + 38,57 | 0,06 | —0,42 | 0,093 | 143
0,001 0,017
NP A% 32,83+ 35,01 32,94 36,12 | —0,11 | —1,11 0,031 0
#3 0,015 +0,001
b 35,84 + 37,82 35,88 + 37,88 | —0,04 | —0,06 0,17 |125
0,085 0,062

NP —naviking patologija, ROI — dominanti sritis, v — veidas, b — burnos ertme, Tviax it Tmaksk —
vidutingé ir maksimali temperattira kairéje, Tviap it Timaksp — viduting ir maksimali temperatiira
desinéje, ATvia it ATmaks — vidutinés ir maksimalios temperattiros skirtumas tarp kairés /
desinés pusiy, ADEV — deviacijy skirtumas tarp visy pikseliy, priklausanciy desSinigjai ir
kairigjai veido ir burnos ertmés pusei, s — pikseliy skaicius TV desingje (kairéje) veido ar
burnos pusése, kuriy temperatiira yra 0,4 °C aukstesné uz maksimalig temperattirg priesin-
goje veido ar burnos puséje. Vidurkiai + SD.
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3.2.2.1 pav. pateiktas pirmasis klinikinis atvejis, kai po pirminés apzitiros,
pastebéjus asimetring kairés veido pusés deformacija apatinio zandikaulio
srityje, pacientas nukreiptas atlikti KT tyrimg.

Virsuje: KT tyrimo kauliniu langu pjiivis asin¢je plokStumoje (A) ir MRT aukstos rezoliuci-
jos T1 turbo aidy seka su intraveniniu kontrastavimu, asinis pjavis (B) su navikinémis masé-
mis apatinio zandikaulio kairéje puséje. Viduryje histologinis pjuvis (C) su patvirtinta apati-
nio zandikaulio fibrozinés displazijos diagnoze. Histologiniame pjliivyje matomos gausios
smulkios, osteoblastais neapsuptos jauno kaulinio audinio trabekulés, tarp kuriy iSveséjes
fibrozinis audinys su gausiais, mitotiSkai neaktyviais fibroblastais. Apacioje: termografinis
vaizdas (TV) frontalingje plokStumoje pacientui susi¢iaupus (D) ir pacientui i§siziojus bur-
nos ertmés sritis pries vaizdo segmentacija (E) ir po segmentavimo procediiros (F). Pastaba:
rodyklé rodo temperatiirinés asimetrijos sritj pries (E) ir po (F) segmentacijos. Temperatiiriné
skalé desinéje.
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3.2.2.1 pav. Pirmo klinikinio atvejo diagnostiniai vaizdai,
kai IRST matoma akivaizdi temperatiriné asimetrija
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Radiologiniy tyrimy metu, kair¢je apatinio Zandikaulio pus¢je buvo
pastebétas heterogeninés struktiiros ekspansinis darinys (3.2.2.1 pav., A, B),
remodeliuojantis kaula ir Zenkliai ploninantis Zievinj sluoksnj. Zievinio
sluoksnio defekto ir darinio plitimo j aplinkinius minkStuosius audinius nebu-
vo stebéta. Siam pacientui buvo histologiskai patvirtinta gérybinio pobidzio
navikiné patologija (3.2.2.1 pav., C), ir nustatyta apatinio Zandikaulio fibrozi-
nés displazijos diagnoze. IRST tyrimo metu uzregistruoti TV taip pat parodé
nustatytas pazeidimas (3.2.2.1 pav.,, D). Be to, tiksliai sutapo IRST ir
KT /MRT metodais nustatyta patologijos anatominé¢ zona (lokalizacija).
Vidutiniy temperatiiry skirtumas (AT,is) tarp simetrisky veido sriciy sieké
0,87 °C. Tuo tarpu, burnos ertmés TV (3.2.2.1 pav., E) buvo stebima aki-
vaizdi temperatiiriné asimetrija. Patologiné sritis matoma, kaip aukStesnés
temperatiiros sritis. AukSciausia temperatiira toje zonoje sieké¢ > 38 °C (zZr.
3.2.2.1 lentelés NP #1 atvejj). Siuo atveju, temperatiiriné asimetrija buvo ma-
toma ir be papildomo vaizdo segmentavimo. Taciau, atlikus segmentavimo
procediirg, patologiné zona tapo dar labiau iSryskinta (3.2.2.1 pav., F).

3.2.2.2 pav. pateiktas antrasis navikinés patologijos atvejis, kai pacientas
po klinikinés apzitiros buvo nukreiptas KT procediirai dél skausmingos
desinés pusés zando gleivinés. Siuo atveju, veido deformacija buvo nezymi
ir sunkiai vertinama d¢l netaisyklingo sagkandzio, taciau KT aSiniame vaizde
(3.2.2.2 pav., A) buvo matyti plati kaulinés destrukcijos zona deSin¢je apati-
nio zandikaulio puséje. Siam pacientui histologiskai buvo patvirtintas pikty-
binis minks$tyjy audiniy navikas, t. y. ploks¢ialgsteliné karcinoma (SCC G3)
(3.2.2.2 pav., C). Nepaisant didelés apimties apatinio zandikaulio destrukci-
jos, to paties paciento atitinkamame TV buvo aptiktas tik nedidelis vidutiniy
temperatiry skirtumas (A7) ir maksimaliy temperatiiry skirtumas (A7 aks)
tarp kairés ir deSinés burnos ertmés pusiy (3.2.2.2 pav., E): atitinkamai
0,06 °C ir 0,42 °C (zr. 3.2.2.1 lentelés NP #2 atveji). Taciau, panaudojus
vaizdo segmentavimg ROI zonoje, paveiktoje puséje iSryskéjo auksStesnés
temperatiiros sritis (3.2.2.2 pav., F). Siuo atveju, tik atlikus TV segmentavimo
procediirg atsirado matomas patologinés zonos i$ryskéjimas, kur auksciausia
temperatiira sieke 39,0 °C.
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3.2.2.2 pav. Antro klinikinio atvejo diagnostiniai vaizdai,
kai IRST matoma maza temperatiriné asimetrija

Virsuje: KT tyrimo kauliniu langu pjuvis aSingje plokStumoje (A) ir MRT aukStos rezoliu-
cijos T1 turbo aidy seka su intraveniniu kontrastavimu, aSinis pjiivis (B) su destrukcinémis
masémis apatinio Zandikaulio deSinéje puséje. Viduryje, histologinis pjiivis (C) su patvirtinta
blogai diferencijuotos ploksc¢iyjy lasteliy karcinomos (SCC G3) diagnoze. Histologiniame
pjuvyje matomos solodiskai besidéstancios, labai polimorfiskos navikinés Igstelés stambiais,
chromatingais branduoliais ir santykinai negausia citoplazma, gausios mitoz¢es, aiSkaus rage-
jimo nestebima, stroma gausi su pavieniais limfocitais. Apacioje: termografinis vaizdas (TV)
frontalinéje plokstumoje pacientui susi¢iaupus (D) ir pacientui iSsiziojus, burnos ertmes sritis
pries vaizdo segmentacija (E) ir po segmentavimo procediiros (F). Pastaba: rodyklé rodo
temperatiirinés asimetrijos sritj prieS (E) ir po (F) segmentacijos. Temperatiriné skalé
desingje.
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Tagiau, kai kuriais atvejais patologiniai pakitimai BVZ srityse gali bati
labai minimaliis arba vizualiai nepastebimi (3.2.2.3 pav.).

IS

3.2.2.3. pav. Trecio klinikinio atvejo diagnostiniai vaizdai,
kai IRST néra matoma temperatiiriné asimetrija

Virsuje: KT tyrimo kauliniu langu pjuvis aSingje plokStumoje (A) ir MRT aukstos rezoliu-
cijos T1 turbo aidy seka su intraveniniu kontrastavimu, aSinis pjivis su patologinémis
masémis nosiaryklés deSinéje ir lokalia kietojo gomurio destrukcine zona. Viduryje, histo-
loginis pjuivis (C) su patvirtinta vidutiniskai diferencijuotos ploksciy lasteliy karcinomos
(SCC G2) diagnoze. Histologiniame pjiivyje matomos solidiskai besidéstancios, nezymiai
polimorfiskos navikinés lgstelés stambiais, chromatingais branduoliais ir vidutiniu kiekiu
citoplazmos. Aiskus ragejimo zidiniai (,,keratininiai perlai*), stroma gausi, su gausiais limfo-
citais ir plazmocitais. Apacioje: termografinis vaizdas (TV) frontalinéje plokStumoje pacien-
tui susi¢iaupus (D) ir pacientui i$siziojus, burnos ertmés sritis prie§ vaizdo segmentacija (E)
ir po segmentavimo procediiros (F). Pastaba: rodyklé rodo temperatiirinés asimetrijos sritj
pries (E) ir po (F) segmentacijos. Temperatiiriné skalé deSinéje.
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Treciuoju atveju, klinikinio tyrimo metu pacientas skundési silpnu skaus-
mu giliai burnos ertméje, todél buvo nukreiptas atlikti KT procedira. Siuo
navikinés patologijos atveju kliniskai buvo stebima labai nedidele
burnaryklés lateralinés sienelés deformacija deSinéje puséje. Pacientui KT
tyrimo vaizduose buvo stebima minkstojo gomurio ir deSinés parafaringinés
srities i$plitusi mink$tyjy audiniy infiltracija su kietojo gomurio destrukcija.

Pateiktuose radiologiniuose vaizduose (3.2.2.3 pav., A, B) stebimos pa-
tologinés masés nosiaryklés desinéje su lokalia kietojo gomurio destrukcija.
HistologiSkai pacientui buvo patvirtinta vidutiniskai diferencijuota ploksciy
lasteliy karcinomos diagnozé (3.2.2.3 pav., C). Siuo atveju, pacientui susi-
Ciaupus, veido termogramoje reikSmingo temperattirinés asimetrijos nebuvo
pastebéta (3.2.2.3 pav., D), o vidutiniy temperatiiry skirtumas tarp abiejy
veido pusiy buvo tik 0,1 °C (zr. 3.2.2.1 lentelés NP #3 atveji). Net ir i$siziojus,
termografiniame vaizde nebuvo matomo aiskaus vidutiniy temperatiry skir-
tumo tarp deSinés ir kairés burnos ertmés pusiy (3.2.2.3 pav., E). Tadiau,
dominancios patologinés ROI srityje pritaikius vaizdo segmentavimo algorit-
ma, iSrySkéjo lokali aukStos temperattiros zona, esanti giliai burnos ertméje
(3.2.2.3 pav,, F).

3.2.2.4 pav. pateiktos NP grupés pacienty temperatiirinés asimetrijos
pasiskirstymo histogramos pagal veido ir burnos ertmés termogramose
analizuotas vidutines (A7i¢) ir maksimalias (ATnaks) poZymiy reiSmes. Ak-
centuotina, kad NP grupés pacienty TV temperatiiry pasiskirstymo charakte-
ristikas atspindincios histogramos yra placiai iSsidésciusios, lyginant su ST
grupés tiriamyjy analogiskais duomenimis (zr. 3.2.5 skyriy). Tai rodo, kad
temperatlirinis pasiskirstymas pazeistoje srityje néra tolygus, o temperatiiry
reikSmeés pasizymi didele sklaida, kas yra budinga patologiniam audiniui su
pakitusia kraujotaka. Be to, kai kurios histogramos rodo bimodalumg (dvi
vir§iines) ar mazg asimetrijg.

69



A 12 T B 12
5 10 3 10
NJ J
® 8 ‘w 8 g
x X Y
(2] (] /|
> 6 2 6 AN
g > / ‘\
/ \
g g4 \
= - / \
= 2 = 2 s |
0 Y . B E—
-5 -10 -05 00 05 10 15 -5 -10 -05 00 05 10 15
Temperatiry skirtumas (°C) Temperatiry skirtumas (°C)
C 12 D 12
5 10 3 10
NJ J
® 8 ® 8
x X
v (]
2 6 3 6
g g
.8 4 24 AN ] 4
= e N = =
= 2 L1 “FT = 2 g
O_._—*”/ AH\\‘~-. 0—’ "=~
-5 -10 -05 00 05 10 15 -1,5 -10 -05 00 05 10 15
Temperatiry skirtumas (°C) Temperatiry skirtumas (°C)

3.2.2.4 pav. NP grupés sklaidos histogramos su normaliojo skirstinio
kreivémis pagal veido ir burnos ertmés vidutinius ir maksimalius
temperaturinius poZymius

Histogramy rinkinys pateiktas pagal parinktus keturis temperattirinius pozymius. Paskai¢iuo-
tos veido / burnos ertmés sri¢iy vidutiniy (kair¢je) ir maksimaliy (deSinéje) temperatiiry
skirtumo tarp deSinés ir kairés pusiy reikSmes, atitinkamai veido srityje (A, B) ir burnos
ertmes srityje (C, D). Vidutiniy temperatiiry skaic¢iavimas pagrjstas visy pikseliy temperattiry
sumavimu vienoje veido arba burnos ertmés, kontarais apribotos srities, puséje ir padali-
namos i$ ty tasky skaiciaus. Kiekvienam pozymiui sudaryta histograma su tiriamyjy atvejy
skai¢iumi (n = 27) yra pateikta y aSyje, naudojant x asies intervalg nuo —1,5 iki 1,5 su 0,2
plocio stulpeliais. Pastaba: kiekvienas stulpelis rodo, kiek atvejy patenka j konkrety intervalg.
Normaliojo skirstinio kreivé (raudona punktyriné linija) atspindi pasiskirstyma pagal
kiekvieno kintamojo vidurkj ir standartinj nuokrypi.

3.2.3. Klinikiniy atvejy su uzdegiminés kilmés patologija
TV vertinimas

Daliai tirty pacienty, KT tyrimu nustatyta uzdegiminés kilmés patologija
(UP grupe, n = 28), kuri buvo aptikta ir TV. UP grupés pacienty TV tempe-
ratiiriniy pozymiy A7,;q reikSmeés, tarp kairés / deSinés veido ir burnos ertmes
pusiy ROI, buvo atitinkamai 0,21 £ 0,1 °C ir 0,28 + 0,1 °C, 0 AT}aks reikSmés
atitinkamai sieke 0,19 = 0,14 °C ir 0,45 = 0,18 °C. UP grupgje, apskaiciuotas
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pikseliy skaicius TV desingje (kairéje) veido ir burnos ertmés pusése, kuriy
temperatiira yra 0,4 °C aukstesné uz maksimalig temperatiirg prieSingoje veido
ir burnos ertmés pusése buvo atitinkamai 4,42 + 1,75 °C ir 21,13 + 13,4 °C.
UP grupés histogramos (3.2.3.1 pav.), panasiai kaip ir NP grupés, buvo
placiai pasiskirsciusios ir, prieSingai nei ST grupéje, i$siskyré reikSmiy jvairove.
Kai kuriy UP grupés histogramy pasiskirstymas yra netolygus, asimetriskas ar
turi kelias virStnes, o reikSmés i$sidés¢iusios placiame intervale. Tai rodo, kad
pozymiai Sioje grupéje kinta nevienodai ir daznai pasitaiko kraStutinés reikSmes.
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3.2.3.1 pav. UP grupeés sklaidos histogramos su normaliojo skirstinio
kreivémis pagal veido ir burnos ertmés vidutinius ir
maksimalius temperatiirinius poZymius

Histogramy rinkinys pateiktas pagal parinktus keturis temperattirinius pozymius. Paskai¢iuo-
tos veido / burnos ertmés sri¢iy vidutiniy (kairéje) ir maksimaliy (deSinéje) temperatiiry skir-
tumo tarp deSinés ir kairés pusiy reikSmés, atitinkamai veido srityje (A, B) ir burnos ertmeés
srityje (C, D). Vidutiniy temperatiiry skaic¢iavimas pagrijstas visy pikseliy temperatiiry suma-
vimu vienoje veido arba burnos ertmés, kontiirais apribotos srities, puséje ir padalinamos i§
ty tasky skaiciaus. Kiekvienam pozymiui sudaryta histograma su tiriamyjy atvejy skaiciumi
(n =28) yra pateikta y asyje, naudojant x aSies intervala nuo —1,5 iki 1,5 su 0,2 plocio stulpe-
liais. Pastaba: kiekvienas stulpelis rodo, kiek atvejy patenka j konkrety intervalg. Normaliojo
skirstinio kreivé (raudona punktyriné linija) atspindi pasiskirstyma pagal kiekvieno kinta-
mojo vidurkj ir standartinj nuokrypij.
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Akcentuotina, kad UP grupés pacienty TV temperatiiry skirtumy sklaida,
lyginant su NP grupe, buvo panasi (Zr. 3.2.5 skyriy). Rezultatai patvirtina, kad
tieck uzdegiminiai procesai, tiek navikiné¢ patologija salygoja didesnius
temperatlirinés asimetrijos svyravimus burnos ertmeéje.

3.2.4. Klinikiniy atvejy su miSria patologija TV vertinimas

Kadangi NP ir UP grupés nepasizymeéjo aiskiais skirtumais (zr. 3.2.5
skyriy), todél jos buvo apjungtos, suformuojant 55 pacienty imtj su misriais
patologiniais poky¢iais (NP / UP grupé¢). Histogramos pateiktos 3.2.4.1 pav.
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3.2.4.1 pav. UP / NP grupés sklaidos histogramos su normaliojo
skirstinio kreivemis pagal veido ir burnos ertmés vidutinius
ir maksimalius temperatiirinius poZymius

Histogramy rinkinys pateiktas pagal parinktus keturis temperatiirinius pozymius. Paskai¢iuotos
veido / burnos ertmés sriciy vidutiniy (kair¢je) ir maksimaliy (deSinéje) temperatiiry skirtumo tarp
desinés ir kairés pusiy reikSmés, atitinkamai veido srityje (A, B) ir burnos ertmés srityje (C, D).
Vidutiniy temperatiiry skai¢iavimas pagristas visy pikseliy temperatiiry sumavimu vienoje veido
arba burnos ertmés, kontiirais apribotos srities, puséje ir padalinamos i ty tasky skaiciaus.
Kiekvienam pozymiui sudaryta histograma su tiriamuyjy atvejy skaiciumi (n = 55) yra pateikta y
aSyje, naudojant x aSies intervalg nuo —1,5 iki 1,5 su 0,2 plocio stulpeliais. Pastaba: kickvienas
stulpelis rodo, kiek atvejy patenka i konkrety intervalg. Normaliojo skirstinio kreivé (raudona
punktyiné linija) atspindi pasiskirstyma pagal kiekvieno kintamojo vidurkj ir standartinj nuokryp;.
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NP / UP grupés apskaiciuotos ATis reikSmés tarp kairés / deSineés pusiy
veido ir burnos ertmés TV buvo atitinkamai 0,21 + 0,1 °C ir 0,34 £ 0,1 °C, o
AT pars reik§meés buvo atitinkamai 0,19 + 0,14 °C ir 0,46 + 0,18 °C. Sie skirtu-
mai tarp burnos ertmés poZymiy buvo statistiSkai reikSmingi (p <0,05),
lyginant su tokiais duomenimis ST grupéje. NP / UP grupés apskaiciuotas
pikseliy skaicius TV desingje (kairéje) veido ir burnos ertmés pusése, kuriy
temperatiira yra 0,4 °C auks$tesné uz maksimalig pemteratiirg prieSingoje vei-
do ir burnos ertmés pusése buvo atitinkamai 3,17 = 1,85 ir 29,6 = 19,3.

3.2.5. Visy klinikiniy atvejy palyginamasis TV vertinimas

Siekiant jvertinti pasirinkty pozymiy skirtumus bei jy pasiskirstymus
tarp jvairiy tiriamyjy grupiy, buvo atlikta duomeny statistiné analiz¢ (3.2.5.1
lentel¢). Duomenys suskirstyti j grupes: SS, ST, UP, NP ir UP / NP, kurios
reprezentuoja skirtingus tiriamyjy atvejus (zr. Darbo metodika, 2.3.1 pav.).
Kiekvienoje grup¢je analizuoti asStuoni atrinkti temperatiiriniai poZymiai
(AT vvia, ATbvidy ATvmaksy ATpmaks, nv, 0p, ADEV,, it ADEV}), atspindintys
atrinkty temperatiiriniy pozymiy veido / burnos ertmés, tarp kairés / desinés
pusiy, skirtumus.

3.2.5.1 lentelé. Pasirinkty astuoniy poZymiy statistinés charakteristikos SS,
ST, UP, NP ir UP / NP tiriamyjy grupése

Pozymis ‘ Vidurkis ‘ Std ‘ Min. 25 proc. | 50 proc. ‘ 75 proc. ‘ Maks.
SS tiriamujy grupé (n = 29)

ATvvid -0,06709 | 0,120268 | —0,258 | —0,1481 | —0,0855 | 0,0048 0,1504
AT\ maks —-0,00397 | 0,041335 | —0,1059 | —0,0506 0 0 0,0526
ATbvid —0,00832 | 0,165093 | —0,3971 | —0,0981 | —0,0309 | 0,0867 0,283
ATpmaks | 0,011486 | 0,044931 | —0,0592 0 0 0,0522 0,1161

ADEYV, 0,035893 | 0,023952 | 0,0021 0,0172 0,0328 0,0477 0,087

ADEV 0,013845 | 0,021034 | 0,00037 | 0,0042 0,0101 0,0157 0,1155

ny 0 0 0 0 0 0 0

np 0 0 0 0 0 0 0
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3.2.5.1 lentelés tegsinys

PoZymis ‘ Vidurkis ‘ Std ‘ Min. 25 proc. | 50 proc. | 75 proc. | Maks.
ST tiriamujy grupé (n =39)

ATvvia —0,03522 | 0,135296 | 0,258 | —0,1464 | —-0,0467 | 0,0747 0,2417
ATvmaks | —0,00758 | 0,104813 | —0,3792 | —0,0516 0 0,0491 0,2964
ATb.via -0,00811 | 0,180142 | -0,3971 | —0,1404 | —0,0316 | 0,11375 | 0,3818
ATbmaks | 0,019569 | 0,12395 | —0,2596 | —0,0255 0 0,0549 0,3896
ADEYV, 0,039551 | 0,027541 | 0,0021 | 0,01855 | 0,0356 0,053 0,1369
ADEV} 0,027264 | 0,035208 | 0,000367 | 0,00545 | 0,0124 0,029 0,1515
ny 0,051282 | 0,223456 0 0 0 0 1

np 0 0 0 0 0 0 0
UP tiriamujy grupé (n = 28)

AT\vvia 0,07933 | 0,27262 | —0,3267 | —0,10295 | 0,03745 0,22 0,742
AT\ maks —0,0192 | 0,264428 | —0,6443 | —-0,13415| -0,016 | 0,13285 | 0,7034
ATb.via 0,03946 | 0,35519 | —0,7533 | —0,18013 | 0,05205 | 0,2255 0,8143
AT maks 0,18399 | 0,53974 | —-0,9531 | -0,11648 | 0,2028 | 0,423725| 1,3652
ADEYV, 0,11901 | 0,32373 | 0,0023 | 0,01975 | 0,0514 |0,092625| 1,7508
ADEV} 0,12965 | 0,10798 | 0,0105 | 0,052825| 0,10475 | 0,186675 | 0,4213
ny 4,42857 | 21,2034 0 0 0 0 112
np 21,1071 | 44,1976 0 0 0 26,25 212
NP tiriamujy grupé (n =27)

AT\vvia 0,062107 | 0,303831 | —0,8983 | —0,0828 | 0,0243 | 0,23075 | 0,7816
AT\ maks 0,040811 | 0,263094 | —0,5054 | —0,1203 0 0,2025 0,5669
ATb.via 0,065111 | 0,558457 | —0,6759 | —0,3433 | 0,0076 | 0,30825 | 1,9834
ATbmaks | 0,024315 | 0,680047 | —1,7773 | —0,3011 | 0,0216 0,4237 1,4516
ADEYV, 0,040074 | 0,03147 | 0,0066 | 0,01945 | 0,0352 0,0437 0,1192
ADEV} 0,123878 | 0,117843 | 0,0054 0,0434 0,0878 0,1744 0,4896
ny 2,111111 | 7,95339 0 0 0 0 41
np 41,37037 | 78,01388 0 0 0 27 257
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3.2.5.1 lentelés tegsinys

Pozymis | Vidurkis | Std | Min.
UP / NP tiriamuyjy grupé (n = 55)

ATwia | 0,07088 | 0,285804 | —0,8983 | —0,0887 | 0,0252 | 02214 | 0,7816
ATumass | 0,010253 | 0,26307 | —0,6443 | —0,1356 | —0,0108 | 0,15145 | 0,7034
ATpvia | 0,052053 | 0,461965 | -0,7533 | 0,226 | 0,0089 | 02255 | 19834
ATomats | 0,105607 | 0,612224 | —1,7773 | —0,2554 | 0,1676 | 043055 | 14516
ADEV, | 0,08026 | 0,233375| 0,0023 | 0,01945 | 0,0371 | 0,0738 | 1,7508
ADEV, | 0,126816 | 0,111915 | 0,0054 | 0,0473 | 0,094 | 0,1817 | 0,4896
n 3,290909 | 16,01929 | 0 0 0 0 112
m 31,05455 | 63,33726| 0 0 0 26,5 257

25 proc. | 50 proc. | 75 proc. | Maks.

n — imties dydis, Std — standartinis nuokrypis, Min. — maziausia reik§Sme, 25 proc. — pirmasis
kvartilis, 50 proc. — medianiné reik§mé, 75 proc. — traciasis kvartilis, Maks. — didziausia
reikSme, AT via it ATp.via— vidutiniy temperatiiry skirtumas tarp desings ir kairés, atitinkamai
veido ir burnos ertmés, pusiy, ATvmaks it AThmaks — maksimaliy temperatiiry skirtumas tarp
desinés ir kairés, atitinkamai veido ir burnos ertmes, pusiy, zvir n,— pikseliy skaicius termo-
grafinio vaizdo desingje (kairéje), atitinkamai veido ir burnos ertmés, kuriy temperatiira yra
0,4 laipsniu aukstesné uz maksimalig tempeteratiirg prieSingoje veido / burnos ertmés puséje,
ADEYV, ir ADEV), — absoliu¢iy temperatiiros nuokrypiy skirtumas tarp visy pikseliy, priklau-
sanciy deSinigjai ir kairigjai, atitinkamai veido ir burnos ertmés, pusei.

Siekiant jvertinti tirlamyjy poZymiy pasiskirstymo ypatumus tarp grupiy
be patologijos (ST) ir su patologijomis (UP / NP), duomenys buvo sunorma-
lizuoti dé¢l didesnés UP /NP grupés imties, kad biity uZtikrintas rezultaty
palyginamumas.

Atlikus palyginamaja analize paaisk¢jo, kad ST grupéje pozymiy reiks-
meés yra labiau koncentruotos aplink nulj, o UP / NP grupé¢je pasiskirstymas
yra platesnis. 3.2.5.1 pav. pateiktos normaliojo pasiskirstymo kreivés, apskai-
¢iuotos remiantis sunormalizuotais duomenimis dviem pasirinktiems pozy-
miams, ATyvig it ATp.vid.
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3.2.5.1 pav. Pagal normalizuotus duomenis apskaiciuotos

ST ir UP / NP grupiy, veido ir burnos ertmés vidutiniy temperatiiry
pozymiy normaliojo skirstinio kreivés
Pateiktos normaliojo skirstinio kreivés pagal du pozymius ATvvia (A) it ATpvia (B). Kiek-
vienam pozymiui sudaryta normaliojo skirstinio kreive, apskaiciuota pagal normalizuotus
duomenis yra pateikta y aSyje, naudojant x aSies intervalg nuo —1,5 iki 1,5. ST (oranzing)
kreiveé yra siauresné ir aukstesn¢, biidinga normaliam pasiskirstymui. UP / NP (neryskiai
violetiné) kreivé yra vizualiai zemesné ir platesné, rodanti padidéjusia duomeny sklaida bei
galimus nukrypimus nuo normalumo.

Siy pozymiy duomeny pasiskirstymas buvo aproksimuotas taikant skir-
tingas Gauso funkcijas pagal normaliojo skirstinio prielaidg. Aproksimacijos
tikslumas jvertintas remiantis R? koeficientu, kurio reikSmeés parodé¢ labai
gerg pritaikyty modeliy atitikimg eksperimentiniams duomenims. Papildomai
buvo atlikta duomeny aproksimacija remiantis RSS ir RMSE rodikliais, kurie
taip pat parodé gerg pritaikyty kreiviy atitikimg eksperimentiniams duome-
nims (zr. 3.2.5.2 lentele). Lentel¢je pateiktas tiriamyjy grupiy (SS, ST, UP,
NP) duomeny aproksimacijos tikslumo jvertinimas, taikant tris Gauso funkci-
jos modelius: vienguba (1G), dvigubg (2G) ir asimetrinj (Asim). Aproksima-
cijos kokybé vertinta trimis statistiniais rodikliais: RSS (likuc¢iy kvadraty
suma), RMSE (kvadratiné vidutiné paklaida) ir R? (determinacijos koeficien-
tas). Mazesnés RSS ir RMSE bei didesné R? reik§mé rodo geresnj modelio
atitikimg eksperimentiniams duomenims.
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3.2.5.2 lentelé. Duomeny aproksimacijos tikslumo rodikliy palyginimas tarp

grupiy, taikant skirtingas Gauso funkcijas

1G 2G Asim
RSS SS 402,2692715 421,9770381 416,9108004
ST 616,4387768 645,9284031 632,8333431
UP 179,2161333 181,4993716 179,5937378
NP 206,7837393 216,4022529 214,1619483
RMSE |SS 0,969189846 0,030656248 0,492400513
ST 1,186444231 0,0581744 0,791825622
UP 0,646738136 0,556369592 0,632683301
NP 0,851217793 0,516328334 0,616246302
R? SS 0,88461168 0,999884553 0,97021613
ST 0,88202706 0,99971637 0,947453131
UP 0,844993978 0,885285478 0,851657917
NP 0,800539243 0,926611503 0,895459462

SS, ST, UP ir NP — reprezentuoja skirtingus tiriamyjy atvejus (zr. Darbo metodika, 2.3.1 pav.),
RSS - likuciy kvadraty suma; kuo mazesné reik§mé, tuo geresnis modelio atitikimas
duomenims, RMSE - kvadratiné vidutiné paklaida; mazesné reikSmé rodo tikslesne
aproksimacijg, R? — determinacijos koeficientas; 1G — vienguba Gauso funkcija, 2G — dviejy
Gausy funkcijy suma, Asim — asimetriné Gauso funkcija. Paryskintas pazyméjimas parodo
geriausig eksperimentiniy duomeny aproksimacija ir leidzia jvertinti, kuris modelis
kiekvienai grupei suteiké tiksliausia atitikima.

3.2.5.3 lentelé pateikta detalesné analizé, atlikta taikant vienos Gauso
funkcijos aproksimacija, kurioje nurodytos kiekvienos kreivés pagrindinés
charakteristikos: maksimali reikSmé (amplitud¢), jo padétis pagal tempera-
tiros asj (maks. vieta), kreivés plotis bei determinacijos koeficientas R2. Sie
rodikliai leidzia jvertinti skirtingy grupiy pasiskirstymy forma, sklaidg ir
nuokrypi nuo simetrijos. Pastebima, kad ST ir SS grupiy duomenys pasizymi
siauresnémis (mazesnio plocio) ir aukstesnémis (didesnés amplitudés) krei-
vémis bei auk$tesnémis R? reik§mémis, rodan¢iomis geresnj atitikima teori-
niam normaliam pasiskirtymui. Tuo tarpu UP ir NP grupése kreivés yra pla-
tesnés, Zemesnes, o atitikimas normalumo prielaidai mazesnis, kas sutampa
su ankstesne vizualine analize ir patvirtina didesnj duomeny iSsibarstyma
Siose grupgje.
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3.2.5.3 lentelé. Duomeny aproksimacijos su normalinio skirstinio kreivémis

Statistiné analizé tarp grupiy, taikant viengubq Gauso funkcijg

Grupés Maks. Maks. vieta | Plotis | Imtis (n) R?
AT vvia SS 9,700929713 | —0,15257323 0,27 29 0,892718748
ST 10,16807086 | —0,10588639 0,38 39 0,892089014
Uup 4,569081033 | —0,03944224 0,55 28 0,872162483
NP 5,478033605 | —0,00676673 0,42 27 0,826070724
UP/NP | 9,973242976 | —0,01719771 0,48 55 0,89799711
ATb.vid SS 7,870725609 | —0,064343501 | 0,33 29 0,879832094
ST 9,164497779 | —0,06840499 0,39 39 0,892031409
Up 3,393118493 | —0,064175755 | 0,75 28 0,631175379
NP 2,321891298 | —0,088283489 | 1,09 27 0,581421505
UP /NP | 5,593478024 | —0,070288805 | 0,89 55 0,79535542
ATvmaks SS 9,683404606 | —0,051169697 | 0,15 29 0,994798713
ST 10,48438935 | —0,066147333 | 0,19 39 0,951725072
Uup 4,739492598 | —0,081466123 | 0,51 28 0,878799456
NP 4,7954186 | —0,065180615 | 0,42 27 0,728213928
UP /NP 9,1730118 | —-0,067855003 0,5 55 0,890344529
ATbmaks | SS 7,626893455 | —0,027573795 | 0,18 29 0,994362055
ST 8,893235744 | —0,039228143 0,2 39 0,897880563
UP 3,506930213 | 0,241537927 0,51 28 0,504624116
NP 2,210430115 | —-0,019207612 | 0,99 27 0,528943467
UP /NP | 4,543646756 | 0,089238746 1,01 55 0,62589206

SS, ST, UP, NP ir UP / NP — reprezentuoja skirtingus tiriamyjy atvejus (zr. Darbo metodika,
2.3.1 pav.), ATvvia — vidutiniy temperattiry skirtumas tarp deSinés ir kairés veido pusiy,
ATh.via — vidutiniy temperatiiry skirtumas tarp desinés ir kairés burnos ertmeés pusiy, A7v.maks —
maksimaliy temperattiry skirtumas tarp desinés ir kairés veido pusiy, A7b.mas maksimaliy
temperatiiry skirtumas tarp desinés ir kairés burnos ertmés pusiy, Maks. — didziausia Gauso
funkcijos reikSme (kreivés amplitud¢), Maks. vieta — temperatiira, ties kuria pasiekiama
maksimali kreivés reik§mé, plotis — Gauso kreivés plotis, nusakantis reikSmiy sklaidg aplink
maksimumg, Imtis — atvejy skai¢ius (n), R? — determinacijos koeficientas, rodantis modelio
atitikimg eksperimentiniams duomenims (R? = 1 reiskia idealy atitikima).

Tarpgrupinis pasirinkty temperatiiriniy poZymiy palyginimas leidzia
jvertinti duomeny sklaida, ekstremalias vertes bei jy pasiskirstyma. [Zvelgia-
mi kai kurie esminiai skirtumai tarp grupiy tiek centriniy tendencijy, tiek duo-
meny sklaidos atzvilgiu. Statistiné analizé, atlikta vienkrypte dispersine
analize (ANOVA), parodé statistiSkai reikSmingus skirtumus tarp penkiy
tiriamyjy grupiy ATvvia , np it ADEV), pozymiy atzvilgiu (zr. 3.2.5.4 lentele).
Kity penkiy vertinty poZymiy atveju reikSmingy skirtumy nenustatyta (Zr.
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3.2.5.4 lentele). Siuos rezultatus vizualiai pagrindzia ir sta¢iakampés diagra-
mos (angl. boxplof) analizé (3.2.5.2-3.2.5.4 pav.), rodanti, kad aukstesnés
ATyvia, np it ADEV) pozymiy reikSmeés biidingos patologinéms pacienty
grupéms, o zemesnés — SS ir ST grupéms. Diagrama leidzia vizualiai jvertinti
tarpgrupinius skirtumus bei pozymio centralizacijos ir dispersijos pobiid;.
Stebimi statistiSkai reikSmingi skirtumai tarp patologiniy ir sveiky tiriamyjy
grupiy (3.2.5.5 lentelé ir 3 priedas).

3.2.5.4 lentelé. Temperatiriniy poZymiy statistinis reikSmingumas ir efekto
dydis tarp tiriamyjy grupiy

PoZymis P Reik§mingumas | Efekto dydis (n?) | n? interpretacija
ADEV), 3,75E-10 +++ 0,249444 +++
np 0,001327 ++ 0,09745 ++
ATvvid 0,031457 + 0,0591 +
ADEYV, 0,316213 - 0,026815 +
ny 0,517197 - 0,018495 +
AT maks 0,57266 - 0,016597 +
ATvmaks 0,854929 - 0,007659 -
ATbvid 0,891163 - 0,006413 -

Lentel¢je pateikti temperatiiriniai pozymiai jvertinti dviem aspektais: remiantis p verte, ir
efekto dydziu (n?). Statistinio reikSmingumo zZyméjimo simboliai: (+++) labai reikSmingas
skirtumas (p <0,001), (++) reikSmingas (0,001 <p<0,01), (+) silpnai reikSmingas
(0,01 £p <0,05), (—) nereikSmingas skirtumas (p > 0,05). Efekto dydzio vertinimo simboliai:
(+++) didelis poveikis (n?>0,14), (++) vidutinis poveikis (0,06 <n?<0,14), (+) maZzas
poveikis (0,01 <n?<0,06), (-) nereikSmingas poveikis (> < 0,01).
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3.2.5.2 pav. Staciakampés diagramos pateikiancios visy tiriamyjy grupiy
AT,via poZymio reikSmés pasiskirstymg grupése

Vertikalioji asis — ATvvia pozymio reikSmeé, horizontali aSis — tiriamyjy grupés, rombai —
nutolusios reik§més, horizontalios linijos rodo *p < 0,05, **p <0,01.
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3.2.5.3 pav. Staciakampés diagramos pateikiancios visy tiriamyjy grupiy
np pozymio reikSmés pasiskirstymg grupése

Vertikalioji asis — n» pozymio reik§Sme, horizontali aSis — tiriamyjy grupés, rombai —
nutolusios reikSmes, horizontalios linijos rodo ***p < 0,001.
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3.2.5.4 pav. Staciakampés diagramos pateikiancios visy tiriamyjy grupiy
ADEV), pozymio reiksmés pasiskirstymq grupése

Vertikalioji aSis — ADEV, pozymio reikSme, horizontali aSis — tiriamyjy grupés, rombai —
nutolusios reik§mes, horizontalios linijos rodo ***p < 0,001.

3.2.5.5 lentelé. Temperaturiniy pozymiy palyginimas tarp ST ir UP / NP grupiy:
medianos, sklaidos (IQR) ir statistinis reikSmingumas

Pozymis | ST mediana | STIQR | UP/NP mediana | UP/NPIQR P
ATvvid 0,047 0,221 0,025 0,310 0,024
ATbvid 0,032 0,254 0,009 0,451 0,830
ADEYV, 0,036 0,034 0,037 0,054 0,473
ADEV) 0,012 0,024 0,094 0,134 0,000
ny 0,000 0,000 0,000 0,000 0,191
np 0,000 0,000 0,000 26,500 0,000
ATvmaks 0,000 0,101 —-0.011 0,287 0,969
ATb.maks 0,000 0,080 0,168 0,686 0,144

Pateiktos ST ir UP / NP grupiy temperatiiriniy poZymiy medianos, IQR (interkvartilinis réZis,
parodantis reikSmiy sklaidg tarp 25 proc. ir 75 proc. kvartiliy) ir p reikSmés (Mann—Whitney
U testas). ReikSmingi skirtumai (p <0,05) nustatyti pozymiams ATvvia, ADEV ir no,
rodanciais jy diagnostinj potenciala.
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Papildomai atlikta koreliaciné analizé, pateikta Siluminiame zemélapyje
(3.2.5.5 pav.), atskleidé¢ temperatiiriniy pozymiy tarpusavio rySius ST ir
UP / NP grupése.

— 1,0
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3.2.5.5 pav. Pearson koreliacijos koeficiento Siluminis Zzemélapis

Pearson koreliacijos koeficiento (r) Siluminis Zemélapis, vaizduojantis temperatiriniy poZzy-
miy tarpusavio rySius ST ir UP /NP grupése. Kiekvienoje langelio sankirtoje nurodyta r
reik§me, kuri parodo koreliacijos stiprumg ir kryptj tarp dviejy pozymiy: reikSmeés artimos
+1 Zymi stipria teigiama koreliacija, artimos —1 stiprig neigiama, o reikSmés arti 0 nurodo
ry$io nebuvima. Spalvy intensyvumas atspindi koreliacijos stiprumg: tamsesnés spalvos
reiskia stipresnius rySius. Pastaba: UP / NP grupéje dominuoja stiprios teigiamos koreliacijos,
o ST grupéje silpnesni ar neigiami rySiai.

UP / NP grupé¢je nustatytos stiprios teigiamos koreliacijos tarp pozymiy
ATb.vid, ATp.maks it ADEV) (r > 0,73), taip pat tarp np it ADEV) (r = 0,79),
rodancios glaudy jy tarpusavio rysj. ST grupéje koreliaciniai rySiai buvo silp-
nesni arba neigiami, pavyzdziui, tarp ATvvia it ADEV, nustatyta reikSminga
neigiama koreliacija (r = —0,62). Sie rezultatai leidZia daryti prielaida, kad
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patologinése grupése pozymiai yra ne tik aukStesni pagal reikSmes, bet ir
labiau susij¢ tarpusavyje, o tai gali biti aktualu sudarant pozymiy rinkinius
diagnostiniams ar prognozavimo modeliams. Atlikta statistin¢ analiz¢ leido
jvertinti, kurie i§ naudoty temperattiriniy pozymiy pasiZymi ryskesniu dife-
renciaciniu potencialu, analizuojant jy reikSmes tarp skirtingy tiriamyjy
grupiy. Stebétos tendencijos rodo, kad dalis pozymiy nuosekliai atskiria
sveikus ir patologinius atvejus, o jy tarpusavio sgveikos bei sklaidos pobiudis
patvirtina jy informatyvuma. Siy duomeny statistiné analizé buvo atlikta
siekiant geriau suprasti klasterizavimui atrinkty aStuoniy temperatiiriniy
pozymiy pasiskirstyma tarp grupiy ir jvertinti jy potencialy informatyvuma.

3.3. Termovaizdy klasterizavimas naudojant DI

Remiantis suformuotais astuoniais pozymiy vektoriais (3.3.1 lentel¢),
pagal 46 pacienty termografiniy vaizdy duomenis, buvo suformuotos dvi
grupés: sveiky tiriamyjy arba pacienty be navikinés patologijos (ST grupe,
n=23), kuriems KT tyrimu nenustatyta navikinés kilmeés patologija ir
pacienty, kuriems KT tyrimu nustatyta navikinés kilmés patologija VBZ
srityje (NP grupé, n =23) [18].

3.3.1 lentelé. Suformuoty pozymiy vektoriy reiksmés ST ir NP grupiy tiria-
miesiems

Grupé A(OT o A{:g;’“ n | ADEV, A(OT o A(T:é")“’“ ns | ADEV)
ST 0,14 + 0,15+ 0,086+ 0,117+ | 0,16 £ 0,22+ 10,304+ 0,063 +
(n=23) | 0,037 0,038 0,07 0,128 0,032 0,036 0,19 0,015
NP 0,23 + 0,22 + 248+ | 0,041 £ | 0,46+ 0,56+ |48,57+| 0,139+
(n=23) | 0,087* 0,062 21,85 0,012 0,0143 0,169 22,6% 0,043*

ST — sveiki tiriamieji, NP — tiriamieji su navikine patologija, ATvvia it ATp.via — vidutiniy
temperatiiry skirtumas tarp deSinés ir kairés, atitinkamai veido ir burnos ertmes, pusiy,
ATvmaks it ATb.maks — maksimaliy temperattry skirtumas tarp deSinés ir kairés, atitinkamai
veido ir burnos ertmés, pusiy, ny ir n» — pikseliy skaiCius termografinio vaizdo deSingje
(kair¢je), atitinkamai veido ir burnos ertmes, kuriy temperatiira yra 0,4 laipsniu aukstesné uz
maksimalig temperatiirg prieSingoje veido / burnos ertmés pus¢je, ADEV, ir ADEV), — abso-
liu¢iy temperattiros nuokrypiy skirtumas tarp visy pikseliy, priklausanciy desiniajai ir kairia-
jai, atitinkamai veido ir burnos ertmes, pusei. Vidurkiai + SD, *p < 0,05.
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Svarbu paminéti, kad Sio tyrimo etapo metu atrankos kriterijumi pasi-
rinkus temperatiros asimetrija didesne nei 0,4 °C [14, 15], pacienty grupéje
be navikinés patologijos gal¢jo biti jtraukti ir pavieniai pacientai su mazais
uzdegiminges kilmés pakitimais.

ISanalizavus 46 pacienty TV [18], algoritmo apmokymui atsitiktinai pa-
rinkti 24 pacienty veido ir burnos ertmeés TV: 12 tiriamyjy TV, neturinCiy
jokios patologijos ir 12 tiriamyjy TV, kuriuose pagal KT nustatyta navikiné
patologija. Mokymo ir testavimo rinkiniy padalijimo procediira buvo karto-
jama 12 karty, kas leido jvertinti modelio geb¢jimg prisitaikyti prie jvairiy
duomeny.

Antrame tyrimo etape, | IRST tyrimus jtraukus sveikus savanorius (SS
grupé, n = 29), pagal visy istirty 94 pacienty TV duomenis, buvo naujai
suformuotos dvi tiriamyjy grupés. Viena grupé — papildyta sveiky tiriamyjy,
SS / ST grupée (n = 39), toliau jvardijama kaip ST grupé, kuriems KT ar MRT
tyrimas neparode¢ jokiy reikSmingy struktiiriniy ar uzdegiminiy poky¢iy. Kita
grupé — pacienty su misriais patologiniais poky¢iais, NP / UP grupé (n = 55),
kuriems nustatyta navikiné ar uzdegiminés kilmés patologija VBZ srityje.
Sioms grupéms suformuoti pozymiy vektoriai pateikiami 3.3.2 lenteléje.

3.3.2 lentelé. Suformuoty pozymiy vektoriy reiksmés ST ir NP/ UP grupiy
tiriamiesiems

o AT, v.vid AT, v.maks AT, b.vid AT, b.maks
Grupé ©C) ©C) ny ADEV, ©C) ©C) np ADEV
ST 0,12+ | 0,062+ | 0,086+ | 0,04+ | 0,14+ | 0,075+ | 0,11+ | 0,027

(n=39) | 0,037 0,038 0,07 0,012 | 0,032 0,036 0,06 0,015

NP/UP | 021+ | 0,193+ 3,17+ | 0,08+ | 034+ | 0,46+ | 29,6+ | 0,123+
(n=55) | 0,087* | 0,062 | 1,85 | 0,012 | 0,143 | 0,169 | 19,3* | 0,043*

ST — sveiki tiriamieji, NP / UP — tiriamieji su misria patologija, ATvvia it ATb.via— vidutiniy
temperatiiry skirtumas tarp deSinés ir kairés, atitinkamai veido ir burnos ertmes, pusiy,
ATvmaks it ATb.maks — maksimaliy temperattry skirtumas tarp deSinés ir kairés, atitinkamai
veido ir burnos ertmés, pusiy, nv ir n» — pikseliy skaiCius termografinio vaizdo deSingje
(kair¢je), atitinkamai veido ir burnos ertmes, kuriy temperatiira yra 0,4 laipsniu aukstesné uz
maksimalig tempeteratiirg prieSingoje veido / burnos ertmés pus¢je, ADEV, ir ADEV), — abso-
liu¢iy temperattiros nuokrypiy skirtumas tarp visy pikseliy, priklausanciy desiniajai ir kairia-
jai, atitinkamai veido ir burnos ertmes, pusei. Vidurkiai + SD, * p <0,05.

ISanalizavus 94 pacienty TV duomenis, algoritmo apmokymui atsitikti-
nai parinkti 48 pacienty VBZ srities TV: i3 jy 24 TV tiriamyjy , neturiniy
jokios patologijos, ir 24 TV tiriamyjy, kuriems KT tyrimu nustatyta patolo-
gija. Mokymo ir testavimo rinkiniy padalijimo procediira buvo kartojama 24
kartus, kas leido jvertinti modelio geb¢jima prisitaikyti prie jvairiy duomeny.
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3.4. kNN metodo patikimumo BVZ srities
diagnostikoje vertinimas

Siekiant jvertinti pasirinkto ANN klasterizacijos modelio veikimo tikslu-
ma ir klaidingy grupavimy daznj, buvo suformuota maisaties matrica ir ap-
skai¢iuotos tikslumo, jautrumo ir specifiskumo reikSmeés. Atpazinimo tikslu-
mas buvo vertinamas pagal teisingai identifikuoty TV skaiciy, lyginant su
bendru gauty duomeny kiekiu. Suformuotos maisaties matricos patikrinimui
buvo atlikta imties veikimo charakteristiky analizé (ROC).

Pirmojo etapo metu [18], vertinant kaip algoritmas geba atpazinti pacien-
ty TV su navikine patologija, tyrimo rezultatai parod¢ 94,1 proc. klasteri-
zavimo tiksluma (AUC = 0,8769), su 77,9 proc. jautrumu ir 94,9 proc.
specifisSkumu.

3.4.1 pav. pateikta ROC kreive, atspindinti neparametrinj jautrumo ir
specifiSkumo santykj visame verc¢iy diapazone. Rezultatai parodé¢, kad mode-
lis pasizymi geru diagnostiniu efektyvumu, kadangi apskaiciuotas plotas po
ROC kreive yra tarp 0,8 ir 0,9. Tai reiSkia, kad pagal §j apskaiciuota plota,
atsitiktinai parinkus vieno paciento su navikine patologija duomenis ir vieno
tirlamojo duomenis be tokios patologijos, modelis teisingai priskirs aukStesne
rizika pacientui, turin¢iam patologija, mazdaug 88 proc. atvejy. Toks rezulta-
tas rodo pakankamai auksta diagnostinj tiksluma, ypac turint omenyje, kad
jautrumas sieké 77,9 proc., o specifiSkumas — net 94,9 proc. Taigi, tyrimo
pirmojo etapo metu gauti rezultatai atskleidé¢, kad adaptuotas kNN klasteriza-
cijos algoritmas leido patikimai suskirstyti pacientus i sveiky ir navikiniy
patologiniy atvejy grupes [18].
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3.4.1 pav. Tiriamyjy grupés su navikine patologija imties veikimo
charakteristiky analizés (ROC) kreivé
Punktyriné linija Zymi, kai x = y. Apskaiciuotas plotas po ROC kreive AUC sieke 0,8769.

AUC reikSme tarp 0,8 ir 0,9 interpretuojama kaip ,labai geras® klasifikacinis gebéjimas
patikimai atskirti pacientus su patologiniais poky¢iais nuo sveiky asmeny [129-131].

Antrojo etapo metu, vertinant kaip adaptuotas algoritmas geba atpaZzinti
pacienty su visomis patologijomis atvejy (navikinés ir uzdegiminés kilmeés)
TV duomenis, tyrimo rezultatai parodé 90,63 proc. klasterizavimo tiksluma
(AUC = 0,8927), su 98,25 proc. jautrumu ir 92,31 proc. specifiskumu.

3.4.2 pav. pateikta miSrios patologinés grupés (NP /UP grup¢) imties
veikimo charakteristiky analizés (ROC) kreivé.
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3.4.2 pav. Tiriamyjy grupés su skirtingomis patologijomis imties
veikimo charakteristiky analizés (ROC) kreivé

Apskaiciuotas plotas po ROC kreive AUC sieke 0,8927. AUC reikSmé tarp 0,8 ir 0,9
interpretuojama kaip ,,labai geras* klasifikacinis geb¢jimas patikimai atskirti pacientus su
patologiniais poky¢iais nuo sveiky asmeny [129-131].

Apskaiciuotas plotas po ROC kreive (AUC) 0,8927 rodo labai gera
modelio diagnostinj tiksluma. Siuo atveju, atsitiktinai parinkus viena teigia-
ma ir vieng neigiama atvejj, modelis teisingai identifikuos jy klas¢ daugiau
nei 89 proc. atvejy. Itin aukstas jautrumas (98,25 proc.) rodo, kad modelis
beveik visais atvejais teisingai atpazjsta patologija turinCius pacientus, o
aukstas specifiSkumas (92,31 proc.) reiSkia, kad sveiki asmenys taip pat daz-
niausiai klasifikuojami teisingai.
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4. REZULTATU APTARIMAS

Tiksli ir ankstyva burnos, veido ir zandikauliy (BVZ) srities naviky diag-
nostika apsunkinama deél sudétingos anatomijos ir daznai netipinés bei klinis-
kai menkai isreikstos simptomatikos. Siuo metu néra greity, neinvaziniy ir
kliniskai patikimy metody, leidZianc¢iy laiku identifikuoti Siuos pakitimus ir
inicijuoti tinkamg gydyma.

Disertaciniame darbe, siekéme surasti naujus technologinius sprendimus
BVZ srities navikiniy patologijy ankstyvam nustatymui. Tuo tikslu, buvo
jvertintas infraraudonyjy spinduliy termografijos (IRST) diagnostinio poten-
cialo pritaikomumas klinikiniuose tyrimuose patologiniy dariniy aptikimui
pacienty BVZ srityje, rezultatus validuojant KT / MRT tyrimy duomenimis.
Siame tyrime pirma kartg atliktas kompleksinis BVZ srities dlagnos‘ukos
metody palyginimas, kuriame IRST duomenys buvo susieti su KT ir MRT
tyrimy rezultatais, parodant, kad termogramose nustatytos temperatiiros asi-
metrijos zonos sutapo su radiologiskai identifikuotomis naviky lokalizaci-
jomis [14]
simptomais, taciau neatlickamas vaizdinis objektyvus palyginimas su aukso
standarto tyrimais [16, 21]. Atliktame tyrime, automatiniam BVZ srities pato-
logijy aptikimui buvo pritaikytas ANN klasterizatorius ir jvertintas jo poten-
cialas navikiniy patologijy atpazinimui [18]. Pademonstravome, kad, remian-
tis KT / MRT ir histologinio tyrimo rezultatais, apmokytas kNN algoritmas,
analizuodamas specialiai parinktus astuonis temperattrinius poZymius, gali
patikimai atpaZinti navikines patologijas pacienty BVZ srityje ir suskirstyti
jvesties duomenis | sveiky ir navikiniy patologijy atvejy grupes. Tyrimo
rezultatai parodé 94,1 proc. klasterizavimo tikslumg (AUC = 0,8769), su
77,9 proc. jautrumu ir 94,9 proc. specifiskumu. Tai rodo, kad ANN klasteriza-
torius kartu su IRST technologija gali buti veiksminga neinvaziné priemoné
BVZ srities naviky aptikimui. Be to, §iame tyrime kNN algoritmas buvo ne
tik pritaikytas, bet ir specialiai optimizuotas BVZ srities patologiniy biikliy
identifikavimui, remiantis tikslingai atrinktais temperatiriniais poZymiais,
kas leidzia kalbéti apie tikslinj, diagnostikai pritaikyta modelj, o ne bendro
pobtidzio DI taikyma. Kity autoriy darbuose ANN dazniausiai naudotas kaip
vienas i§ keliy lyginamyjy algoritmy Salia SVM ar CNN, taciau daznai be
aiSkios pozymiy atrankos strategijos ar pritaikymo konkrecioms anatominiy
sri¢iy patologijoms [4].

Tyrimas parodé¢, kad ANN klasterizavimo algoritmas geba aptikti tempe-
ratiirinius pokyéius, budingus tiek navikings, tiek uzdegiminés kilmés BVZ
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srities patologijoms, patvirtindamas, jog temperatiiriné asimetrija néra speci-
finis vien navikinés kilmés pazeidimy pozymis, ji gali pasireiksti ir esant
uzdegimines kilmés patologijai. Todé¢l savo tyrimuose taip pat siekta j ANN
klasterizavimo algoritma jtraukti papildoma tiriamyjy grupe su uzdegiminés
kilmés patologijomis ir duomenis suskirstyti i tris atskiras grupes: sveiky
tiriamyjy, pacienty su navikinés kilmés ir pacienty su uzdegiminés kilmés
patologija. Visgi rezultaty analiz¢ parodé, kad abiejy grupiy su patologiniais
pozymiais, navikes ir uzdegiminés kilmés, duomeny rinkiniai nebuvo reiks-
mingai skirtingi (p > 0,05), kas rodo, jog jy temperatiiriniai poZymiai gali bti
panasis. D¢l Sios priezasties kNN klasterizavimo metodo taikymas, pasiren-
kant tris klasterius, kai tiriamyjy imtis grupése néra didele, nebiity tikslingas.
Tode¢l, atlikdami iSsamy istirty visy 94 pacienty duomeny vertinima, nuspres-
ta taikyti ANN binarinj klasterizavimo metoda, grupuojant visus duomenis ]
dvi atskiras grupes: sveikus (jtraukiant sveikus savanorius) ir misrius patolo-
ginius atvejus (apimant tiek navikines, tiek uzdegiminés kilmés patologijas).
Antrosios klasterizacijos rezultatai parode 90,63 proc. tikslumg (AUC =
0,8927), su 98,25 proc. jautrumu ir 92,31 proc. specifiskumu. Siuo atveju,
adaptuoto klasterizavimo algoritmo tikslumas sumazg¢jo, palyginti su tikslu-
mu, gautu nustatant tik navikinés kilmés patologija atvejus. Vis délto, padi-
déjes jautrumo rodiklis Iémé ROC kreivés ploto padidéjima iki 0,89. Tai rodo,
kad modelis pasizymi geru bendru diagnostiniu tikslumu ir geba veiksmingai
aptikti patologijas, nors tam tikra klaidy tikimybé vis dar islieka. Be to, jtrau-
kus papildoma sveiky savanoriy grupe, pasizymin¢ig minimaliu temperati-
riniu kintamumu, sumaz¢jo poZymiy, tokiy kaip n,, ns, ADEV,, ADEV}, jtaka
klasterizavimui. Kadangi ANN modelis vertina ne pavienius poZymius, 0 visg
pozymiy rinkinj, sumazgj¢s sveikos grupés duomeny dispersiSkumas galéjo
sukurti glaudZzius tasky klasterius, kurie klasterizacinéje erdvéje tampa sun-
kiau atskiriami nuo kai kuriy patologiniy atvejy. Tai, tikétina, prisidéjo prie
bendro klasterizatoriaus tikslumo sumazgjimo, o rezultatai pabrézia, kad
papildomos grupés jtraukimas ir pozymiy pasiskirstymo analizé yra svarbis
modelio optimizavimui. Nepaisant papildomy sveiky ir uzdegiminés kilmes
patologijos atvejy jtraukimo, modelis iSlaiké gerus klasterizavimo parametrus,
patvirtinancius jo diagnostinj patikimuma.

Statistiniy rodikliy analizé leido identifikuoti pozymius, pasiZymincius
didesniu diferenciaciniu jautrumu tarp tiriamyjy grupiy, kas liudija apie jy
potencialy informatyvumga vertinant fiziologinius ir patologinius skirtumus.
ReikSmingiausiu skirtumu tarp tiriamyjy grupiy i8siskyré AT.via, np it ADEV},
pozymiai. Siy pozymiy reikimés ST grupéje buvo aiskiai neigiamos, o UP /
NP grupéje yra teigiamos, rodancios nuosekly ir kryptinga pokytj tarp sveiky
ir patologiniy biikliy. Tokia aiski diferenciacija rodo, kad A7%.via, n» it ADEV
turi didelj potencialg veikti kaip Siluminiai biomarkeriai, skirti bukliy
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atskyrimui. Be to, koreliaciné analizé parodé, kad patologinése grupése (UP
ir NP) Sie poZymiai pasizymi glaudziais tarpusavio rySiais, tarp ATb.vid,
ATp.maks it ADEV), nustatytos stiprios teigiamos koreliacijos (r > 0,73), o tarp
ny it ADEV), koreliacijos koeficientas sieké net r = 0,79, rodydamas tvirtg
pozymiy saveika patologijos salygomis. PrieSingai, sveiky asmeny grupése
(ypac ST) Sie rysiai buvo silpni, fragmentiSki arba neigiami, pavyzdziui, tarp
AT.via it ADEV, ST grupéje fiksuota neigiama koreliacija (r = —0,62), o kiti
tarpusavio rysiai nesieké statistinio reikSmingumo ar buvo artimi nuliui. Tai
rodo, kad butent patologinés biiklés sukuria stipresnj ir nuoseklesn;j tarpusa-
vio ry$iy tinkla tarp temperatiriniy pozymiy, o sveiky individy grupése Siy
pozymiy elgsena yra labiau nepriklausoma, kas gali biiti susije su fiziologiniu
homeostazés palaikymu. Tai dar labiau sustiprina $iy pozymiy diagnostinj
pagristuma, ne tik kaip atskiry rodikliy, bet ir kaip tarpusavyje susijusio pozy-
miy rinkinio, biidingo patologinéms bikléms. Vadovaujantis biomarkeriy
vertinimo principais, jautrumu, specifiSkumu ir praktiniu pritaikomumu [132,
133], AT.via, np it ADEV, atitinka esminius reikalavimus. Atsizvelgiant | jy
neinvazyvumga, matavimo objektyvumg ir stabily pasireiSkimg tarp skirtingy
grupiy, Sie poZymiai gali buiti svarstomi kaip galimi kandidatai ankstyvosios
diagnostikos ar atrankos vertinimo modeliuose [134]. Svarbu pazyméti, kad
literatiiroje nebuvo rasta analogisky tyrimy, kuriuose biity taikytas komplek-
sinis metodinis pozilris, apjungiantis IRST, pozymiy atrankg ir optimizuoto
kNN klasterizatoriaus apmokyma, o diagnostinio metodo patikimumas
patvirtintas naudojant objektyvius KT / MRT tyrimy duomenis. Sie rezultatai
sudaro prielaida tolesnei duomeny analizés plétrai taikant masininio moky-
mosi metodus, kuriy tikslas kompleksiskai jvertinti poZymiy visumos struktii-
rg ir modeliuoti pozymiais grista grupiy diferenciacija duomeny erdveje.
Atsizvelgiant j klasterizavimo modelio jautrumg temperatiiriniy poZymiy
pokyc¢iams ir siekiant uztikrinti optimaly grupiy atskyrimg, buvo biitina
nustatyti tinkama temperatiiros skirtumo ribg. Remiantis miisy ir kity autoriy
publikuotais duomenimis [14, 15, 18], klasterizavimo procese temperatiiros
skirtumo (A7) reikSmé buvo nustatyta kaip 0,4 °C. Toks pasirinkimas leido
pasiekti subalansuota jautrumo ir specifiSkumo santyki, sumazinant tiek
klaidingai teigiamy, tiek klaidingai neigiamy atvejy skai¢iy. Vis délto, AT yra
reguliuojamas modelio parametras, kurio reikSmé gali biiti koreguojama
pagal situacija. Pavyzdziui, pasirinkus mazesne AT reikSme (pvz., 0,2 °C),
modelio jautrumas padidéja, taciau kartu did¢ja klaidingai teigiamy atvejy
skaicius. Tai ypac¢ aktualu onkologinéje diagnostikoje, kur klaidingai neigia-
mas rezultatas, t. y., nepastebéta ar klaidingai priskirta patologija, gali turéti
labai rimty pasekmiy, iskaitant pavéluota diagnoze ir blogesne ligos prognoze.
Tokiais atvejais siekiama sumazinti klaidingai neigiamy rezultaty rizikg net
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ir tuo atveju, jei padid¢ja klaidingai teigiamy atvejy skaicius. Kadangi klai-
dingai teigiami rezultatai dazniausiai lemia tik papildomg iStyrima, jie yra
maziau pavojingi nei nepastebéta onkologing liga. Todel AT reikSmés parin-
kimas turi buti vertinamas kompleksiskai, bei atsizvelgiant i kliniking situa-
cija, bei galimas diagnostiniy klaidy pasekmes.

Siame tyrime, automatiniam tiriamyjy suskirstymui j grupes pasirinktas
kNN algoritmas, nes jis yra greitas, tikslus ir placiai naudojamas MM meto-
das. Jis iSsiskiria paprastumu ir efektyvumu, ypa¢ dirbant su mazesnémis
duomeny imtimis, tod¢l tampa vertingu jrankiu medicininéje diagnostikoje
[77]. Be to, ANN yra neparametrinis metodas, todé¢l jam nereikia i§ anksto
numatyti duomeny pasiskirstymo. Tai leidzia algoritmui prisitaikyti prie
sudétingy ir netaisyklingy medicininiy duomeny struktiiry, kurios daznai
pasitaiko klinikiniuose tyrimuose. Vis délto, ANN klasterizavimo metodo
taikymas BVZ srities patologijy aptikimui susiduria ir su tam tikrais i§§tkiais.
parinkimas, nes klasterizavimo tikslumas tiesiogiai priklauso nuo to, kokie
duomeny pozymiai yra parenkami ir naudojami analizei. Be to, ANN algo-
ritmas lygina kiekvieng testinj pavyzdj su visais mokymo duomenimis, todél,
esant dideléms duomeny bazéms, jo veikimas gali sulététi ir pareikalauti
dideliy skaic¢iavimo iStekliy. Galiausiai, tinkamo kaimyny skaiciaus k pasirin-
kimas yra labai svarbus, nes jis daro tiesioging jtaka klasterizavimo tikslumui.
Per mazas k gali lemti modelio jautruma triukSmui (per didelé dispersija), o
per didelis k gali prastinti gebé&jimg atskirti duomeny klases (per didelis
SalisSkumas), todé¢l biitina rasti optimaly balansg tarp Siy veiksniy.

Atliekant literatiiros analize¢, pastebéta, kad tik nedaugelis palyginamyjy
tyrimy nagriné¢jo ANN metodo efektyvumg navikinés kilmés patologijos
aptikimui. Pavyzdziui, tyrimai, skirti smegeny naviky diagnostikai, parode,
kad naudojant ANN algoritma buvo pasiektas 86,58 proc. tikslumas, o tai yra
didesné reikSmé negu tiems patiems duomenims jvertinti taikytas slenksciy
nustatymo metodas (82,64 proc.) [135]. Tuo tarpu kity autoriy atliktuose tyri-
muose taikytas ANN algoritmas dermatologijoje odos vézio klasterizavimui
pasieké jspiidingg 98 proc. tiksluma, kas parodo jo efektyvumag medicininéje
diagnostikoje [136].

Literatiiros duomenimis, be kNN algoritmo, BVZ srities naviky aptiki-
mui buvo naudojami ir kiti MM bei DI metodai, tokie kaip gilusis mokymasis,
ypac konvoliuciniai neuroniniai tinklai (CNN), kurie rodo didelj potencialg
ankstyvoje vézio diagnostikoje ir gali padéti priimti tikslesnius klinikinius
sprendimus ar padéti jvertinti efektyvesnes pacienty priezitiros procediras [9],
taciau tam bitini dideli duomeny masyvai. Taip pat yra tyrimo duomeny,
rodanciy, kad atraminiy vektoriy masininis mokymas (SVMs), atsitiktiniy
misky (RF) metodas ar dirbtiniai neuroniniai tinklai (ANNs) gali pagerinti
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diagnostinj tiksluma BVZ srities chirurgijoje ir pooperacinéje stebésenoje
[137]. Siais tyrimais atskleista, kad pazangiy algoritmy taikymas klinikinéje
praktikoje leidZia Zymiai padidinti BVZ srities naviky atpazinimo tiksluma,
prisidedant prie ankstyvos diagnostikos ir individualizuoty gydymo metody
kiirimo. Tai padeda uztikrinti tikslesng ligos diagnostika, efektyvesnj gydymo
planavimg ir geresnius pacienty gydymo rezultatus, bet turi biiti pakankamai
didelés klinikinés imtys.

Svarbu paminéti, kad moksliniuose tyrimuose nebuvo vertintos IRST
pritaikymo galimybeés, kaip perspektyvaus patikros metodo, ankstyvai burnos
navikinés patologijos atrankai, taipogi néra palyginamyjy tyrimy, kurie biity
validuoti KT / MRT tyrimy duomenimis. Disertaciniame darbe i§ veido ir
burnos ertmés termografiniy vaizdy buvo iSgauti svarbiis temperatiiriniai po-
zymiai. Véliau jie buvo panaudoti apmokinant kNN klasterizatoriy, siekiant
tiksliai atskirti sveikus ir patologinius atvejus. Sis metodas leido veiksmingai
atskirti sveikus asmenis nuo pacienty, turin¢iy navikinés ar uzdegiminés
kilmeés pakitimus [18]. Tuo tarpu, Dong atliktame tyrime [138], naudojant
IRST, buvo pritaikytas patobulintas Gauso atraminiy vektoriy masininis
algoritmas (SVM), siekiant nustatyti kaklo limfmazgiy metastazes. Kiti
mokslininkai naudojo dvisalius tekstiiros poZymius IRST vaizdams ir taiké
k-vidurkiy (angl. k-Means) bei miglotojo k-vidurkiy (angl. fuzzy k-Means)
klasterizacijos metodus, siekiant aptikti navikus burnos srityje [139]. Visi
IRST taikymo BVZ srities naviky aptikimui tyrimai buvo atlikti tik su mazo-
mis imtimis, tod¢l tritkksta didesnés apimties klinikiniy tyrimy, kurie leisty
patvirtinti $io metodo patikimuma ir klinikinj pritaikomuma.

Kaip neinvazinis metodas, IRST turi didelj potenciala BVZ srities naviky
diagnostikoje, nes leidzia anksti aptikti su naviko vystymusi susijusius
temperattiros pokyc€ius ir gali tapti vertingu jrankiu klinikingje praktikoje.
Taciau, kad IRST technologija biity pilnai integruota j kasdien¢ medicinos
praktika, butina atlikti papildomus tyrimus, kurie padéty standartizuoti vaiz-
dy atlikimo protokolus, paSalinti iSoriniy veiksniy jtaka ir patvirtinti metodo
tiksluma bei veiksminguma jvairiose pacienty grupése. Nors IRST rodo
perspektyvias galimybes BVZ srities naviky aptikimui, vis dar ilieka keletas
neistirty ar nepakankamai iSanalizuoty aspekty, tokiy kaip taikomy protokoly
standartizavimas ar naviky aptikimo gylis. Siuo metu dar néra visuotinai
priimto IRST metodo BVZ srities naviky tyrimui atlikti. Salygy kintamumas,
iskaitant aplinkos temperatiira, paciento padétj ir jrangos kalibravima, gali
lemti nevienodus rezultatus. Be to, kadangi IRST fiksuoja tik pavirSinius
temperatiiros pokycius, Sis metodas gali biiti maziau efektyvus giliai esanciy
naviky aptikimui, jei jie nesukelia reikSmingy Siluminiy pokyc¢iy pavirSiuje.
Naviko gylio ir pavir§iniy temperatiiros pokyciy tarpusavio sgsajos dar néra
iki galo iStirtos, todél biitinas papildomas mokslinis patvirtinimas.
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Daugelyje ankstesniy tyrimy IRST vaizdai buvo analizuojami taikant
neoptimizuotg ROI parinkimg, dél ko i analiz¢ patekdavo ir nereikSmingi
aplinkiniai audiniai, galimai maskuojantys mazas ar giliai lokalizuotas
patologijas. Siame tyrime ROI buvo fiksuojami pacientui i§siziojus, vertinant
temperatiiros asimetrijg tarp kairés ir deSinés veido bei burnos ertmés pusiy
[14, 18], kitaip nei ankstesniuose darbuose, kur analizuotos skirtingos anato-
mingés sritys [4, 16]. Sveikiems asmenims reikSminga temperatiiriné asimetri-
ja nenustatyta, o patologijos atveju AT tarp pusiy sieké > 0,4 °C ir atitiko
KT /MRT bei histologiniy tyrimy rezultatus. Ypac reikSmingas §io tyrimo
aspektas yra burnos srities ROI, kuris pasirod¢ turintis didesnj diagnostinj
jautruma nei veido ROI. Disertaciniame darbe gauti duomenys rodo, kad pa-
cientams, kuriems diagnozuota navikinés kilmeés patologija, temperatiiriniai
pozymiai, gauti atlikus burnos ertmés TV segmentavima, yra labiau informa-
tyviis nei veido srityje. Sis skirtumas galimai susijes su burnos gleivinés
termoreguliacinémis savybémis ir mazesne pavirSiniy audiniy jvairove, kas
leidzia aiSkiau uzfiksuoti temperatiirinius asimetrijos pokycius. Tokia i§vada,
kiek Zinoma, literatuiroje iki Siol nebuvo pateikta.

Nepaisant optimizuoty vaizdy analizés metody ir auksto IRST diagnosti-
nio jautrumo, dalis nustatytos temperatiirinés asimetrijos variacijy gali buti
paaiskinama papildomais veiksniais, nesusijusiais su pacia patologija, bet
turinéiais jtakos rezultaty interpretacijai. Siame tyrime nustatytas tempera-
tirinés asimetrijos svyravimas galéjo buti paveiktas tiriamyjy grupiy neho-
mogeniSkumo, dalyviai skyrési lytimi, amziumi, etnine kilme ir socialine
ekonomine padétimi, nors Sie veiksniai nebuvo tiriami atskirai. Mokslin¢je
literatiiroje pazymima, kad BVZ srities navikai dazniausiai nustatomi vyres-
niems, tabaka ar alkoholj vartojantiems asmenims, kuriy mityba prasta, o
burnos sveikatos prieziiira nepakankama [ 140]. Be Siy demografiniy ypatumy,
jitakos galéjo tureti ir fiziologiniai veiksniai, tokie kaip kraujotakos intensy-
vumas, prakaitavimas ar odos savybés, kurie néra lengvai kontroliuojami.
Taip pat galimas aplinkos temperatiiros poveikis, nors tyrimo metu visi
pacientai aklimatizavosi 15 minu¢iy kambario temperatiiroje, Sis laikas Zie-
mos ar vasaros ekstremaliomis saglygomis gal¢jo biiti nepakankamas. Kadangi
duomenys buvo renkami skirtingais mety laikais, Sie iSoriniai veiksniai galéjo
paveikti kai kuriy termogramy asimetrijos vertinimg. Vis délto, nepaisant Siy
kintamyjy, tyrime taikytas IRST metodas iSliko efektyvus, temperattriné
asimetrija patologijos vietoje buvo patikimai aptinkama.

Literaturoje [141] iSkelta hipotezé, jog temperatiiriniai pokyciai néra
pastebimi tol, kol navikai néra pakankamai dideli, t. y. kol nepasiekia tokio
dydzio, kuris sukelty nekrozg, dél ko TV analiz¢je fiksuojamos Saltos démes.
Vis délto, iki Siol truksta iSsamiy tyrimy, nagrin¢jan¢iy temperatiiriniy poky-
¢iy priklausomybe¢ nuo naviko stadijos ir (arba) dydzio.
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Atkreiptinas démesys, kad disertaciniame darbe pateiktuose KT / MRT
vaizduose nekrozes zony nebuvo, taciau IRST uzregistruotuose TV aiskiai
aptiktos asimetrinés temperatiiros pokyc¢iy vietos tik tada, kai buvo pritai-
kytas MM klasterizavimo algoritmas pasirinktai ROI. Tai dar karta patvirtina,
kad infraraudonyjy spinduliy TV leidzia aptikti temperatiirinius poky¢ius,
kuriuos sukelia naviko vystymasis. Sie poky¢iai atsiranda dél angiogenezés,
todé¢l navikas galéty biiti nustatytas gerokai anksc¢iau nei pasireiskia matomi
anatominiai pakitimai.

Dar viena problema kyla tais atvejais, kai navikas yra lokalizuotas abipus,
nes tai gali apsunkinti IRST diagnostika. Tokiu atveju, navikas biity atpazjsta-
mas tik atlikus vaizdy segmentacija, nes dél jo abipusés lokalizacijos gali
neatsirasti reikSmingos temperatiirinés asimetrijos, kuri naudojama patologi-
niams pokyciams aptikti. Taipogi nedidelé arba neZymi temperatiiriné asi-
metrija gali biiti nepastebéta dél labiau iSreiksto riebalinio audinio, kuris yra
veiksmingas Silumos izoliatorius. Todé¢l be specialiy algoritminiy skaicia-
vimy gali buti sunku aptikti nedidelj temperatiirinj pokytj. Kai reik§mingos
temperatiirinés asimetrijos néra, patologijos aptikimui svarbiis kiti pozymiai,
tokie kaip aukstos temperattiros tasky nustatymas ir jy skai¢iaus jvertinimas,
kas leidzia algoritmui tiksliau identifikuoti galimus patologinius pakitimus,
net jei temperatiriniai skirtumai yra minimalds.

IRST efektyvumas diagnozuojant BVZ srities navikus ankstyvose stadi-
jose, lieka ribotai iStirtas. [vairlis naviky tipai, kaip gerybiniai ar piktybiniai,
lokalizuoti minkStuosiuose ar kauliniame audiniuose gali pasireiksti skirtin-
gais temperatiiriniais pozymiais, tod¢l reikalingas detalesnis jy tyrimas. Sie-
kiant pagerinti diagnostinj tiksluma, biitina integruoti IRST su kitais vaizdi-
niais metodais (KT / MRT) bei dirbtinio intelekto analize.

Siame tyrime toks kompleksinis poziiiris pirma karta buvo pritaikytas
BVZ srityje, pademonstruojant jo veiksminguma. Tagiau pladiam klinikiniam
pritaikymui biitini tolimesni tyrimai su didesnémis ir labiau diferencijuotomis
imtimis, taikant standartizuotus analizés protokolus. Kol Sie aspektai neis-
spresti, IRST taikymas iSlieka perspektyvus, bet ribotas.

Iki Siol, IRST buvo placiai naudojamas ankstyvai kriities vézio diagnos-
tikai [142—144], taciau turimi duomenys, susije su burnos ir veido navikinés
kilmés patologijos aptikimu, yra riboti ir nepakankamai argumentuoti [139].
Taip pat svarbu paminéti, kad pagal naujausias sveikatos prieziiiros gaires
[145, 146], termografija, kaip atrankinés diagnostikos procediira, dar néra
patvirtinta nei vienoje klinikinés diagnostikos srityje. Nors JAV Maisto ir
vaisty administracija (FDA) yra suteikusi leidima naudoti infraraudonyjy
spinduliy termografija, kaip papildomg metoda kriities naviky vertinimui, ji
néra patvirtinta kaip savarankiSka diagnostikos priemoné [147]. Melanomos
atveju tokio oficialaus pritaikymo néra. COVID-19 pandemijos metu IRST
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taikymas iSplito kaip papildoma priemoné kiino temperatiiros stebésenai,
taciau tai buvo orientuota j greitg pirminj vertinima, o ne j sistemingg integra-
cijg 1 formalius klinikinés diagnostikos protokolus [148, 149]. Tod¢l IRST vis
dar laikomas eksperimentiniu jrankiu, kurio taikymo diagnostikai pagristu-
mui biitini papildomi moksliniai jrodymai ir reglamentavimas.

Ateities tyrimy kryptys, susijusios su IRST taikymu BVZ srities naviky
aptikimui, turéty biiti orientuotos i tikslumo didinima, standartizavimg ir kli-
niking integracija. Svarbu sukurti visuotinai priimtas gaires, apimancias pa-
ciento pozicionavima, aplinkos temperattros kontrolg ir jrangos kalibravima,
siekiant sumazinti duomeny variabiluma tarp tyrimy. Taip pat svarbu sukurti
efektyvesnius metodus terminiy vaizdy iSankstiniam apdorojimui ir analizei,
kad buty uZztikrintas geresnis rezultaty tikslumas ir vienodas vertinimas. Be
to, butina tobulinti termovizoriy jautruma ir skiriamaja geba, siekiant tiksliau
fiksuoti smulkius temperatiirinius skirtumus kurie gali biiti svarbiis ankstyvai
naviky diagnostikai. Siy aspekty gerinimas leisty IRST metodui tapti patiki-
ma ir placiai pritaikoma diagnostikos priemone klinikingje praktikoje [150].
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ISVADOS

DI pagrjstas IRST metodas gali patikimai aptikti patologija BVZ srityje
ir gauti rezultatai gerai sutapo su KT / MRT duomenimis.

Dideli ir paviriniai navikai BVZ srityje aptinkami IRST vaizduose be
segmentavimo, tac¢iau maziems ir giliai ar abipus lokalizuotiems dari-
niams biitina segmentacija dél silpnos temperatiirinés asimetrijos. Infor-
matyvesnis yra burnos ertmés ROI segmentavimas, kadangi burnoje
temperatiiros pokyciai fiksuojami jautriau dél gleivinés ypatybiy.

Atrinkti aStuoni temperatiiros pasiskirstyma apibiidinantys poZymiai
(ATvvid, ATp.vidy ATv.maks, ATb.maks, Ny, o, ADEV,, ADEV}) sudaré pagrinda
s¢kmingam ANN klasterizatoriaus taikymui. Dalis jy (AT.via, 1y it ADEV)
i8siskyre, kaip statistiSkai reikSmingi ir labiausiai diferencijuojantys tarp
grupiy. Sie pozymiai gali bati taikomi, kaip Siluminiai biomarkeriai,
papildantys ANN klasterizavimo rezultatus ir stiprinantys ankstyvosios
diagnostikos galimybes BVZ srityje.

Optimizuotas ANN binarinis klasterizavimo modelis patikimai atpazino
ir tiksliai suskirsté pacienty TV 1 sveiky ir patologiniy atvejy grupes,
pasiekdamas auksta tiksluma, jautruma, specifiSkumg (90-98 proc.), bei
AUC reiksme ~0,9.
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Tyrimo apribojimai

Pagrindinis tyrimo trikumas gali biiti susijes su vélyvaja patologijos
stadija, nes daugumai tirty pacienty pakitimai jau buvo iSreiksti ir sukele
specifinius simptomus. Norint aptikti patologija ankstyvosiose stadijose,
pacientai turi bti iStirti prie§ tai, kuomet jiems pasireiskia ligos simptomai.
Deja, $iuo metu tik keli pacientai atitiko §j kriterijy.
kamai dideli, taciau taikant vaizdy segmentavima, galima juos tiksliau aptikti,
iSryskinant patologinius pokycius ir taip pagerinant diagnostikos tiksluma.

Dar vienas trilkumas galéty biiti susijes su tiksliai nejvertinta temperatiira
smilkininio apatinio Zandikaulio sgnario zonoje, naudojant prieking Zmogaus
veido projekcija. Tam reikia naudoti Soning projekcija, tac¢iau tokiomis aplin-
kybémis abi veido pusés turi buti idealiai pozicionuotos tuo paciu kampu ir
atstumu, o tai yra ganétinai sunku atlikti.

Be to, kad algoritmas galéty biiti naudojamas kaip neinvazinis atrankinés
diagnostikos metodas reikia duomeny i didesniy pacienty grupiy. Tuo tikslu
ateityje planuojama j klasterizavimo grupes jtraukti daugiau atvejy ir atlikti
daugiau eksperimentiniy bandymy.
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SUMMARY

Al —  Attificial Intelligence

AUC —  Area Under the Curve

CT —  Computed Tomography

IRT —  Infrared Thermography

kNN —  k-Nearest Neighbor

ML —  Machine Learning

MRI —  Magnetic Resonance Imaging

ny —  Number of pixels in the right (or left) side of the facial TI with a

temperature at least 0.4 °C higher than the maximum temperature on the
opposite side

Hm —  Number of pixels in the right (or left) side of the mouth TI with a
temperature at least 0.4 °C higher than the maximum temperature on the
opposite side

OMM —  Oral, Maxillofacial, and Mandibular

ROI —  Region of Interest

SCC —  Squamous Cell Carcinoma

SVM —  Support Vector Machine

TI —  Thermographic Image

Tmeant —  Mean temperature on the left side

Tmeanr —  Mean temperature on the right side

Tomaxt —  Maximum temperature on the left side

Tmaxr —  Maximum temperature on the right side

ADEVy —  Difference in absolute temperature deviations between all pixels on the
right and left sides of the face

ADEV.  —  Difference in absolute temperature deviations between all pixels on the
right and left sides of the mouth.

AT —  Temperature difference between the left and right sides

ATfmax —  Difference in maximum facial temperatures between left and right sides

ATfmean —  Difference in mean facial temperatures between left and right sides

ATm.max —  Difference in maximum mouth temperatures between left and right sides

ATwmean —  Difference in mean mouth temperatures between left and right sides

INTRODUCTION

Pathologies of the oral, maxillofacial and mandibular (OMM) region,
including neoplasms, infections, inflammatory conditions, and vascular ano-
malies, present substantial diagnostic challenges due to their heterogeneous
etiology, complex clinical progression, and frequently nonspecific sympto-
matology [1, 2]. To enable early detection, differential diagnosis, and optimal
treatment planning, the application of advanced imaging modalities is
essential. These tools facilitate accurate evaluation of soft and osseous tissue
alterations, delineation of the extent of pathological involvement, and longi-
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tudinal monitoring of disease progression [3]. Although radiological exami-
nations such as computed tomography (CT) or magnetic resonance imaging
(MRI) are considered the gold standard, their application requires costs,
radiation or the use of contrast agents. For these reasons, they are not the most
suitable methods for preventive examinations or frequent monitoring of the
patient's condition.

Alternative non-invasive methods such as infrared thermography (IRT)
have received increasing attention in recent years due to their ability to record
physiological temperature differences associated with changes in blood flow,
tissue inflammation or neoplastic pathologies [4]. Temperature variations
recorded on the skin surface using IRT may reflect deeper pathological pro-
cesses such as angiogenesis or altered metabolic activity [5]. Unlike CT,
which provides detailed anatomical visualization, IRT offers insights into
functional alterations, particularly in thermal regulation, which may precede
observable structural changes in tissues. In neoplastic conditions, areas of
elevated temperature can be observed in affected regions due to angiogenesis,
which increases local blood flow and consequently enhances heat emission.
Conversely, in cases of ischemia or tumor necrosis, cooler areas may be
detected, as reduced perfusion leads to lower surface temperature in the
affected tissue [6].

IRT cannot replace CT, as it lacks the detailed anatomical information
that CT provides. However, it may serve as a non-invasive pre-screening tool,
helping to reduce unnecessary CT/MRI examinations or facilitating timely
referral for advanced imaging when pathological changes are suspected.

However, in the diagnostic assessment of the OMM region, not only
precise localization of pathology is essential, but also the timely prediction of
emerging pathological changes [7, 8]. This can be achieved through the appli-
cation of artificial intelligence (AI) tools. The integration of machine learning
(ML) technologies into clinical decision-making processes represents a
promising direction and is expected to play a pivotal role in the future
advancement of radiological diagnostics [9—13].

In the first stage of this dissertation, we aimed to apply new IRST
technological solutions for the earlier detection of pathologies in the OMM
area. Since pathologies in the OMM area are best investigated by radiological
examinations, the results of IRT examinations obtained by analyzing thermo-
graphic images (TI) of patients were validated by CT/MRI examinations. We
identified the areas of temperature asymmetry in the TIs of the OMM area of
patients, which corresponded to the tumor localizations determined by
CT/MRI examination [14]. In the literature, in the presence of pathology, the
temperature asymmetry greater than 0.4 °C was chosen as the selection
criterion [15], however, there are no studies in the OMM area in which
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pathologies detected by IRT would be confirmed by radiological examination
data [4, 16].

However, early and rapid detection of pathology remains critically
important. In the second stage of the study, based on the assumption that
Al-based tools could facilitate earlier identification of subtle AT asymmetries,
we aimed to extract statistical features characterizing the temperature
distribution from the TT of the OMM region. These features were then used
as input data for a machine learning k-Nearest Neighbors (ANN) clustering
algorithm [17]. The latter was trained, using radiological imaging results as
ground truth, to recognize predominant features in the TI and to make appro-
priate clustering decisions: presence /absence of pathology. The results
showed that the machine learning ANN clustering algorithm can reliably
differentiate between pathological and healthy tissues in the OMM region by
analyzing eight specifically selected thermal features [18]. However, the
successful application of this method requires targeted feature selection and
determination of the optimal value of k. Despite these challenges, the use of
kNN in TI analysis may offer a rapid, non-invasive, cost-effective, and acce-
ssible approach for the early detection of tumors, potentially reducing diag-
nostic costs and avoiding exposure to ionizing radiation, as seen with CT
imaging. In the future, research should focus on the refinement of ML models
and the validation of results through clinical studies. This would enhance the
accuracy, reliability, and applicability of this technology in oral and maxil-
lofacial oncology.

AIM AND OBJECTIVES

Aim of the study:

To evaluate the applicability of infrared thermography (IRT) and artifi-
cial intelligence (Al) for the detection of pathological conditions (tumorous
and inflammatory) in the oral, maxillofacial, and mandibular (OMM) region,
and to compare the results with radiological imaging data.
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Tasks for the study:

1. To detect temperature asymmetry in the OMM region using IRT data
and to compare the findings with CT and MRI results.

2. To apply segmentation techniques to IRT TI for identifying patho-
logical regions and to assess their diagnostic relevance.

3. To identify temperature-related features associated with pathology
and use them to train a machine learning k-nearest neighbors (ANN)
algorithm for clustering TI as healthy or pathological (neoplastic /
inflammatory) cases.

4. To evaluate the reliability of the optimized ANN clustering model for
early detection of OMM pathologies based on CT and MRI vali-
dation.

Scientific novelty

Early diagnosis and treatment planning for patients with OMM patho-
logies is often challenging [1, 2].

This study is the first to integrate IRT and Al-based methods for the
detection of pathologies in the OMM region, specifically distinguishing
thermal images into healthy and pathological cases based on selected thermal
features. An optimized ANN clustering algorithm was developed and trained
using selected thermal features capable of distinguishing pathological condi-
tions with high accuracy. Importantly, for the first time, the diagnostic
performance of the model was validated against objective radiological data
from CT and MRI, providing evidence-based verification rather than relying
on clinical examination or symptom-based assumptions [14, 18].

A comprehensive review of literature revealed no prior studies combi-
ning IRT with optimized Ai-based clustering and concurrently validating
results against radiologically confirmed diagnoses, highlighting the methodo-
logical uniqueness of this study. Published works to date often emphasize the
importance of temperature asymmetry for pathology recognition, and thermo-
grams are interpreted based on clinical symptoms, without objective visual
verification [16]. Although Al models often use many features, literature
lacks an optimized feature set and objective CT / MRI validation [4].

The research conducted in this dissertation also revealed that, to identify
asymmetric temperature variations within symmetrical regions of the OMM
area, it is appropriate to use image processing algorithms for the accurate
detection of the region of interest (ROI) [14]. We found that large and
superficially located tumors in the OMM region can be easily detected in TI
without additional image processing. However, in cases of small, deep-seated,
or bilaterally located tumors, ROI segmentation is essential to highlight the
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pathological area, as thermal asymmetry may be subtle or unclear. In the
literature, IRT technology has been applied only to studies of the facial region,
but not to the oral cavity [4, 19, 20]. This dissertation demonstrates, for the
first time, that ROI segmentation in the oral cavity is more informative than
in the facial region. This is due to the presence of thinner tissues and mucosa
in the oral area, which result in a more sensitive detection of temperature
variations.

In this study, TI obtained using IRT and validated with CT data were used
to extract eight specific input features characterizing temperature distribution
[18]. This enabled the machine learning ANN cluster to train and test
randomly selected TI [18]. The trained optimized ANN algorithm, which
evaluates features in a multivariate manner rather than individually, was able
to successfully assign input feature vectors to distinct groups, corresponding
to the presence or absence of pathology. Statistically significant features were
found that differentiate the most between the groups and have the potential to
be applied as thermal biomarkers, complementing the kNN clustering results
and strengthening the early diagnostic capabilities in the OMM region.

We also demonstrated that the binary ANN clustering reliability (healthy
vs. pathological cases), based on calculated accuracy, sensitivity, and specifi-
city values, was high. Specifically, for the detection of TI associated with
neoplastic pathology, the algorithm achieved 94.1% accuracy, 77.9% sensiti-
vity, and 94.9% specificity (n = 46) [18]. When evaluating all pathological
cases (both neoplastic and inflammatory), the respective values were 90.63%
accuracy, 98.25% sensitivity, and 92.31% specificity (n = 94). The binary
kNN clustering reliably identified pathological cases based on TI data. The
optimized ANN clustering algorithm was supported not only by its high
accuracy, sensitivity, and specificity, but also by area under the curve (AUC)
values, which were close to 0.9, indicating strong discriminative ability.

The pilot study fills the existing gaps — the developed optimized algo-
rithm is not only based on reliable thermographic features, but also objecti-
vely validated based on CT / MRI results. This demonstrates clinical reliabi-
lity and may become a promising additional tool for non-invasive radiolo-
gical diagnostics in the future.
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2. METHODOS

The clinical study of the patients was conducted in accordance with the
workflow scheme presented in Fig. 2.1.

—

CT procedure
@ @),
IRT measurements CT evaluation
Tl acquisition ﬂ{ Tumour }NL
Pre-processing \4 \ 4
Histological E. g. inflammatory
Tl storage confirmation diseases, etc.

v

| Mapping class labels

Y v

Feature extraction Classification

Detection of face / mouth cavity edges Construction of training data set

Detection of face / mouth cavity
symmetry axis

\4

Training the kNN classifier

Calculations of feature vector Classification of test data set

v

| Evaluation of diagnostic accuracy

Fig. 2.1. Workflow scheme

2.1. Protocol for thermographic imaging in the OMM region

As various factors can influence TI data, all subjects were instructed to
adhere to specific restrictions prior to the examination. They were advised to
avoid mechanical stimulation of the facial region, such as massages, the use
of creams, or intense physical exercise. Additionally, the use of medications
was discouraged, as well as the consumption of hot, cold, or stimulating foods
and beverages that could affect skin temperature and potentially distort the
results of the study. To avoid potential temperature fluctuations caused by
exposure to X-rays or intravenous contrast agents, all patients were examined
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under identical conditions prior to the CT scan, following the same thermo-
graphic protocol [14, 117, 118]. During this protocol, it was ensured that:

e  There was no draft during the examination, and air conditioners were
turned off.

e No high-temperature infrared radiation (IR) sources were present
near the subject.

e The room maintained a constant temperature (20-22 °C) and humi-
dity, with no direct sunlight exposure.

e A 15-minute acclimatization period was provided for the subject in
the examination room.

e The subject had refrained from smoking for at least several hours
prior to the examination.

e Relevant information from the subject’s medical record was
reviewed, including name and surname, sex, age, chief complaint,
history of tobacco and alcohol use, sensitivities, past and current
illnesses, and medications in use.

e During measurements, all subjects were seated as upright as possible.

e The IRT camera, equipped with imaging and auto-focus functions,
was positioned at the subject’s head level, at one meter (see [14]).

e Thermographic images were recorded using the IRT camera in a
frontal projection of the subject’s face, with the mouth open.

e At the end of the sequence, the recorded thermographic data were
reviewed for reproducibility, and the images were cross-checked
against the CT-detected abnormalities.

A commercially available FLIR ES8 infrared thermal camera (FLIR
Systems, Inc., Wilsonville, OR USA) was used to obtain thermographic
images, with the device positioned approximately one meter from the
subject’s face. However, any other thermal imaging camera may also be used
for this purpose. The images were captured at a resolution of 320 x 240 pixels,
with a thermal sensitivity of +£0.06 °C and a temperature detection range
between —20°C and +250 °C. All measurements were conducted under
standardized environmental conditions, maintaining a room temperature of
22 £+ 1 °C and a relative humidity of 60 + 5%. The skin emissivity value was
set at 0.98.

Once captured, the thermographic data were transferred to a computer
for analysis. Image processing was carried out using Matlab R2014b (The
MathWorks, Inc., Natick, MA, USA). To enable data compatibility with
Matlab, the thermal images were first converted using ThermaCam Resear-
cher 2.1 software (FLIR Systems, Inc., Wilsonville, OR USA).

104



2.2. Radiological examination of patients in the OMM region

Following the acquisition of TI, each patient underwent a CT scan using
the Toshiba Aquilion ONE system (Canon Medical Systems, Otawara, Japan),
with a consistent slice thickness of 1 mm applied across all examinations.
A radiologist reviewed and evaluated the CT images. CT imaging served as
the reference standard for lesion identification, and based on the CT results,
patients were categorized into groups.

To avoid the harmful effects of ionizing radiation on healthy volunteers,
and with additional ethical approval, magnetic resonance imaging (MRI) of
the head and neck soft tissues was performed without the use of intravenous
contrast agents. The MRI examinations were conducted at the Radiology
Clinic of the Hospital of Lithuanian University of Healh Sciences Kauno
klinikos (Kauno klinikos) using a 1.5 Tesla Siemens Magnetom Avanto
scanner (Siemens Medical Systems, Erlangen, Germany). During the
procedure, participants were instructed to remain still in a supine position. An
8-channel head coil and a 4-channel neck coil were used for imaging, both
positioned over the subject’s head and neck regions during the scan. The
acquired MRI images were evaluated by a radiologist.

2.3. Inclusion criteria for subject eligibility in IRT examination

A total of 70 individuals who were referred for a CT scan at the Radiolo-
gy Clinic of Kauno klinikos for confirmation or exclusion of pathology
following clinical evaluation were invited to participate in the clinical study.
None of them declined participation; however, 5 individuals were excluded
from the study due to not meeting the eligibility criteria described below.
Subsequently, additional approval was obtained to form a healthy volunteer
(SS) group (n = 29). The final study sample consisted of 94 participants,
including 39 healthy individuals and 55 patients diagnosed with pathology
via CT imaging (Fig. 2.3.1).
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Exclusion criteria CT (n=70) MRI (n = 29)
(n=5)
\ 4
With pathology (UP / NP) Without pathology Healthy volunteers (SS)
(n =55) (n=10) (n=29)
Healthy patients (ST) (n = 39)

\4

A4

Tumors (NP) Inflammation
(n=27) (UP) (n =28)

Fig. 2.3.1. Schematic distribution of subjects into groups

Patients included in the study met the following criteria:

signed informed consent form,

age > 18 years,

first time CT procedure due to clinical symptoms,

no history of surgical interventions in the OMM region,

no history of medication prescribed for conditions in the OMM
region.

Patients were excluded from the study if they met any of the following
criteria:

history of surgical interventions in the OMM region,

ongoing or prior medication for conditions in the OMM region,

use of physical therapy, ultrasound, or acupuncture within 24 hours
prior to the examination,

bathing, swimming, or exercising within 1 hour prior to the exami-
nation,

consumption of coffee, smoking, or alcohol intake within 1 hour
before the examination,

shaving of the target body area within 4 hours prior to the procedure,
elevated body temperature or recent sunburn,

presence of acute or chronic fungal sinusitis,

diagnosis of diffuse non-Hodgkin’s lymphoma,

presence of facial scars associated with pathological hypothermic
lesions [118].
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2.4. Visual analysis and segmentation of TI in the OMM region

Thermographic images of the subjects facial and mouth regions were
analyzed in two stages. First, a visual assessment was conducted to evaluate
the temperature distribution across the face and mouth, as well as to identify
any deviations from normal thermal patterns. In some cases, pathological
changes were immediately apparent, as localized areas of elevated tempera-
ture, typically associated with inflammatory or neoplastic processes, were
clearly visible on the thermograms. However, for other patients, no obvious
thermal anomalies were observed during initial inspection. Therefore, to
enhance the clarity of the analysis and enable precise identification of regions
of interest (ROI), the images were segmented based on absolute temperature
values. This segmentation allowed for a more detailed and systematic
evaluation of the thermal data. The color map serves as a representative tool
for assessing facial pathologies. The number and values of isotherms are
automatically determined based on the minimum and maximum temperatures
detected in the facial region. Pathological areas typically exhibit distinct
(elevated) temperatures and may be highlighted using a different color than
the surrounding facial tissues, allowing for clearer differentiation from
healthy regions.

Automatic image segmentation was performed using Matlab R2014b
software (The MathWorks, Inc., USA) (Appendix 1). The segmentation
process included initial image preprocessing, application of threshold analy-
sis, clustering, and morphological operations, all aimed at optimizing the
accuracy of the segmentation.

Since the pathology was not always clearly visible in the segmented
images, further stages of analysis incorporated parametric methods. Contour
detection of the face and mouth was performed to identify anatomical
boundaries and enable a detailed analysis of temperature variations. Additio-
nally, a symmetry axis detection method was applied to assess the thermal
distribution symmetry between the two sides of the face.

2.5. Contour detection and symmetry axis identification
of thermographic images of the face and mouth

2.5.1. Detection of human face edges

Following the acquisition and preprocessing of TI, the subsequent step
involved the delineation of facial boundaries. To detect edges, a gradient-
based method was employed, which identifies image regions exhibiting high
gradient values, these correspond to locations where intensity changes most
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rapidly. In essence, edges are determined by locating the maximum of the
images first derivative.

Gradient components of the TI in various directions were computed
using a convolution mask, as detailed in [123]. Pixels with high gradient
magnitudes were classified as edge pixels. For this purpose, the Prewitt
operator was utilized due to its algorithmic simplicity and low computational
demand. An example of the original thermographic image and the resulting
edge detection output is shown in Fig. 2.5.1.1.

/4

Fig. 2.5.1.1. Original facial TI and gradient image

Note: the presented image shows a subject with no detected OMM pathology. image (A) was
acquired using IRT technology, while image (B) displays the computer — calculated facial
gradient map.

2.5.2. Detection of human face or mouth cavity symmetry axis

To determine the orientation and position of the facial symmetry axis, it
is sufficient to use the external edge points of the face. To represent the outer
contour of the face, the convex hull algorithm was applied, which identifies
the smallest convex polygon that encloses all detected edge points [124]. This
convex hull delineates the outermost boundary of the facial region and serves
as the structural reference for analyzing thermal distribution. The set of
selected edge points forming this polygon defines the contour used for further
symmetry axis calculations (Fig. 2.5.2.1, A).
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Fig. 2.5.2.1. Detection of the convex polygon of facial and
mouth contour points and symmetry axis

The thermographic image of a healthy subject (A). The symmetry axis (black line) corre-
sponds to the major axis of the fitted contour (dashed line) (B, C). The temperature (°C).

An ellipse was fitted to the set of convex hull vertices using the least-
squares method, and its major axis was used to determine the symmetry axis
of the face (as illustrated in Fig. 2.5.2.1, B).

Similarly, the boundaries of the mouth were identified from the
previously computed convex hull (Fig. 2.5.2.1, C). This symmetry axis served
to divide the thermographic image into two distinct regions corresponding to
the left and right sides of the mouth for separate analysis [18]. Since the shape
of the mouth does not approximate an ellipse, the centroid method was used
instead to determine its center. This approach is based on calculating the
average coordinates of all contour points rather than fitting an ideal geometric
curve, allowing for more accurate representation of the mouth anatomical
structure.
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2.6. Detection of thermal asymmetry in regions of interest (ROI)
in facial and mouth thermographic images

To support tumor detection, feature vectors were generated for each
subject based on temperature data extracted from specific regions within their
thermographic images. These vectors incorporated the temperatures of
individual pixels from four defined areas, allowing for the calculation of key
features such as AT%mean, ATm-mean, ATfmaxy ATm.max, 05, Bmy ADEV, ADEV,,
(see Table 2.6.1)

Table 2.6.1. Thermal characteristics of selected features extracted from TI

Features Definition
ATr (°C) The difference between mean temperatures of R vs. L sides of the face
ATy, (OC) The difference between mean temperatures of R vs. L sides of the mouth
cavity

ATfinax (°C) | The difference between max temperatures of R vs. L sides of the face

ATmmax (°C) | The difference between max temperatures of R vs. L sides of the mouth
cavity

nf The number of pixels in TI of the R (L) side of the face having AT degree
higher temperature than the max temperature of opposite face side

N The number of pixels in TI of the R (L) side of the mouth cavity having
AT degree higher temperature than the max temperature of opposite
mouth cavity side.

ADEVy The difference of the absolute deviations of the temperature values of all
‘ pixels belonging to the R and L face side, respectively

ADEV,, The difference of the absolute deviations of the temperature values of all
pixels belonging to the R and L mouth cavity side, respectively

R and L denotes right and left side, respectively.

It is important to note that many individuals in the control group
exhibited non-tumorous pathologies, such as inflammatory conditions.
Therefore, following prior research [14], a thermal asymmetry threshold of
0.4 °C between the left and right sides of the face or mouth was adopted as a
key inclusion criterion for this group. A temperature difference exceeding
0.4 °C was considered indicative of abnormal thermal behavior and was
associated with potential tumor presence. Consequently, this asymmetry
threshold was used as a foundational parameter in constructing each patient’s
feature vector.

To further quantify this asymmetry, the number of thermographic pixels
on one side of the face or mouth that exhibited a temperature difference (AT)
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greater than the maximum temperature on the opposite side was determined
using histogram analysis for both regions.

2.7. Training procedure and automatic clustering

To train the clustering system, each feature value was calculated as an
average of five measurements obtained from the same TI. This approach was
adopted to account for minor variations that can occur during the estimation
of facial or mouth contours, which occasionally required adjusting the
position of a few contour points.

The processed TI data from healthy subjects and patients with various
OMM pathologies, whether of neoplastic or inflammatory origin, were stored
in the computer memory as feature matrices. These matrices served as the
basis for classifying each case into one of two categories: absence (0) or
presence (1) of a pathology.

In this study, a k-nearest neighbor (KNN) clustering algorithm [17] was
employed, as it is particularly effective for smaller datasets with a limited
number of features. The ANN model relies on labeled feature vectors from the
training dataset to assign class labels to new, unseen instances based on their
proximity to existing data points.

During the clustering stage, the feature vector extracted from a patient’s
TI is compared against the feature matrix obtained during the training process
(Appendix 2). With the number of nearest neighbors set to £ = 1, the patient’s
data are assigned to the cluster of the closest data point. As a result, the sample
is grouped into either the pathology cluster (UP / NP) or the healthy subject
cluster (ST), depending on which it most closely resembles in feature space.

In this study, feature vectors were extracted for each individual patient
[18]. The complete dataset was then randomly partitioned into two subsets:
one for training and the other for testing. The training subset included only
24 thermographic images from patients without pathological findings (ST)
and 24 images from patients with confirmed tumor or inflammatory patho-
logies (UP / NP). To ensure the robustness of the proposed method, the train-
test split process was repeated 24 times, each time using different combina-
tions of data for training and testing.

In the ANN approach, test samples are classified by analyzing their
similarity to labeled instances in the training set. Because the actual labels of
the test samples are already known, this comparison allows for an objective
assessment of the model’s prediction reliability and overall performance.

To evaluate the performance of the proposed method in terms of correct
and incorrect clustering, a confusion matrix was constructed. Based on this
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matrix, key metrics such as accuracy, sensitivity, and specificity were
calculated. Clustering accuracy was assessed by comparing the predicted
outcomes with the actual class labels derived from CT scan findings. A
reference vector containing the ground truth labels for each thermographic
image was created to enable this comparison. In addition, the feature vector
was compared with the clustering results obtained from the system. Recogni-
tion accuracy was defined as the ratio of correctly clustered thermographic
images to the total number of cases analyzed. To further evaluate the system’s
performance, sensitivity was calculated as the proportion of correctly
clustered pathological (UP / NP) cases relative to the total number of true
UP / NP cases. Specificity, in turn, was determined by the ratio of correctly
clustered non-pathological (ST) cases to the total number of actual ST cases.

2.8. Statistical analysis

Each TI contour of the facial and mouth was calculated by repeating the
process five times. Statistical data analysis was conducted using Microsoft
Excel (Microsoft, USA) and IBM SPSS 22 software (IBM Corp., NY, USA).
Numerical data are presented as a means with standard deviations (SD),
which reflect the variability of the measurements.

To compare the means between two groups, the Student’s #-test was used,
while comparisons among more than two groups employed one-way analysis
of variance (ANOVA) for parametric data or the Kruskal-Wallis test for non-
parametric data. Normality of data distribution was assessed using the
Shapiro-Wilk test. Differences in means were considered statistically signifi-
cant when p < 0.05.

Mathematical determination of facial and mouth contours in TI, as well
as the development of clustering algorithms, was carried out using MATLAB
software (The MathWorks, Inc., USA). For plotting histograms, the statistical
software SPSS 22 was used.

3. RESULTS

The clinical study was conducted at the Department of Radiology,
Hospital of the Lithuanian University of Health Sciences Kauno klinikos,
with the approval of the Regional Biomedical Research Ethics Committee of
Kaunas (June 3, 2014; No. BE-2-31). All participants were thoroughly
informed about the study and signed a written informed consent form. The
recruitment of participants took place between 2014 and 2016.
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The scientific study included 94 patients, of whom 55 (58.5%) were
assigned to the pathology group, and 39 (41.5%) to the non-pathology group.
The demographic, anthropometric, and clinical characteristics of the patients
are presented in Table 3.1.

Table 3.1. Demographic and clinical data of the study participants

Demographic data Witlznpitgg)logle WlthO(lIllt i):;tgl;ologle

Age (years) 18-86 20-64
Midle age (years) + SEM 53.3+£253 33.5+2.03
Women, n (%) 30 (54.5) 17 (43.6)
Men, n (%) 25 (45.5) 22 (56.4)
In total, n (%) 55(100) 39 (100)
CT detected pathological side

Right side, n (%) 20 (36.4) 0(0)

Left side, n (%) 23 (41.8) 0(0)

Bilateral, n (%) 12 (21.8) 0(0)
Men / women pathological side

Men, right side, n (%) 13 (52) 0(0)

Men, left side, n (%) 10 (40) 0(0)

Men, bilateral, n (%) 2(8) 0(0)

Women, right side, n (%) 8 (26.7) 0(0)

Women, left side, n (%) 13 (43.3) 0(0)

Women, bilateral, n (%) 9 (30) 0(0)

In this study, the following patient groups were identified: the healthy
subjects (ST) group, which included healthy volunteers (SS) and individuals
in whom no structural abnormalities or pathological lesions were detected by
CT or MRI. The pathology or mixed group (NP/UP) included patients with
changes of neoplastic origin (NP) or inflammatory origin (UP). Neoplastic
pathology was identified through CT imaging and subsequently confirmed by
histopathological analysis. Inflammatory pathology, such as bacterial or
infection-related inflammatory conditions, was diagnosed by CT findings and
confirmed by clinical examination data.
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3.2. Assessment of the diagnostic potential of IRT for detecting areas of
thermal asymmetry in facial and mouth thermographic images (TT)

3.2.1. Analysis and evaluation of TI in healthy subjects

In healthy subjects (ST group, n = 39), no statistically significant thermal
asymmetries were identified across the four main analyzed regions. This
indicates that heat distribution between symmetrical areas of the face and
mouth was uniform, with no marked temperature differences suggestive of
pathological changes. Fig. 3.2.1.1 presents examples of thermographic maps
from a healthy subject: in a facial anterior projection (A), and mouth anterior
projection (B).

Fig. 3.2.1.1. Detection of facial and mouth contours and
the symmetry axis in a thermal image of a healthy subject
The symmetry axis (solid line) corresponds to the major axis of the ellipse (dashed line). TI

of a healthy subject are shown in the frontal plane (A) and with mouth open (B).
Note: No thermal asymmetry is present in the facial or mouth TI. The temperature (°C).

The TI were processed in two stages (see Methods and Appendix 1),
using algorithmic contour detection procedures to identify the outer facial
contour, the ROI in the mouth, and to determine the position of the symmetry
axis. In Table 3.2.1.1 is presented an example of calculated temperature
features.
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Table 3.2.1.1. Temperature features in the TI of one healthy subject
(Fig. 3.2.1.1), measured in the left and right ROI of the face and mouth

TmeanL Tmtch TmeanR TmaxR ATmean ATmax
ROII ™ “ocy | O)|  0) ec) | ccy | ey |APEV| nom

ST | f |33.47+0.039(36.17|33.64+0.004| 36.03 | 0.17 | 0.14 | 0.02 0
m |34.92+0.023|36.97|35.03 £0.013| 36.78 | 0.11 0.19 | 0.08 0

ST — healthy subject with no pathology. ROI — region of interest, f — face, m — mouth, Tweanz
and Twmaxe — mean and maximal temperature on the left side, respectively, Tmeanr and Timaxr —
mean and maximal temperature on the right side, respectively, ATmean and AT mnax — differences
in mean and maximal temperatures between the left and right sides, respectively, ADEV —
difference in temperature deviations between all pixels on the right and left sides of face /
mouth, respectively, ny» — the number of pixels in the right / left side of the face or mouth in
the thermal image, whose temperature is 0.4 °C higher than the maximal temperature on the
opposite side of the face or mouth. Values are presented as mean + standard deviation (SD).

In all subjects from the healthy subjects (ST) group (n = 39), no evident
thermal asymmetry was observed in the TI of the four analyzed regions. The
mean facial temperatures on the left and right sides were 33.78 £ 1.693 °C
and 33.82 + 1.617 °C, respectively, while the mean mouth temperatures on
the left and right sides were 35.73 £ 1.613 °C and 35.74 + 1.642 °C, respecti-
vely. For these subjects, the calculated differences in mean temperature
(ATmean) between the left and right sides of the face and mouth were 0.12 +
0.21 °C and 0.14£0.19 °C, respectively. The differences in maximum
temperature (AT ) between the left and right sides of the face and mouth
were 0.062 +0.19 °C and 0.075 £ 0.25 °C, respectively. These differences
were not statistically significant (p < 0.05). In addition, the number of pixels
in the right (or left) side of the facial and mouth thermographic images, with
a temperature at least 0.4 °C higher than the maximum temperature on the
opposite side, was 0.086 = 0.07 and 0.11 £ 0.06, respectively. Histograms of
the distribution of temperature differences in TI of subjects in the healthy
subjects (ST) group, compared with the normality curve, are presented in
Fig. 3.2.1.2. It was found that all subjects in the ST group and in the SS group
(not illustrated), exhibited narrow temperature range, indicating low tempera-
ture variability and a uniform distribution. The distribution of histograms in
the ST group is symmetric and centered around zero, indicating parameter
balance and a low number of extreme values. These results reflect normal
thermoregulation, with no pronounced regional temperature differences that
could indicate pathological processes. These results reflect normal thermore-
gulation, with no significant regional temperature differences that could
indicate underlying pathological processes. The low variability in tempera-
ture distribution also indicates that heat transfer within the tissues occurs
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smoothly and without significant fluctuations, which is characteristic of
healthy tissue with normal blood circulation.

A 35 B 35
g 30 g 30 "
< c B0
g 25 g 25 1
® ® !
2 20 2 20 \
s S |
B S
- g i
E E 10 0o
4 2 5 ’l \‘
1
0 Qb====laua..l l:F_ _“TL ___________
-15 -1.0 -05 0.0 05 1.0 15 -15 -10 -05 00 05 10 15
Temperature difference (°C) Temperature difference (°C)
C 35 D 35
w 30 w 30 )
= = ;i
g 25 & 25 ;
® ®
o Q 20 f
“6 '.6 [ “
] g 15 Ik
: : it
3 5 10 ’r ll
2 2 I |
5 1 \‘
0 ( —— /F_ A R Sp———
-15 -10 -05 00 05 10 15 -15 -10 -05 00 05 10 15
Temperature difference (°C) Temperature difference (°C)

Fig. 3.2.1.2. Histograms of temperature difference distributions
in the ST group with normality curves

The set of histograms is presented using four selected features: the differences in mean and
maximum temperatures between the right and left sides of the facial (ATfmean, and ATrmax) (A,
B) and mouth regions (ATwm.mean, ATmmax) (C, D), respectively. The calculation of mean
temperatures was based on summing the temperatures of all pixels within the contour-defined
region on one side of the face or mouth and dividing the total by the number of pixels in that
area. For each variable, a histogram was generated based on 39 cases (n = 39), using an x
axis interval ranging from —1.5 to 1.5 with bar width of 0.2. The y-axis represents the number
of cases. Note: Each bar represents the number of cases falling within a specific interval. The
normality curve (red dashed line) reflects the distribution based on the mean and standard
deviation of each variable.

3.2.2. Evaluation of TI in clinical cases with neoplastic pathology

In patients diagnosed with neoplastic pathology (n = 27), including
histologically confirmed benign (n = 4) and malignant tumors (n = 23), the
TI revealed significant temperature differences when compared to the
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corresponding parameters in the ST group. In the NP group, the mean
temperature difference (AT neqn) between the left and right sides, calculated in
the facial and mouth ROI, was 0.21 £ 0.1 °C and 0.39 £ 0.1 °C, respectively.
The maximum temperature difference (A7) in the same regions was 0.20 +
0.14 °C for the face and 0.49 +0.18 °C for the mouth. In the NP group,
statistically significant differences were observed in the mouth ROI para-
meters (p <0.05) when compared to the corresponding values in the ST group.
In these subjects, the calculated number of pixels in the right (or left) side of
the facial and mouth TI, with a temperature at least 0.4 °C higher than the
maximum temperature on the opposite side, was 2.48 + 1.85 for the face and
48.57 + 22.6 for the mouth.

Below are several representative clinical cases in which neoplastic patho-
logy was diagnosed by CT, while IRT revealed varying degrees of thermal
asymmetry in the OMM region: clearly visible (Fig. 3.2.2.1), minimally
visible (Fig. 3.2.2.2), or not visible (Fig. 3.2.2.3). The thermal characteristics
of these cases are detailed in Table 3.2.2.1.

Fig. 3.2.2.1 presents the first clinical case, in which pathology in the
mandibular region was suspected following the initial examination. After
observing asymmetrical deformation on the left side of the face during
clinical evaluation, the patient was referred to a CT scan for more detailed
diagnostic assessment. During the CT examination, a heterogeneous expan-
sile lesion was observed in the left side of the mandible, containing multiple
areas of “ground-glass” opacity of varying size (Fig. 3.2.2.1, A), remodeling
the bone and significantly thinning the cortical layer. No cortical bone defect
or infiltration into surrounding soft tissues was observed. In this patient, a
benign neoplastic lesion was histologically confirmed (Fig. 3.2.2.1, C), and
the diagnosis of mandibular fibrous dysplasia was established. The thermo-
graphic images obtained during the IRT examination also revealed thermal
asymmetry on the side of the face where the lesion had been identified
through clinical evaluation (Fig. 3.2.2.1, D). Moreover, the anatomical loca-
tion of the pathology determined by IRT corresponded precisely with that
identified by CT imaging. The difference in mean temperature (AT necan)
between the symmetrical facial regions was 0.87 °C. In contrast, the TI of the
mouth (Fig. 3.2.2.1, E) showed clearly visible thermal asymmetry. The patho-
logical area appeared as a region of elevated temperature. The maximum
temperature in that zone exceeded 38 °C (see Table 3.2.2.1, case NP #1). In
this case, thermal asymmetry was visible even without additional image
segmentation. However, after applying the segmentation procedure, the
pathological area became even more clearly defined (Fig. 3.2.2.1, F).
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Fig. 3.2.2.1. Diagnostic images of the first clinical case showing
clearly visible thermal asymmetry on IRT

Top: CT scan in bone window, axial plane (A) and MRI (B), showing tumorous masses in
the left side of the mandible. Middle: histological section (C), confirming the diagnosis of
mandibular fibrous dysplasia. The histological section shows numerous fine trabeculae of
immature bone not lined by osteoblasts, embedded in a proliferative fibrous stroma rich in
mitotically inactive fibroblasts. Bottom: TI in the frontal plane with the patient’s mouth
closed (D), and mouth region shown before segmentation (E) and after the segmentation
procedure (F) while the patient’s mouth is open. Note: The arrow indicates the area of thermal
asymmetry before (E) and after (F) segmentation. The temperature scale (°C) on the right.
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Table 3.2.2.1. Thermographic temperature features in clinical cases of
neoplastic pathology, measured in the left and right facial and mouth ROI

Tmeant Tomaxt Tmeanr Tmaxr | ATmean | AT max

ROIT o) cO | O ol o | coy |APEV|mm
NP f 3442 +£0.019 | 36.45 | 33.55+0.017 [|36.23| 0.87 0.22 10.0183| 0
#1 m |37.84+0.023 | 38.97 | 37.29+0.217 |38.33| 0.55 0.64 0.15 | 35
NP f 35.50+0.054 | 38.14 | 35.52+0.032 [{37.96| 0.28 0.18 0.044 | 0
#2 m |36.85+0.001| 38.15 | 36.91+0.017 |38.57| —0.06 | —0.42 | 0.093 | 143
NP f 32.83 £0.015| 35.01 | 32.94+0.001 {36.12| —0.11 | —1.11 [ 0.0312| O
#3 m |35.84+0.085| 37.82 | 35.88+0.062 |37.88| —-0.04 | —0.06 0.17 | 125

NP — Neoplastic Pathology, ROI — Region of Interest, f — face, m — mouth, Teanz and Tinaxz —
mean and maximum temperature on the left side, respectively, Tmeanr and Tmaxk — mean and
maximum temperature on the right side, respectively, AT nean and ATmax — differences in mean
and maximum temperature between the left and right sides, respectively, ADEV — difference
in temperature deviations between all pixels on the right and left sides of the face and mouth,
respectively; nm — the number of pixels in the right (left) side of the face or mouth in the
thermal image, whose temperature is 0.4 degrees higher than the maximum temperature on
the opposite side of the face or mouth. Values are presented as mean + standard deviation
(SD).

Fig. 3.2.2.2 presents the second case of neoplastic pathology, in which
the patient was referred to a CT scan following clinical examination due to
pain in the right buccal mucosa. In this case, facial deformity was subtle and
difficult to assess due to malocclusion, but the axial CT image (Fig. 3.2.2.2, A)
revealed a large area of bone destruction in the right side of the mandible. In
this patient, a malignant soft tissue tumor, poorly differentiated squamous cell
carcinoma (SCC G3), was confirmed by histological analysis (Fig. 3.2.2.2, C).
Despite the extensive mandibular bone destruction, the corresponding TI of
the same patient showed only a small difference in mean temperature (A7 ean)
and maximum temperature (A7) between the left and right sides of the
mouth (Fig. 3.2.2.2, E): 0.06 °C and 0.42 °C, respectively (see Table 3.2.2.1,
case NP #2). However, after applying image segmentation in the ROI, an area
of elevated temperature became apparent on the affected side (Fig. 3.2.2.2, F).
In this case, the pathological zone became visually distinguishable only after
the segmentation procedure, with a maximum temperature reaching 39.0 °C.
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Fig. 3.2.2.2. Diagnostic images of the second clinical case showing
minor thermal asymmetry on IRT

Top: CT scan in bone window, axial plane (A) and MRI (B), pathological masses in the right
side of the mandible. Middle: and histological section (C), confirming the diagnosis of poorly
differentiated squamous cell carcinoma (SCC G3). The histological section shows solid
sheets of highly pleomorphic tumor cells with large, hyperchromatic nuclei and relatively
scant cytoplasm. Numerous mitotic figures are present, with no clear keratinization observed.
The stroma is abundant, containing occasional lymphocytes. Bottom: TI in the frontal plane
with the patient’s mouth closed (D), and with the mouth open, showing the mouth region
before (E) and after (F) the image segmentation procedure. Note: the arrow indicates the area
of thermal asymmetry before (E) and after (F) segmentation. The temperature scale (°C) on
the right.
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However, in some cases, pathological changes in the OMM region may
be very minimal or not visually apparent (Fig. 3.2.2.3).

Fig. 3.2.2.3. Diagnostic images of the third clinical case showing
no visible thermal asymmetry on IRT

Top: CT scan in bone window, axial plane (A) and MRI (B), pathological masses in right
nasopharyngeal region with localized destructive lesion of the hard palate. Middle: and
histological section (C), confirming the diagnosis of moderately differentiated squamous cell
carcinoma (SCC G2). The histological section shows solid sheets of mildly pleomorphic
tumor cells with large, hyperchromatic nuclei and a moderate amount of cytoplasm. Well-
defined keratinization foci (“keratin pearls”) are present. The stroma is abundant and contains
numerous lymphocytes and plasma cells. Bottom: TI in the frontal plane with the patient’s
mouth closed (D), and with the mouth open, showing the mouth region before (E) and after
(F) the image segmentation procedure. Note: the arrow indicates the area of thermal
asymmetry before (E) and after (F) segmentation. The temperature scale (°C) on the right.
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An example is the third case of neoplastic pathology, presented in
Fig. 3.2.2.3, where the patient reported mild pain deep in the oral cavity du-
ring clinical examination and was therefore referred to a CT scan. Clinically,
a very subtle deformation of the right lateral wall of the oropharynx was
observed. In this patient, CT imaging revealed extensive soft tissue infiltra-
tion involving the soft palate and the right parapharyngeal space, along with
destruction of the hard palate.

In the presented CT image using bone window settings (Fig. 3.2.2.3, A),
a localized destructive lesion of the hard palate is observed. In this patient,
the diagnosis of moderately differentiated squamous cell carcinoma was
confirmed histologically (Fig. 3.2.2.3, C). In this case, no significant thermal
asymmetry was observed in the TI with the patient’s mouth closed
(Fig. 3.2.2.3, D), and the mean temperature difference between the two sides
of the face was only 0.1 °C (see Table 3.2.2.1, case NP #3). Even with the
mouth open, the thermographic image showed no clearly visible difference in
mean temperature between the right and left sides of the mouth (Fig. 3.2.2.3,
E). However, after applying the image segmentation algorithm to the region
of interest (ROI) in the pathological area, a localized high-temperature zone
became apparent, located deep within the oral cavity (Fig. 3.2.2.3, F).

Fig. 3.2.2.4 presents histograms of the distribution of four selected
features in NP group patients TI, reflecting AT ean and AT nax values calculated
between the left and right sides of the facial and mouth ROI.
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Fig. 3.2.2.4. Histograms of temperature difference distributions
in the NP group with normality curves

The set of histograms is presented using four selected features: the differences in mean and
maximum temperatures between the right and left sides of the facial (AT}:mean, and ATFmax)
(A, B) and mouth regions (AZm.mean, ATm.max) (C, D), respectively. The calculation of mean
temperatures was based on summing the temperatures of all pixels within the contour-defined
region on one side of the face or mouth and dividing the total by the number of pixels in that
area. For each variable, a histogram was generated based on 27 cases (n = 27), using an x
axis interval ranging from —1.5 to 1.5 with bar width of 0.2. The y-axis represents the number
of cases. Note: Each bar represents the number of cases falling within a specific interval. The
normality curve (red dashed line) reflects the distribution based on the mean and standard
deviation of each variable.
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The temperature histograms in the NP group were noticeably wider
distributed than those observed in the ST group, indicating greater variability
in thermal asymmetry (Fig. 3.2.1.2). This indicates that heat distribution in
the affected area is uneven, and temperature values show high variability,
which is characteristic of pathological tissue with altered blood flow. In
addition, some histograms display bimodality (two peaks) or slight
asymmetry.

3.2.3. Evaluation of clinical cases with inflammatory pathology

In a subset of patients, inflammatory pathology was identified by CT
imaging (UP group, n = 28) and was also detected in the TI. In these cases,
asymmetrical temperature differences were most observed in the facial region,
indicating the impact of the inflammatory process on thermal distribution.
However, the thermal asymmetry in patients from the UP group was slightly
lower compared to cases in the NP group. In the UP group, the AT}.can values,
representing mean temperature differences between the left and right sides of
the facial and mouth ROI, were 0.21 &+ 0.1 °C and 0.28 + 0.1 °C, respectively.
The corresponding AT values were 0.19 +£0.14 °C for the face and
0.45 £ 0.18 °C for the mouth. The differences in mouth ROI parameters were
statistically significant (p < 0.05) when compared to the corresponding data
in the ST group. However, when compared to the NP group (see Chapter
3.2.5), the observed differences were not statistically significant (p > 0.05).
The results confirm that both inflammatory processes and neoplastic
pathology (NP) are associated with the greatest variations in thermal
asymmetry within the mouth. In the UP group, the calculated number of
pixels on the right (or left) side of the facial and mouth TI, with a temperature
at least 0.4 °C higher than the maximum temperature on the opposite side,
was 4.42 + 1.75 for the face and 21.13 + 13.4 for the mouth.

The histograms of the UP group (Fig. 3.2.3.1), similarly to those of the
NP group, were broader ranged and, in contrast to the ST group, demonstrated
a greater variability of values. Some histograms in the UP group showed
irregular, asymmetrical distributions or exhibited multiple peaks, with values
spread across a wide range. This indicates that the features in this group vary
unevenly, and extreme values are frequently observed.
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Fig. 3.2.3.1. Histograms of temperature difference distributions
in the UP group with normality curves

The set of histograms is presented using four selected features: the differences in mean and
maximum temperatures between the right and left sides of the facial (ATfmean, and ATrmax) (A,
B) and mouth regions (ATm.mean, ATmmax) (C, D), respectively. The calculation of mean
temperatures was based on summing the temperatures of all pixels within the contour-defined
region on one side of the face or mouth and dividing the total by the number of pixels in that
area. For each variable, a histogram was generated based on 28 cases (n = 28), using an x
axis interval ranging from —1.5 to 1.5 with bar width of 0.2. The y-axis represents the number
of cases. Note: Each bar represents the number of cases falling within a specific interval. The
normality curve (red dashed line) reflects the distribution based on the mean and standard
deviation of each variable.

3.2.4. Evaluation of TI in clinical cases with pathological changes

Since the NP and UP groups did not exhibit clear differences, they were
combined in this study to evaluate pathological changes in the OMM region,
regardless of their origin. This resulted in a combined sample of 55 patients
with mixed pathological conditions (NP / UP group). In the NP / UP group,
the calculated ATcan values between the left and right sides of the facial and
mouth ROl in TI were 0.21 + 0.1 °C and 0.34 £ 0.1 °C, respectively. The cor-
responding A7 qx values were 0.19 £ 0.14 °C for the face and 0.46 = 0.18 °C
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for the mouth. These differences in mouth data were statistically significant
(p < 0.05) when compared to the corresponding data in the ST group. In the
NP / UP group, the calculated number of pixels in the right (or left) side of
the facial and mouth TI, with a temperature at least 0.4 °C higher than the
maximum temperature on the opposite side, was 3.17 + 1.85 for the face and
29.6 £ 19.3 for the mouth. The histograms reflecting the distribution of the
four selected features in this group (Fig. 3.2.4.1) also demonstrated a wide
temperature range and high variability of values.
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Fig. 3.2.4.1. Histograms of temperature difference distributions
in the NP / UP group with normality curves

The set of histograms is presented using four selected features: the differences in mean and
maximum temperatures between the right and left sides of the facial (AT} mean, and ATFmax)
(A, B) and mouth regions (ATm.mean, ATm.max) (C, D), respectively. The calculation of mean
temperatures was based on summing the temperatures of all pixels within the contour-defined
region on one side of the face or mouth and dividing the total by the number of pixels in that
area. For each variable, a histogram was generated based on 55 cases (n = 55), using an x
axis interval ranging from —1.5 to 1.5 with bar width of 0.2. The y-axis represents the number
of cases. Note: Each bar represents the number of cases falling within a specific interval. The
normality curve (red dashed line) reflects the distribution based on the mean and standard
deviation of each variable.
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3.2.5. Comparative evaluation of thermographic images across
all clinical cases

To assess the differences and distributions of the selected features across
various subject groups, statistical data analysis was conducted (Table 3.2.5.1).
The data were categorized into five groups: SS, ST, UP, NP, and UP / NP,
each representing distinct subject conditions (see Methods, Fig. 2.3.1).
Within each group, eight selected thermal features were analyzed: ATfmean,
ATt maxy, ATmmeans ATm.max, 05, nimy, ADEVy, and ADEV,,. These features reflect
the temperature differences between the left and right sides of the face or
mouth, based on specific thermal features.

Table 3.2.5.1. Statistical characteristics of the eight selected features across
the SS, ST, UP, NP, and UP / NP subject groups

Feature | Mean | SD. | Min. | 25% | 50% | 75% | Max
SS group (n =29)
ATimean | —0.06709 [ 0.120268 | —0.258 | —0.1481 | —0.0855 | 0.0048 | 0.1504

AT} max —0.00397 | 0.041335 | —0.1059 | —0.0506 0 0 0.0526
ATmnmean | —0.00832 | 0.165093 | —0.3971 | —0.0981 | —0.0309 | 0.0867 0.283
ATn.max 0.011486 | 0.044931 | —0.0592 0 0 0.0522 0.1161

ADEVy 0.035893 | 0.023952 | 0.0021 0.0172 0.0328 0.0477 0.087
ADEVn ] 0.013845 | 0.021034 | 0.00037 | 0.0042 0.0101 0.0157 0.1155
nf 0 0 0 0 0 0 0
Fm 0 0 0 0 0 0 0
ST group (n=39)
ATfmean | —0.03522 1 0.135296 | —0.258 | —0.1464 | —0.0467 | 0.0747 0.2417

AT} max —0.00758 | 0.104813 | —0.3792 | —-0.0516 0 0.0491 0.2964
ATnmean | —0.00811 | 0.180142 | —0.3971 | —0.1404 | —0.0316 | 0.11375 | 0.3818
ATnmax | 0.019569 | 0.12395 | —0.2596 | —0.0255 0 0.0549 0.3896

ADEVy 0.039551 | 0.027541 | 0.0021 | 0.01855 | 0.0356 0.053 0.1369
ADEV» | 0.027264 | 0.035208 | 0.000367 | 0.00545 | 0.0124 0.029 0.1515
ny 0.051282 | 0.223456 0 0 0 0 1
Nim 0 0 0 0 0 0 0
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Table 3.2.5.1. Continued

Feature | Mean | S.D. | Min. | 25% | 50% | 75% | Max
UP group (n =28)
ATfmean 0.07933 | 0.27262 | -0.326 |—-0.10295| 0.03745 0.22 0.742
AT max —-0.0192 | 0.264428 | —0.644 |-0.13415| -0.016 | 0.13285 | 0.7034
ATwmmean | 0.03946 | 0.35519 | —0.753 | —-0.18013 | 0.05205 | 0.2255 | 0.8143
AT m.max 0.18399 | 0.53974 | —-0.953 |-0.11648 | 0.2028 | 0.423725| 1.3652
ADEV; 0.11901 | 0.32373 | 0.0023 | 0.01975 | 0.0514 |0.092625| 1.7508
ADEV: 0.12965 | 0.10798 | 0.0105 |0.052825| 0.10475 | 0.186675 | 0.4213
ny 4.42857 | 21.2034 0 0 0 0 112
T 21.1071 | 44.1976 0 0 0 26.25 212
NP group (n =27)
ATfmean | 0.062107 | 0.303831 | —0.8983 | —0.0828 | 0.0243 | 0.23075 | 0.7816
AT max 0.040811 | 0.263094 | —0.5054 | —0.1203 0 0.2025 | 0.5669
ATwmmean | 0.065111 | 0.558457 | —0.6759 | —0.3433 | 0.0076 | 0.30825 | 1.9834
ATwmmax | 0.024315 | 0.680047 | —1.7773 | —0.3011 | 0.0216 | 0.4237 1.4516
ADEVy | 0.040074 | 0.03147 | 0.0066 | 0.01945 | 0.0352 | 0.0437 | 0.1192
ADEV, |0.123878 | 0.117843 | 0.0054 | 0,0434 | 0.0878 | 0.1744 | 0.4896
ny 2111111 | 7.95339 0 0 0 0 41
m 41.37037 | 78.01388 0 0 0 27 257
UP / NP group (n =55)
ATfmean 0.07088 | 0.285804 | —0.8983 | —0.0887 | 0.0252 | 0.2214 | 0.7816
AT max 0.010253 | 0.26307 | —0.6443 | —0.1356 | —0.0108 | 0.15145 | 0.7034
ATwmmean | 0.052053 | 0.461965 | —0.7533 | —0.226 | 0.0089 | 0.2255 1.9834
ATmmax | 0.105607 | 0.612224 | —1.7773 | —0.2554 | 0.1676 | 0.43055 | 1.4516
ADEV; 0.08026 | 0.233375| 0.0023 | 0.01945 | 0.0371 0.0738 1.7508
ADEV, |0.126816 | 0.111915 | 0.0054 | 0.0473 0.094 0.1817 | 0.4896
ny 3.290909 | 16.01929 0 0 0 0 112
m 31.05455 | 63.33726 0 0 0 26,5 257

n —sample size, Std — standard deviation, Min — minimum value, 25% — first quartile, 50% —
median, 75% — third quartile, Max — maximum value. ATfmean and ATm.mean — difference in
mean temperatures between the right and left sides of the face and mouth, respectively, AT max
and ATn.max — difference in maximum temperatures between the right and left sides of the
face and mouth, respectively, ns, n» — number of pixels on the right (left) side of the
thermographic image, for the face and mouth respectively, with temperatures at least 0.4 °C
higher than the maximum temperature on the opposite side, ADEVy, and ADEV:» — difference
in absolute temperature deviations between all pixels on the right and left sides of the face
and mouth, respectively.
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To evaluate the distribution characteristics of the studied features between
the group without pathology (ST) and the group with pathologies (UP / NP),
the data were normalized due to the larger sample size in the UP / NP group
to ensure result comparability. The comparative analysis revealed that feature
values in the ST group are more concentrated around zero, while the distri-
bution in the UP / NP group is wider. Fig. 3.2.5.1 presents normal distribution
curves calculated based on the previously normalized data for two selected
features: A]},mean and AT .mean-
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Fig. 3.2.5.1. Normal distribution curves of mean facial and mouth
temperature features for the ST and UP / NP groups,
calculated based on normalized data

The distribution curves are presented for two features: AT mean (A) and AT m.mean (B). For each
feature, the distribution curve was calculated based on normalized data and is presented on
the y-axis using an x-axis interval from —1.5 to 1.5. The ST curve (orange) is narrower and
taller, characteristic of a normal distribution. In contrast, the UP / NP curve (blue purple)
appears lower and wider, indicating greater data dispersion and potential deviations from
normality.

The distribution of these features was approximated using different
Gaussian functions based on the assumption of normality. The accuracy of
the approximation was assessed using the R? coefficient, whose values indi-
cated a very good fit of the applied models to the experimental data. Additio-
nally, approximation was evaluated using RSS (Residual Sum of Squares)
and RMSE (Root Mean Square Error), which also demonstrated good agree-
ment between the fitted curves and the experimental data (see Table 3.2.5.2).
The table presents the accuracy of data approximation for the subject groups
(SS, ST, UP, NP) using three Gaussian function models: single (1G), double
(2G), and asymmetric (Asym). The quality of the approximation was assessed
using three statistical indicators: RSS, RMSE, and R2. Lower RSS and RMSE
values and higher R? values indicate better model fit. The table allows for an
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evaluation of which model provided the most accurate approximation for
each group.

Table 3.2.5.2. Comparison of data approximation accuracy indicators between

groups using different Gaussian function models

1G 2G Asym
RSS SS 402.2692715 421.9770381 416.9108004
ST 616.4387768 645.9284031 632.8333431
UP 179.2161333 181.4993716 179.5937378
NP 206.7837393 216.4022529 214.1619483
RMSE |SS 0.969189846 0.030656248 0.492400513
ST 1.186444231 0.0581744 0.791825622
UP 0.646738136 0.556369592 0.632683301
NP 0.851217793 0.516328334 0.616246302
R2 SS 0,88461168 0,999884553 0,97021613
ST 0,88202706 0,99971637 0,947453131
UP 0,844993978 0,885285478 0,851657917
NP 0,800539243 0,926611503 0,895459462

The subject groups SS, ST, UP, and NP represent different clinical conditions under investi-
gation (see Methods, Fig. 2.3.1). To assess the quality of data approximation, three statistical
indicators were used: Residual Sum of Squares (RSS), Root Mean Square Error (RMSE),
and the coefficient of determination (R?). Lower RSS values indicate a better fit of the model
to the data, while smaller RMSE values reflect a more accurate approximation. The R? value
shows the proportion of variance explained by the model, with values closer to 1 indicating
a stronger fit. Three types of Gaussian function models were applied: a single Gaussian
function (1G), a sum of two Gaussians (2G), and an asymmetric Gaussian function (Asym).
The best-fitting approximation for each group is highlighted in bold.

Table 3.2.5.3 presents a more detailed analysis based on single Gaussian
function approximation, outlining the key characteristics of each curve:
maximum value (amplitude), its position along the temperature axis (peak
location), curve width, and the coefficient of determination (R?). These indi-
cators provide insights into the shape, dispersion, and symmetry deviation of
the distributions across different groups. It was observed that the ST and SS
groups exhibited narrower (smaller width) and taller (higher amplitude) cur-
ves, along with higher R? values, indicating better conformity to a theoretical
normal distribution. In contrast, the UP and NP groups displayed wider, flatter
curves with lower R? values, reflecting a weaker fit to the normality assump-
tion. These findings are consistent with the earlier visual analysis and confirm
the greater variability and dispersion in the pathological groups.
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Table 3.2.5.3. Statistical analysis of data approximation using normal distri-
bution curves between groups based on a single Gaussian function

Groups Max Max location | Width S“gg’le R?
ATimea  |SS 9700929713 | —0.15257323 | 027 | 29 |0.892718748
ST 10.16807086 | —0.10588639 | 0.38 39 | 0.892089014
UP 4569081033 | -0.03944224 | 0.55 | 28 | 0.872162483
NP 5.478033605 | —0.00676673 | 042 | 27 | 0.826070724
UP/NP | 9.973242976 | —0.01719771 | 0.48 55 | 0.89799711
ATymean | SS 7.870725609 | —0.064343501 | 0.33 29 | 0.879832094
ST 9.164497779 | —0.06840499 | 039 | 39 | 0.892031409
UP 3393118493 | —0.064175755 | 0.75 | 28 | 0.631175379
NP 2321891298 | -0.088283489 | 1.09 | 27 | 0.581421505
UP/NP | 5.593478024 | —0.070288805 | 0.89 | 55 | 0.79535542
ATjmar | SS 9.683404606 | —0.051169697 | 0.15 | 29 | 0.994798713
ST 10.48438935 | —0.066147333 | 0.19 | 39 | 0.951725072
UP 4739492598 | —0.081466123 | 0.51 28 | 0.878799456
NP 47954186 | —0.065180615 | 0.42 | 27 | 0.728213928
UP/NP | 9.1730118 | -0.067855003 | 0.5 55 | 0.890344529
ATwmee | SS 7.626893455 | —0.027573795 | 0.18 | 29 | 0.994362055
ST 8.893235744 | —0.039228143 | 0.2 39 | 0.897880563
UP 3506930213 | 0.241537927 | 0.51 28 | 0.504624116
NP 2210430115 | -0.019207612 | 0.99 | 27 | 0.528943467
UP /NP | 4.543646756 | 0.089238746 | 1.01 55 | 0.62589206

The abbreviations SS, ST, UP, NP, and UP / NP represent different subject conditions exami-
ned in the study (see Methods, Fig. 2.3.1). The variable AT}mean refers to the average tempe-
rature difference between the right and left sides of the face, while ATu.mean indicates the same
measurement for the mouth. ATfmar and ATmma represent the maximum temperature
differences between the corresponding sides of the face and mouth, respectively. The “Max.”
value denotes the highest point of the Gaussian function, indicating the curve’s amplitude.
“Max. location” specifies the temperature at which this peak occurs, and “Width” reflects the
dispersion of values around the maximum, describing the spread of the Gaussian curve.
“Sample” refers to the number of observations (n) included in each group. Finally, R? is the
coefficient of determination, used to assess how well the Gaussian model fits the
experimental data, with a value of R? = 1 indicating a perfect fit.

The intergroup comparison of selected thermal parameters enables the
assessment of data dispersion, outliers, and distribution patterns. Notable
differences are observed between the groups in terms of both central tenden-
cies and variability. Statistical analysis using one-way analysis of variance
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(ANOVA) revealed statistically significant differences among the five study
groups with respect to the ATy mean, nm, and ADEV,, features (Table 3.2.5.4).
No significant differences were found for the remaining five evaluated
features (Table 3.2.5.4). These findings are further supported by the boxplot
analysis (Fig. 3.2.5.2-3.2.5.4), which shows that higher values of AT}mean, 1im,
and ADEV,, are characteristic of the pathological patient groups, while lower
values are typical of the SS and ST groups. The diagram allows for a visual
evaluation of intergroup differences as well as the centralization and
dispersion patterns of each indicator. Statistically significant differences
between healthy and pathological groups are evident (Table 3.2.5.5 and
Appendix 3).

Table 3.2.5.4. Statistical significance and effect size of thermal features across
study groups

Feature p-value Significance | Effect size (n?) | n?®interpretation
ADEVnm 3.75E-10 ++ 0.249444 +++
Aim 0.001327 ++ 0.09745 ++
AT} mean 0.031457 + 0.0591 +
ADEVy 0.316213 - 0.026815 +
nf 0.517197 - 0.018495 +
ATn.max 0.57266 - 0.016597 +
AT} max 0.854929 - 0.007659 -
ATn.max 0.891163 - 0.006413 -

Thermal features assessed from two perspectives: statistical significance (p-value) and effect
size (?).Significance notation is as follows: (+++) highly significant difference (p <0.001),
(++) significant (0.001 <p <0.01), (+) weakly significant (0.01 <p <0.05), (-) not significant
(p = 0.05). Effect size levels are denoted as: (+++) large effect (n? > 0.14), (++) medium
effect (0.06 <n?<0.14), (+) small effect (0.01 <n?<0.06), (-) negligible effect (n*> < 0.01).
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Fig. 3.2.5.2. Boxplots showing the distribution of ATfmean differences
across all study groups

The vertical axis — ATrmean feature value, horizontal axis — the subject groups, diamonds —
outlier values, horizontal lines indicate *p < 0.05, **p <0.01.
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Fig. 3.2.5.3. Boxplots showing the distribution of nn differences
across all study groups

The vertical axis — nn feature value, horizontal axis — the subject groups, diamonds — outlier
values, horizontal lines indicate ***p < 0.001.
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Fig. 3.2.5.4. Boxplots showing the distribution of ADEV,, differences
across all study groups

The vertical axis — ADEV,, feature value, horizontal axis — the subject groups, diamonds —
outlier values, horizontal lines indicate ***p < 0.001.

Table 3.2.5.5. Comparison of thermal features between ST and UP /NP
groups: medians, interquartile ranges (IQR), and statistical significance

Feature | ST medians STIQR UP /NP medians | UP/NPIQR | p-value
ATfmean —0.047 0.221 0.025 0.310 0.024
ATm.mean —-0.032 0.254 0.009 0.451 0.830
ADEVy 0.036 0.034 0.037 0.054 0.473
ADEVn 0.012 0.024 0.094 0.134 0.000
ny 0.000 0.000 0.000 0.000 0.191
N 0.000 0.000 0.000 26.500 0.000
AT max 0.000 0.101 —0.011 0.287 0.969
ATmmax 0.000 0.080 0.168 0.686 0.144

The table presents the medians and interquartile ranges (IQR) of thermal features in the ST
and UP /NP groups, along with p-values calculated using the Mann-Whitney U test.
Statistically significant differences (p < 0.05) were observed for the features AT mean, ADEVim,
and nm, indicating their potential diagnostic value.
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Additionally, a correlation analysis, presented as a heatmap (Fig. 3.2.5.5),
revealed the interrelationships between thermal features within the ST and
UP / NP groups.
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Fig. 3.2.5.5. Heatmap of Pearson correlation coefficient

Pearson correlation coefficient (r) heatmap illustrating the interrelationships between thermal
features in the ST and UP / NP groups. Each cell intersection displays the r value, indicating
the strength and direction of correlation between two features: values close to +1 denote a
strong positive correlation, values near —1 indicate a strong negative correlation, and values
close to 0 suggest no correlation. The intensity of color represents the correlation magnitu-
de — darker shades indicate stronger correlations. Note: The UP / NP group is characterized
by predominantly strong positive correlations, whereas the ST group shows weaker or even
negative associations.

In the UP / NP group, strong positive correlations were identified between
the features AT mean, Al mmax, and ADEV,, (r > 0.73), as well as between ny,
and ADEV,, (r = 0.79), indicating a close interrelationship among these
variables. In contrast, the ST group exhibited weaker or even negative
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correlations; for example, a significant negative correlation was observed
between ATfmean and ADEVy (r = —0.62). These findings suggest that in
pathological groups, the features are not only elevated in value but also
exhibit stronger interdependence, which may be relevant for constructing
composite feature sets for diagnostic or predictive modeling. Statistical ana-
lysis enabled the identification of thermal features with greater discriminative
potential by evaluating their values across different subject groups. The
observed trends indicate that certain features consistently differentiate
between healthy and pathological cases, and their mutual interactions and
distribution patterns support their informativeness. This statistical analysis
was conducted to enhance the understanding of the distribution of the eight
selected thermal features among groups and to assess their potential informa-
tiveness for clustering purposes.

3.3. Clustering of TI using Al

Based on thermal characteristics, feature vectors were constructed from
the temperature data and subsequently used to train the selected AI model,
with the goal of developing a non-invasive diagnostic method capable of
identifying pathological changes from TI data.

To cluster patients into pathological and non-pathological cases, machine
learning algorithms were applied using binary ANN clustering. Using the ANN
clustering method, each new data point was assigned to a group based on its
nearest neighbors in the training dataset, thereby enabling efficient identifi-
cation of pathological cases. The model was trained to identify pathological
cases not based on a single parameter, but rather on a combination of features,
making clustering decisions according to the prevalence and distribution of
dominant characteristics. For example, an important indicator in the patho-
logical region is the number of altered temperature points, which reflects the
extent of the affected area. Altered temperature points are defined as pixels in
the right or left side of the facial or mouth TI, whose temperature is at least
0.4 °C higher than the maximum temperature on the opposite side of the face
or mouth. Typically, in pathological cases, the number of these points is high
(see Table 4.3.1, nrand n,), although in some instances, only a few altered
points may be present within the pathological area. Isolated high-temperature
points, which may represent noise artifacts, can also occur in the healthy
subject group. Therefore, by evaluating features in combination, the model is
able to make an appropriate clustering decision, ensuring accurate
identification of pathological cases despite the presence of potential noise
artifacts or isolated anomalies in data from healthy patients. This approach
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allows for better differentiation between pathological and healthy cases, by
taking into account the entire set of features.

The dataset was then randomly divided into two subsets for training and
testing, with the training subset containing half of the data. In the first stage
of the study, we aimed to evaluate the potential of the ANN classifier to detect
neoplastic pathologies. Therefore, based on the constructed feature vectors
(Table 3.3.1), thermographic data from 46 patients were used to form two
groups: a group of healthy subjects or patients without neoplastic pathology
(ST group, n =23), in whom CT imaging revealed no tumor related pathology,
and a group of patients with CT confirmed neoplastic pathology in the OMM
region (NP group, n = 23) [18].

It is important to note that during this stage of the study, temperature
asymmetry greater than 0.4 °C was used as the selection criterion [14, 15].
As a result, the group without neoplastic pathology may have included
individual patients with minor inflammation-related changes.

Table 3.3.1. Features values of constructed feature vectors for subjects in the
ST and NP groups

AI‘/.'mean A]}max X ATm.mean ATnl."Iax
Group ©C) ©C) ny ADEVy ©C) ©C) Hum ADEVu
ST 0.14+ | 0.15+ | 0.086+ | 0.117+ | 0.16+ | 022+ | 0.304+ | 0.063 =
0.037 0.038 0.07 0.128 0.032 | 0.036 0.19 0.015
NP 023+ | 022+ | 248+ | 0.041+| 046+ | 056+ | 4857+ | 0.139=+
0.087* | 0.062 21.85 0.012 | 0.0143 | 0.169 22.6* | 0.043*

ST — healthy subjects, NP — subjects with neoplastic pathology, ATfmean and AT m.mean represent
the difference in mean temperature between the right and left sides of the face and mouth,
respectively. ATfmar and ATm.max represent the difference in maximum temperature between
the right and left sides of the face and mouth, respectively. nyand n. indicate the number of
pixels on the right (left) side of the thermographic image of the face or mouth with
temperatures 0.4 °C higher than the maximum temperature on the opposite side, ADEVyand
ADEVn refer to the difference in absolute temperature deviations between all pixels on the
right and left sides of the face and mouth, respectively, values are presented as means +
standard deviation (SD), * p <0.05.

Based on the 46 analyzed patient TI [18], 24 were randomly selected for
training the algorithm: 12 from patients without any diagnosed pathology, and
12 from patients with neoplastic pathology confirmed by CT. The procedure
of splitting the data into training and testing sets was repeated 12 times,
allowing for the evaluation of the model’s ability to adapt to different data
samples.
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In the second stage of the study, after including healthy volunteers (SS
group, n = 29) in the IRT assessments, two new subject groups were formed
based on TI data from all 94 examined patients. One group was formed by
combining healthy patients with additional healthy volunteers, resulting in
the SS/ST group (n = 39), hereafter referred to as the ST group. All indiv-
iduals in this group had no significant structural or inflammatory changes
detected on CT or MRI scans. The other group, the NP / UP group (n = 55),
consisted of patients with various pathological changes, including neoplastic
and inflammation-related conditions identified in the OMM region. The
feature vectors constructed for these groups are presented in Table 3.3.2.

Table 3.3.2. Values of constructed feature vectors for subjects in the ST and
NP / UP groups

AI_‘/.'"IE[I" ATﬁthx X X ATm.mean ATm.thx
Group ©0) ©C) ny ADEV; ©C) ©C) nm | ADEV,
ST 0.12+ | 0.062+|0.086+| 0.04+ | 0.14+ | 0.075+ | 0.11+ | 0.027+

0.037 0.038 0.07 0.012 0.032 0.036 0.06 0.015

NP/UP | 021+ |0.193+|3.17+| 0.08+ | 034+ | 046+ | 29.6+ | 0.123 +
0.087* | 0.062 1.85 0.012 0.143 0.169 | 19.3* | 0.043*

ST — healthy subjects, NP — subjects with neoplastic pathology, ATy mean and AT im.mean represent
the difference in mean temperature between the right and left sides of the face and mouth,
respectively. ATfmar and ATm.max represent the difference in maximum temperature between
the right and left sides of the face and mouth, respectively. nyand n» indicate the number of
pixels on the right (left) side of the thermographic image of the face or mouth with
temperatures 0.4 °C higher than the maximum temperature on the opposite side, ADEVrand
ADEVn refer to the difference in absolute temperature deviations between all pixels on the
right and left sides of the face and mouth, respectively, values are presented as means =+
standard deviation (SD), * p < 0.05.

Based on the analysis of thermographic data from 94 patients, 48 OMM
region TI were randomly selected for algorithm training: 24 from subjects
without any pathology, and 24 from subjects with CT confirmed pathology.
The procedure of splitting the data into training and testing sets was repeated
24 times, allowing for the assessment of the model’s ability to generalize
across different data samples.
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3.4. Assessment of the diagnostic reliability of the ANN method
in the OMM region

To evaluate the performance accuracy of the selected ANN clustering
model and the frequency of misclassifications, a confusion matrix was
constructed, and values for accuracy, sensitivity, and specificity were calcu-
lated. Recognition accuracy was assessed by comparing the number of
correctly identified TI to the total number of analyzed cases. To validate the
confusion matrices, a receiver operating characteristic (ROC) analysis was
performed.

During the first stage [18], evaluating the algorithm’s ability to identify
TI from patients with neoplastic pathology, the results demonstrated a
clustering accuracy of 94.1% (AUC = 0.8769), with a sensitivity of 77.9%
and a specificity of 94.9%. Fig. 3.4.1 presents the empirical ROC curve,
which integrates information across all thresholds, with sensitivity and
specificity calculated non-parametrically at each point. The results indicated
that the model demonstrates good diagnostic performance, as the calculated
area under the ROC curve (AUC) ranged between 0.8 and 0.9. This suggests
that, based on this calculated AUC value, if data from one randomly selected
patient with neoplastic pathology and one subject without such pathology
were compared, the model would correctly assign a higher risk to the patient
with pathology in approximately 88% of cases.

This result demonstrates a reasonably high diagnostic accuracy, particu-
larly considering that the sensitivity was 77.9%, and the specificity reached
as high as 94.9%. Thus, the results obtained during the first stage of the study
indicate that the adapted ANN clustering algorithm enabled reliable differen-
tiation of patients into groups of healthy individuals and those with neoplastic
pathology.
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Fig. 3.4.1. ROC curve of the performance characteristics analysis
for the sample of the study group with neoplastic pathology

The dashed line represents the line of no discrimination (x = y). The calculated area under
the ROC curve (AUC) was 0.8769. An AUC value between 0.8 and 0.9 is interpreted as
indicating a “very good” classification ability to reliably distinguish patients with
pathological changes from healthy individuals [129-131].

In the second stage, when assessing how well the adapted algorithm
could identify CT data from patients with all types of pathologies (both
neoplastic and inflammatory), the results showed a clustering accuracy of
90.63% (AUC = 0.8927), with a sensitivity of 98.25% and a specificity of
92.31%. Fig. 3.4.2 presents the ROC curve for the analysis of characteristic
metrics in the mixed pathological group (NP / UP group) sample. The calcu-
lated area under the ROC curve (AUC) of 0.8927 indicates a very good diag-
nostic accuracy of the model. In this case, when randomly selecting one
positive and one negative instance, the model correctly identifies their class
in more than 89% of cases. The exceptionally high sensitivity (98.25%) indi-
cates that the model correctly detects patients with pathology in nearly all
cases, while the high specificity (92.31%) suggests that healthy individuals
are also correctly classified in the majority of cases.
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Fig. 3.4.2. ROC curve of the characteristic metrics analysis for
the sample of the study group with different pathologies
The calculated area under the ROC curve (AUC) was 0.8927. An AUC value between 0.8

and 0.9 is interpreted as indicating a “very good” classification ability to reliably distinguish
patients with pathological changes from healthy individuals [129-131].

CONCLUSIONS

1. The Al-based IRST method can reliably detect pathological lesions in the
OMM region, and the obtained results showed good concordance with
CT/MRI findings.

2. Large and superficial tumors in the OMM region can be detected in IRST
images without segmentation, however, for small, deeply located, or
bilaterally distributed lesions, segmentation is essential due to weak
thermal asymmetry. Segmentation of the mouth ROI is more informative,
as thermal changes are more sensitively detected in the oral mucosa due
to its physiological properties.
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The selected eight thermal distribution features (AT mean, ATm.mean, ATfmax,
ATwmmax, 5, nm, ADEVy, ADEV,,) formed the basis for the successful
application of the ANN clustering algorithm. Among them, AT mean, im
and ADEV,, stood out as statistically significant and the most discri-
minative between groups. These features can serve as thermal biomar-
kers that complement the ANN clustering results and enhance early
diagnostic capabilities in the maxillofacial region.

The optimized binary ANN clustering model reliably identified and
accurately classified patients’ thermal images into healthy and patholo-
gical groups, achieving high levels of accuracy, sensitivity, and specifi-
city (90-98%), as well as an AUC value of approximately 0.9.
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Introduction. Thermal imaging is a technique of detecting the objects'
infrared radiation and creating an image based on that information, but it is not
widely used in routine medical diagnostics. The first utilizations of thermal
imaging were made with large and noise scanners in 1956. In ours days
thermography is broadly used for diagnostics of breast cancer, skin melanom and
other areas of pathology.

Thermal imaging captures the natural thermal radiation generated by an
object at a temperature above absolute zero. It is non-invasive, non-contact,
passive and radiation — free technique. Clinical application of thermography is
based on the ability to image natural heat emissions of the human body. It is
based on the principle that the temperature of the area surrounding the damaged,
prie-cancerous and cancerous tissue is higher than that of a normal tissue. For a
normal person, the thermogram shows uniform and symmetric temperature
variations. In case of abnormality, pathological regions show aprupt variations in
temperature [1, 4].

The objectives of the study is to evaluate the potential of thermography in
diagnosis of the disease of human jaw.

Materials and methods. Thermal imaging is a technique for temperature
measurements based on the infrared radiation from objects. The radiance from
human skin is an exponential function of the surface temperature, which is
influenced by the level of blood perfusion in the skin. Unlike images created by
x-rays or proton activation through magnetic resonance, thermal imaging is not
based on morphological analysis. The technique provides only a map of the
distribution of temperatures on the surface of the subject imaged. So, to
determine whether a local abnormality in tissue temperature is present or not the
special image processing approaches for extraction of the features of thermal
images must be used.

The proposed method for thermal imaging analysis for early diagnostic of
maxillofacial pathology comprises the following steps:

1)  The acquisition of thermal data;

2)  Pre-processing of thermal images;

3) Examination of paired (right and left) areas of face surface and paired
intraoral areas;

4) Segmentation of thermal image;

5) Evaluation of diagnostic accuracy by comparing results from thermal
imaging with computer tomography findings.
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Before the measurements, the subjects were thermo-equilibrated in the
laboratory space for 15 minutes [2]. The room temperature was maintained by a
wall mounted air conditioning unit and was in range between 20 °C and 22 °C.
The air conditioning was switched off during measurements and there was no
direct sunlight. The subjects were instructed to sit up as straight as possible.

The face region being investigated by an infrared thermal camera was
positioned one meter away from subject. Thermal imaging was carried out using
a thermal camera FLIR E8 (thermal sensitivity - 0.06 °C,
resolution — 320 x 240, the maximum temperature range from - 20 °C
to + 250 °C). For each of subjects facial thermal images were taken using frontal
projection, right and left lateral projections, and mouth‘s cavity. Each surface
temperature profiles of the patients were recorded and later analyzed using image
processing software in Matlab.

Thermal images transformed into Matlab readable data files by ThermaCam
Researcher 2.1. Each image must carry the information about temperature range,
emissivity of body, atmospheric temperature and relative humidity, distance from
human to camera.

The pre-processing of thermal image starts from checking of thermal data
structure: the parameters representing environment conditions, the distance from
patient to camera, emissivity of body must be in the correct range. The next step
after checking of integrity of thermal image is to detect edges of human face. For
edge detection the gradient image was created from the original thermal image.
Each pixel of a gradient image measures the change in intensity of that same
point in the original image, in a given direction. After gradient images have been
computed, pixels with large gradient values become possible edge pixels. The
Prewitt method was used to find edges using the Prewitt approximation [3]. It
returns edges at those points where the gradient values are maximal. The Prewitt
method was selected for its simplicity and its low computational load.

For presentation of human face external contour as smallest convex polygon
that contains all the points of edge, the convex hull was calculated. The convex
hull of an edge image is the set of pixels included in the smallest convex polygon
that surround all edge pixels and was used to describe the external boundary of
field, which temperature changes were analysed.

Thermal imaging is hence well suited to pick up changes in blood perfusion
that might occur due to inflammation or other causes. Asymmetrical temperature
distributions as well as the presence of hot and cold spots are known to be strong
indicators of an underlying dysfunction [4]. Thermal symmetry in the face is a
normal finding in healthy subjects. The best fitting for an ellipse from set of
convex hull vertices was used for identification of axis of face symmetry. The
Least-Squares criterion for estimation of the best fit to an ellipse from a given set
of points was used. So, the major semi axis of ellipse represents an axis of
symmetry of human face. It was used for splitting the field of analysis into two
independent areas. The average temperatures of left and right sides of human face
were calculated and compared. The temperature asymmetry higher than 0.4 °C
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[1] was associated with the presence of abnormality and additional investigation
for identification of abnormal regions is necessary. In the same order the mouth
cavity was investigated and temperature asymmetry evaluated.

For representation of pathological region additional right or left side thermal
images were used. The appropriate side image was used for calculation of
isolines along which the temperature has a constant value. The number of isolines
and the values of the isolines are chosen automatically based on the minimum
and maximum temperature values of face area. A filled contour plot for
displaying of isolines and filling the areas between the isolines using constant
colors corresponding to the current temperature color map is representative tool
for evaluation of abnormality of face region. The abnormal region has different
temperature and it can be highlighted in different color from the rest of the face.
The location of abnormality, identified using thermal imaging was compared
with results of computerized tomography (CT).

Results. The thermograms were collected from 6 patients (3 patients with a
tumor, one patient with an inflammatory origin of jaw and 2 healthy persons)
using non-contact thermography at the Clinic of Radiology, Lithuanian
University of Health Sciences. All patients additionally were investigated with
CT Toshiba ,,ONE Aquilion“. The average and standard deviation of temperature
measurements taken using frontal face and mouth’s cavity projections were
calculated from 5 measurements in each image and the results are shown in Table
1.

Table 1. Thermographic analysis of frontal regions face and mouth’s cavity

Patient | |Patient 2 |Patient 3 |Patient4 |Patient5 [Patient 6
Face 33,51+ |(33,77+ |32,93+ PB1,884+ |3449+ |33,68+
Righ | mean+SD 0,017 0,032 0,01 0,015 0,038 0,039
Side, | Mouth’s cavity |37,44+ [38,67+ |3585+ [3,445+ [B6,412+ (3507«
T°C | mean=+SD, 0,0217 0,017 0,0618 [0,0243  |0,0192 0,013
Highest temperature | 38,34 39,23 36,13 34,23 37,13 36,18
Left Face 3437+ (33,93+ 32,85+ |31,35+ |3432+ (33,59+
Side, | mean = SD 0,019 0,054 0,015 0,018 0,013 0,04
T°C | Mouth’s cavity |38,08+ [38,23+ [3585+ ([32,95+ [36,252+ [4,894 +
mean = SD 0,0234 0,01 0,085 0,0221 10,0286 0,023
Highest temperature | 38,98 38,85 35,03 34,53 36,91 36,05

In case of tumor in maxillofacial region (Patient 1) in pathological field of
face thermal image the higher temperature area due to hyper vascularity of tumor
tissue was detected. The asymmetry of average face temperature was 0.76 °C. In
case of tumor in maxillofacial region (Patient 2), the asymmetry of average face
temperature can be small and the location of tumor was evaluated by calculating
temperature asymmetry of mouth’s cavity (asymmetry is
0.44 °C). The pathological area is highlighted in different color (Fig. 1). In case
when the tumor was localized deep in mouth's cavity, in oropharyngeal region,
the average temperatures between left side and right side of face or mouth’s
cavity do not differ (Patient 3). So, the highest temperatures of different sides
must be compared. In case of inflammatory (Patient 4), the abnormal area was
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successfully identified, but the temperature in this area was lower than in other
fields of face. The significant difference in thermal symmetry of the face or
mouth’s cavity images was not found for healthy persons (Patient 5, Patient 6).

ToTe

Fig. 1. Thermo graphic image of patient face with tumour (abnormal area highlighted in
dark red in mouth cavity) and CT image of tumor

Conclusions. The proposed method can be used for medical diagnostic of
maxillofacial pathology. Temperature gradients are observed in the affected
regions of patients, indicating abnormal blood flow in the affected region, which
is well correlated with the CT findings. The temperature in the affected regions
was about 0.45-1.1 °C above the normal regions. Results of this work indicate
that detection of maxillofacial pathology using thermal images shows a great
promise in helping to develop an objective screening tool in the near future.
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We present a method for diagnostic of maxillofacial pathology using thermal imaging. It is based on
the principle that the temperature of the area surrounding the damaged, prie-cancerous and cancerous
tissue is higher than that of a normal tissue. It was found, that face surface temperature asymmetry
higher than 0.4°C was associated with the presence of abnormality.
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Objectives: To evaluate thermal images (TIs) by using an algorithm for optimized region of
interest (ROI) and image segmentation, in order to find zones of the facial skin surface with
asymmetrical temperature, and to test consistency with CT findings, to detect maxillofacial
pathologies (i.e. tumours).

Methods: The following steps for the TI evaluation were applied: data acquisition/pre-pro-
cessing of frontal face and mouth projection, detection of face and mouth external contour,
finding face and mouth symmetry axis, calculation of differences in average and maximal
temperatures between left and right face and mouth sides, image segmentation of the selected
ROI, and evaluation of diagnostic accuracy by comparing the TI results with CT findings.
Results: In healthy subjects, the average temperature difference between left/right sides of
facial and mouth ROI was negligible (0.02 + 0.21 °Cand 0.05 % 0.19 °C, respectively; n = 23).
In the presence of tumour, the average temperature difference was higher in corresponding
TIs (0.47 £ 0.1 °Cand 0.66 + 0.1 °C, for facial and mouth ROI, respectively; n = 19, p < 0.05).
For large tumours, thermal asymmetry in the corresponding TI is easily detected, and image
segmentation is optional for finding the affected zone. For small or deeply localized tumours,
segmentation of the mouth cavity of the ROI was required for the detection of hot and cold
spots.

Conclusions: Asymmetrical temperature zones and their location as detected from thermal
images coincide well with the presence and localization of maxillofacial pathologies (i.e.
tumours) established by CT. However, accurate information could often be obtained only after
application of image segmentation algorithm to the selected ROI.
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Introduction

Infrared thermography (IRT) is a non-invasive, largely because the desired information cannot be easily

non-contact as well as inexpensive diagnostic method.
Because of its possibly high availability to large popula-
tions, its meets the essential requirements for a screening
modality for pathology (e.g. tumour) detection.!? Never-
theless, it is still not used for routine clinical diagnosis,
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extracted.

The first attempt to measure human facial tempera-
ture has been made as early as in 1996.> However, possi-
bilities to use IRT for detecting the presence of local
lesions in the orofacial region in humans have been
poorly explored, because the analysis of thermal images
(TIs) in the maxillofacial part is complicated due to its
elaborate anatomical structure. Therefore, for reliable
IRT analysis it is important to use the computational
algorithms. Development and application of adequate
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algorithms might help detect changed skin temperature
distribution in the affected zones, and automatically
processed evaluation of the images could possibly avoid
overdiagnosis when interpreting TI data. It has been
shown that accurate detection of the TI of the region of
interest (ROI) and use of image segmentation are crit-
ical steps in the analysis,* to help revealing lesions more
precisely.

In this study, we applied a new algorithm and demon-
strate that image segmentation of optimized ROI allow
detection of asymmetrical changes of skin temperature
in the maxillofacial region. We also aimed to examine
any relationship between the IRT and CT results, when
comparing the asymmetrical temperature zones and
their location in the TT with the lesions revealed during
CT.

Methods and materials

The study was carried out in accordance with the
European Community guiding principles outlined in
the Declaration of Helsinki, and was approved by the
Ethics Committee of Biomedical Research of Kaunas
Region, Lithuania (No.BE-2-31). We investigated 42
human subjects (23 males and 19 females) with an age
range of 15-86 years. They included patients (n = 19)
who after clinical evaluation were directed to a CT
procedure (in 2016) for suspected diagnosis of tumour
in the orofacial/maxillofacial region [16 males and 3
females; mean (+ standard deviation) age of 61.1 = 4.5
and 71.0 £ 11.0 years, respectively] and healthy volun-
teers (n = 23; 7 males and 16 females; mean age 40.4 +
6.0 and 51.3 £ 4.0 years, respectively), who were directed
for CT evaluation before the planning of tooth implan-
tation. The inclusion criteria was that the subject under-
went a CT procedure for a first time, and had no prior
surgical or drug treatment in the maxillofacial region.
The exclusion criteria were a history of surgical proce-
dures and/or traumatic injuries in maxillofacial region,
a drug treatment, or the presence of other, non-can-
cerous pathologies. The procedures were explained to
each of the subjects, and written informed consent was
obtained.

Data acquisition

Because there are various factors which might affect
the TI data, all patients were asked to avoid using medi-
cations, massage, physical exercise, facial cosmetics,
shaving, smoking, alcohol drinking, intake of tea or
coffee and large meals at least 1 h prior to the start of
IRT measurements.’

At a first step, prior to the CT scanning proce-
dure, the standardized thermograms were recorded for
everyone subject. This was done in order to avoid the
subsequent influence of X-rays and contrast agent on
the temperature profiles of the face. All subjects under-
went the same thermographic protocol adjusted for
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clinical application. Before starting IRT measurements,
all patients were thermo-equilibrated for 15 min in
the laboratory space (i.e. with a constant temperature,
humidity, no direct sunlight etc.).® During the measure-
ments each patient was instructed to sit up straight, and
the head was positioned in front of an infrared thermal
camera. Under the conditions of this study, the camera
was placed 1 m from the patient’s face. The camera’s lens
was manipulated to bring the subject’s face into focus.
The TIs of the face were taken in both the frontal closed
and open mouth projections. The TIs were coded and
stored on computer, to be later analyzed by an experi-
enced thermographer.

At the next step, each patient was scanned with a
multislice CT (Toshiba Aquilion ONE, Canon Medical
Systems, Japan), using identical scanning parameters
(contiguous 1 mm thick axial slices). All CT images were
analyzed by an experienced radiologist, and the diag-
nosis of the maxillofacial pathology was determined.

Finally, based on CT findings the diagnostic accuracy
of a new algorithm for TT analysis was evaluated. To
be able of comparing these data, the special procedures
were followed: pre-processing of the TI, detection of the
face/mouth edges, finding of the face/mouth symmetry
axis, calculation of temperatures (averaged and peak) of
the ROI, and image segmentation of the selected ROI.
The schematic experimental set-up and the sequence of
algorithmic calculations is presented in Figure 1.

Face contour detection

The pre-processing of TIs starts with checking the
thermal data structure (Table 1): the environment
conditions, the distance to camera, the emissivity of
the body etc. Then the edges of human face were deter-
mined (Figure 1b). The proper detection of facial edge
in a TI is an important process which allows preserving
its important structural characteristics, while reducing
the unwanted data from an image. In order to extract
such information, the image gradients created from
the original TI were used by looking for the maximum
and minimum in the first derivative of the temperature.
Hence, each pixel of a gradient image (Vf) measures
the change in temperature (d/) of that same point in
the original image in a given direction. To get the full
range of direction, the gradient images in the x and y
directions were computed as first order derivatives of
thermal image 7 in x and y direction:

V= 9L,
Vi =3 ()

At each point in the image, the resulting gradient magni-
tude was calculated using’:

Vf=1/Vi+ V.

@
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Figure 1  Schematic experimental system and principal steps of usage an algorithm for the analysis of thermal images. An infrared camera was
mounted on an upright frame and located 1.0 m from the face of the subject to be examined (a). The following main steps for TI evaluation were
applied: (a) acquisition/pre-processing and storage of raw thermal data, (b) detection of human face edges by creating image gradients (G, and
G - the convolution mask along x-axis and y-axis, respectively), (c) finding of orientation and position of the symmetry axis (Note: the larger axis
of an ellipse matches with the symmetry axis of the human face), (d) calculation of average and peak temperatures of both left/right facial ROI,
(e) evaluation of temperature differences (averaged and peak), and (f) image segmentation (if necessary) of selected facial ROI. The same steps
were used for analysis of the mouth cavity ROL IRT, infrared thermography; ROI, region of interest; TI, thermal image.

A Prewitt approximation was used, due to its simplicity
and low computational load, to find edges at points®
where the gradient values are maximal. An original
human face contour detection is presented in Figure 1b.
For the presentation of human face external contour as
the smallest convex polygon that contains all points of
the edge, the convex hull was calculated using the Quick
Hull method.” This convex hull was used to describe
the external boundary of the field in which temperature
changes were analyzed.

Finding the position and orientation of the symmetry
axis

Asymmetrical temperature distribution is an indicator
of lesion (i.e. pathology)."” Finding of facial symmetry
axis allows to separate left and right sides of the face and
to calculate skin temperature difference (A7) between
both sides by subtracting the right side-value from the
left.

The best fitting of human face edges to an ellipse,
formed from set of convex hull vertices, was used for the
identification of the facial axis symmetry (Figure 1c). The
least-squares criterion was used for the best fit estima-
tion. Hence, the major semi-axis of the ellipse represents
the facial symmetry axis, which was used for splitting
the field of analysis into two independent (left and right
side) areas. Then, the average (A7 ) and the maximal
(Az, ) temperatures were calculated and compared for
both sides of the human face (Figure 1d-e). Temperature

asymmetry higher than 0.4 °C was taken as indication
of the presence of a pathology.!!' The mouth cavity was
investigated using a similar approach and temperature
asymmetry evaluated.

Image segmentation of the leftlright region of interest
The appropriate side-of the ROI image was used for
determining isolines along which the temperature has
a constant value. The thresholding method for image
segmentation (Figure 1f) was used. This method is based
on threshold value to turn the region of TT into a binary
image. Using two neighbouring temperature thresholds
ti + At/2 and t; — At/2 , a range of temperatures related
to the region:

ti+ A2 >t >t — At/2 3)
can be defined as binary area g(x, y) having ¢, tempera-
ture. At is the temperature range of segment or tempera-
ture difference between neighbouring isolines. A filled
contour plot for displaying isolines and filling the areas
g(x, y) between the isolines using constant colours,
corresponding to the current temperature , colour map,
can be defined as:

i, if T(x, y) > t;
gx y)=9 t, ifti+ At2> T(x, y) > t; — At/2
to, if T(x, y) < t; )

Table 1 Measurement conditions for the TI session
Camera-to-object
Setting the emissivity as ~ Room temperature Relative humidity — Subject rest time before distance
Input quantity object surface property (°C) (%) test (min) (m)
Estimate values 0.98 22+0.1 60%5 15+0.2 1

Of note: there was no direct sunlight in the room, and air conditioning was switched off during the measurements. Values measured with an

infrared camera were stored in a computer file.
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where 7'(x, y) is the temperature of TI pixel at particular
location x, y.

The colour map is a representative tool for the evalu-
ation of facial pathology. The number and values of the
isolines are chosen automatically based on the minimum
and maximum values of face area. TIs were analyzed in
respect of the skin and mouths mucosal lining (epithe-
lium) temperature differences between the affected side
and the opposite normal side. The pathological region has
different temperature range and it can be highlighted in
different colour from the rest of the face. The place and
side of facial/mouth asymmetrical temperature identified
in the TI was compared with the findings of CT.

Evaluation of diagnostic accuracy

Patients with suspected diagnosis of maxillofacial
tumour were involved in this study. In general, CT was
used detect the presence of a tumour in the orofacial/
maxillofacial region. As mentioned above, the CT
images were analyzed by a radiologist. The CT-gener-
ated information on the absence/presence of lesion and
of its location was compared with the TT results for the
same patient (i.e. we checked whether the appearance
of asymmetrical temperature zone in the TI of selected
ROI as well as its location coincided with a CT data).

IRT imaging equipment

TIs were acquired using a commercially available
infrared thermal camera FLIR E8 (FLIR Systems, Inc.,
USA). The camera’s thermal sensitivity is 0.06 °C, reso-
lution is 320 x 240 pixels, and maximum temperature
range is —20 °C up to + 250 °C. All surface tempera-
ture profiles were analyzed using an image processing
software developed in Matlab R2014b (The MathWorks,
Inc., USA). The images were transformed into Matlab
readable data files by using special software Ther-
maCam Researcher 2.1 (FLIR Systems, Inc., USA). It is
to be noted that each TI must carry tinformation such
as temperature range with colour temperature scale,
emissivity of body, atmospheric temperature, relative
humidity, and patient-to-camera distance (Table 1).

Data analysis and statistics

The maximal and average temperatures of four human
face areas (two facial sides: left and right; and two mouth
cavity sides: left and right) were computed five times
in each image for normal and pathological cases. All
measurements were expressed as mean * standard devi-
ation (SD). The t-test was used to evaluate whether the
means of left and right sides are statistically different from
each other. The significance level was set at p < 0.05. The
two-sample 7-test analysis was performed in Matlab.

Results

Representative examples of TI maps from the frontal
projection of human face (a) and of mouth cavity (b)
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Figure 2 Thermographic images of young a 24-year-old male
without any health problems. No lesion detected during a CT evalu-
ation (not shown). Symmetrical temperature distribution of thermal
images obtained in a healthy subject: in the frontal closed (a) and
open-mouth projections (b) after finding the external contour of the
ROI (dot-dashed curve) and the symmetry axis (vertical line). Note:
no evident temperature changes in left/right sides. The corresponding
scale bar is given on the right side of the image in °C. ROI, region of
interest.

of a healthy subject (Case 1) are shown in Figure 2. The
TIs were processed in two steps, through the algorithmic
procedures for detecting the external contour of the ROI
and finding position of the symmetry axis. Calculated
temperatures for left/right sides of the selected ROI are
presented in Table 2 (see Case 1). Importantly, in all
healthy subjects (n = 23) there was no evident thermal
asymmetry in the TIs of the four areas examined: 35.85
+ 1.31 °C vs 35.82 * 1.33 °C for left and right side of
the face, respectively, and 36.72 + 1.55 °C vs 36.77 +
1.58 °C for left and right side of the mouth cavity. In
these subjects, calculated Az - (difference in mean
temperature) between the left/right sides of both facial
and mouth ROIs was negligible (0.02 + 0.21 °C and 0.05
+ 0.19 °C, respectively). In addition, Az (difference
in maximum temperature) values also were not signifi-
cant (0.02 £ 0.19°C and 0.03 £ 0.25 °C, respectively; p >
0.05). It should be noted that these patients underwent a
CT to evaluate the mandibular canal position before the
planning of tooth implantation.

In contrast, in case of pathology such as benign (n =
4) or malignant (n = 15) tumour, as detected by CT, the
TI of the same patients displayed a higher temperature
difference profile. Representative cases are presented
below.

Figure 3 shows a case of maxillofacial tumour. After
clinical examination, the patient was directed to a CT
procedure, because of visible deformity on the left side
of the face. As illustrated in Figure 3a, an axial section
of the CT scan image showed evident expansion on the
left side of the mandible, with apparent ground-glass
opacities and intact overlying bone and soft tissue.
This patient had histologically proven benign tumour,
namely fibrous dysplasia of the mandible. TI evaluation
revealed thermal asymmetry at the corresponding facial
side where lesion was present (Figure 3b), and the Az__
was of 0.87 °C. In addition, obvious thermal asym-
metry was seen in the TI of mouth cavity, as presented in
Figure 3c, where the pathological area is highlighted as
higher colour intensity. The highest temperature in that
area was > 38 °C (see Case 2 in Table 2). Of note, in this
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Table 2 Calculated temperatures for left/right sides of the ROIs from the TIs presented in Figures 2-5

Presented Lyeant, Lyt Lyeank Lyasr Al A1, IRT
Cases ROI (°C) (°C) (°C) (°C) °C) (°C)  (0l1) CT view
Case 1, f 3393 36,17 33,77 36,03 0,16 0,14 0 No lesion detected
a healthy subject +0,039 +0,04
m 35,08 36,97 3492 36,78 0,16 0,19 0
+0,013 +0,023
Case 2, the patient with benign f 34,42 36,45 33,55 36,23 0,87 0,22 1 Evident bone lesion on the
tumour +0,019 +0,017 left side-of the mandible
m 37,84 38,97 37,29 38,33 0,55 0,64 1
+0,023 +0,217
Case 3, the patient with f 35,50 38,14 35,52 37,96 0,28 0,18 1 A wide bone destruction
malignant soft tissue tumour +0,054 +0,032 zone on the right side-of the
m 36,85 38,15 3691 3857  —0,06  —042 1 mandible
+0,01 +0,017
Case 4, the patient with f 32.83 35,01 32,94 36,12 -0,11 -1,11 1 A hard palate bone
malignant tumour (deeply +0,015 +0,01 destruction zone
located) m 35,84 3782 3588 37.88  -004  -006 1
+0,085 +0,062

IRT, infrared thermography; ROI, region of interest; TI, thermal image: f, facial; m, mouth.

t o and z oo calculated values in mean temperatures for left (L) and right (R) sides of the ROIs; 7 and 7 .
temperatures for left/right sides of the ROIs; Az and Az : calculated differences in mean temperatures and in maximum temperatures between
the left/right sides of the ROIs; IRT(0/1): the computer-generated information on the absence (0) or presence (1) of temperatures asymmetry
detected by IRT; CT (view) : the CT-generated diagnosis on the absence/presence of lesion and of its location; Detected values presented as mean
+ SD.

: detected values in maximum

case thermal asymmetry was visible without additional
image segmentation. Nevertheless, after segmentation
the pathological zone became even more segregated and
visible (Figure 3d).

Figure 4 shows another case of tumour, where the
patient, after clinical examination, was directed for a CT
procedure, because of a painful buccal mucosa on the
right side. In this case facial deformity was negligible but
in an axial CT image, as presented in Figure 4a, a wide
bone destruction zone on the right side of the mandible
was seen. The patient had histologically proven malig-
nant soft tissue tumour, namely squamous cell carci-
noma (SCC). Despite the huge bone lesion in the
mandible, in the corresponding TI of the same patient
only slight Az and Az between left/right sides of the
mouth cavity were detected (Figure 4c): 0.06 and 0.42
°C, respectively (see Case 3 in Table 2). However, after
application of image segmentation (Az = 0.5 °C) for the
ROI, a higher temperature zone became visible in the

Figure 3 CT vs IRT images obtained in a 15-year-old male patient with fibrous dysplasia on the left

affected side. Figure 4d shows highlighting of the patho-
logical area with more intensive colouring. The highest
temperature spot reached 39.0 °C.

In some pathological cases, deformity due to maxil-
lofacial pathology can be negligible or even not visible.
Figure 5 shows a case in which the patient complained
of a weak pain deep in the mouth cavity during clin-
ical examination and, therefore, was directed for a CT
procedure. There was just very slight deformity of the
right oropharyngeal wall. The CT image of the patient,
presented in Figure 5a, displayed soft tissue infiltration
of the velum and the right parapharyngeal region, with
spread and local destruction of hard palate. Histo-
pathological diagnosis was SCC. In this case, there was
no visible thermal asymmetry in the TT of closed-mouth
(Figure 5b). The average temperature difference between
both sides of the face was just 0.1 °C (see Case 4 in
Table 2). Even in the open-mouth position there was no
clear temperature difference between right and left sides.

4 g i

L 37

36

13

M

3

2

1 31

side and with visible deformity of the

mandible in axial CT image of affected jaw (a) vs TIs in frontal closed-mouth (b) and in open-mouth projections (c). Note: in CT image (a) expan-
sion on the left side of the mandible with ground-glass opacities (marked by arrows) is evident. Accordingly, in the TIs there are evident asymmet-
rical temperature changes on the left side of the face (b) and of the mouth cavity before and after segmentation (c, d, respectively). Segmentation
highlighted the lesion in dark (marked by arrow). Other notations are the same as in Figure 2. IRT, infrared thermography.
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Figure4 CTvsIRTi images obtained in a 64 -year-old mdle patient with obvious pdlthOgl(.dl changes of malignant soft tissue tumour (SCC) on
the right side: in axial CT image of affected jaw (a) vs TIs in frontal closed-mouth (b) and in open-mouth projections (c). Note: in the CT image
(a) of affected jaw there is a wide bone destruction zone of the body of the mandible on the right (marked by oval). In the TI of the mouth cavity,
before and after segmentation (c, d, respectively), there is asymmetrical temperature on the right side, which the lesion region highlighted in dark
(marked by arrow). Other notations are same as in Figure 2. IRT, infrared thermography; TI, thermal image; SCC, squamous cell carcinoma.

However, after application of the image segmentation
algorithm (A7 = 1 °C) for the selected ROI, a local high
temperature zone, positioned deeply in mouth cavity,
appeared (Figure 5c).

A quantitative evaluation of all thermal images
collected from patients with tumours (n = 19) showed
higher temperature profiles in the affected region with
respect to the surrounding normal tissues. Figure 6
illustrates histograms representing the distribution of
the results of Az and Az . calculated between left
and right sides of the ROIs of human face and mouth,
for both groups of all subjects of the current study. Of
note, there was much wider distribution of temperature
differences between left/right side of the selected ROIs
in patients with maxillofacial tumours, when compared
with the healthy subjects (Figure 6, e-h vs Figure 6 a—d)
(see Discussion for possible reasons). In patients with
tumour, the mean values obtained for the facial and
mouth cavity ROIs were 0.47 + 0.1 °C and 0.66 * 0.1

°C, respectively, for the Az between left/right sides,
and 0.33 £ 0.14 °C and 0.74 % 0.18 °C, respectively, for
the Az between both sides. The differences between

pardmeters for mouth cavity ROI obtained in patlents
with tumours were statistically significant in comparison
with those obtained on healthy volunteers (p < 0.05).

Discussions

The overall aim of this study was to evaluate the use
of improved TIs of the maxillofacial area in the diag-
nosis of tumours. Improved TIs were obtained using
an image processing algorithm based on the optimized
ROI and image segmentation, when searching of zones
with asymmetrical temperature. We wanted to look for
possible correspondence between IRT and CT results.
The comparison revealed that the new algorithm, which
automatically processes analysis of the thermal images,
allows to detect lesions in the maxillofacial area and
to clearly display its location in the left or right facial/
mouth side, in consistence with CT evaluation for the
same patient. However, in some cases, segmentation
of the selected ROI was necessary for IRT for accurate
detection of asymmetrical temperature.

Since diagnosis accuracy depends on how well the
segmentation of the ROI was performed, we used an
algorithm allowing to obtain optimized selected ROI. In
our study, was calculated human facial/mouth external
contour as smallest convex polygon that contains all
points of the edge for both facial/mouth ROIs (see
Methods and materials). This allowed to get very
precise contouring of the selected ROI and overcome

Figure 5 CT vs IRT images obtained in a 65-year-old male patient without visible facial deformity due to malignant tumour (SCC): on the axial
CT image (a) vs frontal face TI (b) and open-mouth TIs before (c), and after segmentation (d), with the lesion region highlighted in dark colour
(marked by arrow). Note: on the CT image (a) there is a hard palate bone destruction zone (marked by an ellipse). In the thermal image there is
poor mouth’s temperature asymmetry (c), but after segmentation (d) a clear zone with higher temperature is seen on the right side, with the lesion
region highlighted in dark (marked by arrow). Other notations are same as in Figure 2. IRT, infrared thermography; TI, thermal image; SCC,

squamous cell carcinoma.

Dentomaxillofac Radiol, 48, 20180075

birpublications.org/dmfr

163



Use of IRT vs CT for maxillofacial pathology detection

Macianskyte et a/ 70f9
FA oy FAtmean MAL 0y MAlean

2 g 7 7 7
2
S 6 6 b 6 c 6 d
2
s
® 5 5 5 5 -
-
5! ¢ ! ¢ £
2 3 3 3 g
3 ] 2

2 2 2
£ ' '

1

ER

45 A1 07 03 0 03 07 i1 15 A5 -4 07 03 0 03 07 11 15 45 A1 07 03 0 03 07 11 15 -5 -1 07 03 0 03 07 11 15

7 7
123
T s e 9
2 =
g . :
w 4 4 £
o3 3 2
3 s
E-3) 2 £
£ 2
S 1 1
z, 0

45 A1 07 03 0 03 07 11 15 A5 A1 07 03 0 03 07 A 15 A5 -1 07 03 0 03 07 A1 15 45 A1 07 03 0 03 07 if 15

T i (c°) T difference (C°) Temperature difference (C°) Temperature difference (C°)

Figure 6 The distribution of temperature difference values for healthy subjects (a—d) vs patients with clinically confirmed maxillofacial tumours
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the inclusion of irrelevant data in evaluating of the TI,
in contrast to previous studies,'”'* in which geometric
shapes were used to define the ROIs. In most applica-
tions, IRT images obtained using non-optimized soft-
ware for the ROI detection contain information not
only within the area to be characterized, but also from
the surroundings. Consequently, this might not allow
to detect modest asymmetry in TIs of small or deeply
located lesion, especially when the lesion is close to the
mandibular joint that only emits limited heat. Further-
more, small and/or modest asymmetry of the A7 may not
be revealed due to eventual fat tissue, which is an effec-
tive insulator. Therefore, limited heat could be difficult
to detect without algorithmic calculations. The algo-
rithm used in the present study allows to overcome this
limitation.

Besides, we tried to detect symmetrical/asymmetrical
temperature distribution not in separate anatomical
regions as was done in previous studies,*!! but between
both (left/right) sides of the frontal face and mouth TIs.
A critical step was the determination of a symmetry
axis (see Methods and materials), which allowed to
compare the Az and Ar - values calculated from
left versus the right sides of facial and mouth cavity
images. When pathology was not detected upon CT
evaluation, as in the case of the healthy subjects, then
there was no temperature asymmetry between the sides
of the selected ROI. In contrast, when CT delineated a
tumour structure, later confirmed with histopathology
(in most cases SCC), then the left-vs-right asymmetry in
temperature was also obtainable in the TI. The Az loca-
tion corresponded to the location of tumour detected on
maxillofacial CT. The temperature difference between
lesion and normal zones was of 0.4 °C or higher. Of
note, when the tumour was large, then thermal asym-
metry in the corresponding TI was easily detected, and
image segmentation was not necessary but optional for

,and fAz_: differences in mean temperatures (fA7 ) and in peak temperatures (fAz ) between left and right sides of the face.
) and in peak temperature (mA¢,

between left and right side-of the mouth.

)

finding the lesion zone. However, if the tumour was
small in size and/or deeply located, then a segmentation
of the selected ROI was required for accurate detection
of asymmetrical temperature distribution.

As in the case presented in Figure 4, despite CT
images showing obvious bone destruction zone, the IRT
image can show only slight Az and no clear asym-
metry in the TI. Without additional segmentation such
small temperature distribution would be undetectable.
Image segmentation was helpful or required when the
tumour was deeply localized in the oropharyngeal region
(Figure 5). In this case, without image segmentation the
At was only of ~0.1 °C and hardly visible, possibly,
because of marginal changes of distance from the IRT
camera to the patient face. However, after the segmen-
tation of the mouth ROI, the TI appeared asymmetrical
the location coincided with the zone revealed during
CT evaluation. Quantitative evaluation of segmented
mouth ROISs revealed significantly higher values of the
At . (0.66 £ 0.1 °C vs 0.05+0.19 °C) and Az (0.74
+ 0.1 °C vs 0.03 £ 0.25 °C) for patients with maxillo-
facial tumour vs the healthy subjects, respectively. This
possibly suggests that image segmentation of the ROI
of mouth is of particular importance in searching for
thermal asymmetry in tumour affected zones, which
might be overlooked without such procedures.

In our study, as presented in Figure 6, the A7 values of
facial/mouth temperature detected in the healthy volun-
teers were much smaller in comparison with those of
the patients with tumours. Nevertheless, they were vari-
able as well. It is important to note that there was no
thermal asymmetry in the TIs of the healthy volunteers
even after segmentation of the selected ROI. In a study
by others, where young males (age range 18-30 years)
without any health problems were investigated, it has
been documented that facial Az values might be variable
even in quite homogeneous group.'’
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Variable At values could be explained the fact that
each group in our study were mixed and included
subjects with a different gender, age, ethnicity, and
socioeconomic status. In the current study the impact of
these factors was not evaluated, but it is known that they
have marked impact on the TI data. It is documented
that orofacial cancer most often arise in older subjects
and in users of tobacco and alcohol, with poor diet and
lower socioeconomic status,'® who usually are irregular
dental patients. However, in this study we do not provide
a comparison of such data.

On the other hand, physiological factors such as
local blood flow, sweating etc. are almost uncontrolled
factors that might change the Ar values. Besides, a 15
min equilibration time at the room temperature might
be not sufficient after exposure to severe cold, we cannot
exclude that Az values calculated for some patients were
influenced of the environmental temperature, since part
of IRT data were collected in cold season.

Undoubtedly, many factors could influence the distri-
bution of data obtained from the thermal images of both
groups (healthy volunteers or patients with tumours)
but this does not change the essence of the IRT diag-
nostic efficiency, i.e. capability to detect Az asymmetry
in the zone of lesion. Maxillofacial cancerous lesions
generate more heat, possibly because of an increased
blood supply, compared to the surrounding healthy
tissue. These differences, as shown in the current study,
can be detected by IRT, when using an image processing
algorithm with optimized ROI and image segmenta-
tion. In addition, our data indicate that in patients with
tumours, thermal information obtained after image
segmentation of the ROI of mouth cavity is more infor-
mative, when compared with the corresponding Ar
calculated from the facial skin (Figure 6, g~h vs Figure 6
e-f). These data possibly indicate that tumour in facial
area should provide heat for larger volume of tissues in
order to be visible in the TI, in contrast to the mouth,
formed mostly of the mucous membrane.

In the IRT literature,'”'® it has been proposed that
in malignant conditions there were no temperature
changes seen until the tumours were large enough
to cause necrosis, and this resulted in associated
cold spots. However, at present, no detailed analysis
has been presented about the rise of temperature
depending on tumour stage and/or size. Note that in
cases presented here no necrosis zones were obtained
in CT images, but we managed to detect clearly the
zones of asymmetrical temperature in the TI, when
segmentation for the selected ROI was applied. This is
in accordance with the opinion that infrared imaging
gives a reflection on metabolic activity that allows for
detection of tumour induced angiogenesis leading to
the development of vascularization much before any
other changes appeared.

Summarizing, the detailed comparison of TIs and
CT images obtained from the same patient, IRT revealed
the presence of temperature asymmetry as well as its
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location side (i.e. coincide with CT results) in all cases.
However, image segmentation should be used for accu-
rate unravelling of the affected zones, especially when
the tumour is small or deeply located. Importantly,
previous studies stated that the average temperature
difference between separate anatomical regions should
be about 0.4 °C,>!! in order to confirm the presence of
pathology. The results of the current study suggest that
such criterion may not always be valid. We showed that
even very small the temperature asymmetry (~0.1 °C) in
the TI could be detected with IRT, but image segmenta-
tion was needed for this.

Limitations

The segmentation of TIs enables us to highlight a local
higher temperature zone from the rest of the face/
mouth. Despite our algorithm for automatic processing
of thermal images the investigator should check the
computer-generated diagnosis, which is based on the
detection of zones with asymmetrical temperature. To
be able visualizing tumours at their early growth stages,
accurate calculations must be done. For this, application
of artificial intelligence algorithm should be applied,
and this will be explored in our future work.

Conclusions

The results of this study show that the presence of
asymmetrical temperature zones and their location,
as detected from thermal images, coincide well with
the presence and localization of maxillofacial pathol-
ogies established by CT. However, accurate informa-
tion could be obtained only after application of image
segmentation algorithm to the selected ROI. Our study
demonstrates that image segmentation could help in
identifying affected zones when pathology is small or
deeply located, and not seen from the TI.

Clinical relevance:

Contemporary gold-standard methods for maxillofacial
cancer detection and confirmation are CT scanning and
biopsy report. Unfortunately, both of them are not safe.
More importantly, they are most efficient for the diag-
nosis of late stages of the maxillofacial lesions, i.e. when
the anatomical changes are present. Therefore, cancer
detection, especially in its early stage, could benefit from
the use of thermal images.

* In our study, the applicability of IRT (a physiological
test) for the detection of maxillofacial lesion is based
on the correlation with results obtained using CT
evaluation (an anatomical test), and confirmation
with a histologically proven diagnosis of tumour.
Cancerous maxillofacial lesions generate more heat,
possibly, because of an increased blood supply, com-
pared to the surrounding healthy skin, and these Az



differences can be measured by IRT.

* A new IRT algorithm, that optimizes the chosen re-

gion (ROI), allows detecting the exact place where
the asymmetrical temperature in the maxillofacial
region originates. TI data validation by CT and his-
topathology is an important step toward the clinical
application of IRT for the evaluation of maxillofa-
cial lesions.

In the study, both techniques (CT and IRT) yielded
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Abstract: Traditional computed tomography (CT) delivers a relatively high dose of radiation to the
patient and cannot be used as a method for screening of pathologies. Instead, infrared thermography
(IRT) might help in the detection of pathologies, but interpreting thermal imaging (TI) is difficult
even for the expert. The main objective of this work is to present a new, automated IRT method
capable to discern the absence or presence of tumor in the orofacial /maxillofacial region of patients.
We evaluated the use of a special feature vector extracted from face and mouth cavity thermograms
in classifying TIs against the absence/presence of tumor (1 = 23 patients per group). Eight statis-
tical features extracted from TI were used in a k-nearest neighbor (kNN) classifier. Classification
accuracy of kNN was evaluated by CT, and by creating a vector with the true class labels for TIs.
The presented algorithm, constructed from a training data set, gives good results of classification
accuracy of kNN: sensitivity of 77.9%, specificity of 94.9%, and accuracy of 94.1%. The new algorithm
exhibited almost the same accuracy in detecting the absence/presence of tumor as CT, and is a
proof-of-principle that IRT could be useful as an additional reliable screening tool for detecting
orofacial /maxillofacial tumors.

Keywords: kNN  classifier;
orofacial /maxillofacial tumor

infrared thermal image; CT, machine learning algorithm;

1. Introduction

Infrared radiation from human skin can be described by an exponential function of
the surface temperature, which is influenced by the level of blood perfusion in the skin [1].
Unlike images created by X-rays or proton activation through magnetic resonance, thermal
imaging (TI) is not based on morphological analysis. The technique provides only a map of
the distribution of temperatures on the surface of the object imaged.

Infrared thermography (IRT), due to its apparent simplicity, is a feasible diagnostic
tool in medicine and has been used in various fields for analyzing physiological and/or
pathophysiological functions causing skin temperature changes for over 30 years [2] (for
review see [3-7]). It is a non-invasive, contactless, passive, and noxious radiation-free
technique that does not cause patient discomfort. However, it is still not widely used
in routine clinical diagnosis, largely because of the lack of clinically approved medical
devices, standardized protocols for IRT in medicine and, importantly, because the desired
information cannot be extracted easily.

Nowadays, the development of new generation IRT techniques using high-resolution
cameras has allowed the wide use of TI for better diagnostic capabilities. TI obtained with
modern technology may contain several thousands of temperature points and enables
accurate thermal mapping of very subtle changes in skin surface temperature that are
clinically significant.

Local skin temperature can be influenced by many diseases and/or pathologies (e.g.,
tumors, inflammation, infection, fever, chronic pain diseases, changes in nervous system

Sensors 2022, 22, 1985. https:/ /doi.org/10.3390/s22051985

https:/ /www.mdpi.com/journal /sensors

167



Sensors 2022, 22, 1985

20f15

function, etc.) as well as by psychophysiological events (for review see [5-7]). The skin
surface temperature is always the sum of all thermal processes taking place under the skin,
and an awareness of the underlying physiology must be considered when making clinical
decisions. So, the tissue temperature of the area surrounding a pathological zone can be
different from that of normal tissue, but various conditions can have opposite effects on
the temperature (e.g., low in necrosis or ischemia, high in inflammation). For a healthy
person, the thermogram shows uniform and symmetric variations in skin temperature,
and differences in selected areas from side to side are very small (~0.2 °C). In contrast,
pathological regions show abrupt variations in temperature [8,9]. Thermal symmetry in the
face is a normal finding in healthy subjects. Asymmetrical distributions of temperature as
well as the presence of hot or cold spots are known to be strong indicators of an underlying
dysfunction [9].

At present, IRT is most often used for the diagnosis and treatment monitoring of
breast cancer, skin melanoma, and other pathologies [1,10,11]. However, it is also of
potential importance for evaluating the development of pathologies in the early stages.
Early detection can facilitate the subsequent clinical management of patients. In order to be
practically relevant, systems of automated and computer-assisted IRT interpretation have
to be developed and trained. Therefore, the application of machine learning (ML) tools to
detect key features from complex datasets might be helpful [12] (for review see [13]).

The use of automated image analysis techniques is of particular importance in the
orofacial and maxillofacial regions [2]; because their elaborate anatomical structure, it is
very difficult to detect pathology (e.g., tumor) in the early stages. Usually, the patients are
directed to other diagnostic methods, often in late stages, when the orofacial /maxillofacial
tumor is already advanced in size and causes specific symptoms. To detect the tumor timely,
potential patients should be examined before they have any complaints. This would imply
that all healthy subjects undergoing preventive medical examination should be directed
to CT. However, due to the high risk of radiation and its high costs, CT cannot be used
as a screening method. Instead, ML IRT can be used as a non-invasive and radiation-free
routine diagnostic method, which by detecting early temperature changes in the affected
area, could enable to find the presence of possible tumors, and to timely direct the patient to
further investigation. However, there are currently no screening ML IRT tools for automatic
classification of human face and mouth cavity thermograms.

Considering the information presented above, the aim of this study was to develop a
new automated ML TI method capable to discern the presence or absence of physiological
abnormalities, due to tumors, by using skin surfaces temperature distribution in the
orofacial/maxillofacial region. Our recent study showed that accurate detection of the
facial TI, using an image processing algorithm based on the optimized region of interest
(ROI) and image segmentation when searching for zones with asymmetrical temperature
distribution, is a critical step for revealing maxillofacial tumors precisely [14]. In this paper,
we present a new efficient algorithm, which is supplemented with the kNN classification
scheme constructed from a training data set for TI features extraction and allows automatic
recognition of tumors. The new algorithm exhibited almost the same accuracy in detecting
tumor regions as CT and can be a fast method for efficiently classifying facial and mouth
cavity TI of patients into non-tumor vs. tumor cases. Therefore, we provide proof of
principle that IRT might be a complementary tool for doctors/radiologists to help in the
screening of tumors, especially at the earlier stages.

2. Materials and Methods
2.1. Patients

Forty-six patients, who underwent a CT procedure in the orofacial/maxillofacial
region during the years 2014 to 2016 at the Clinic of Radiology of the Hospital of the
Lithuanian University of Health Sciences (LUHS), were enrolled in this study. Written
informed consent was obtained before procedures. The inclusion criteria were: patients
who had no orofacial /maxillofacial history, but who after clinical evaluation by different
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physicians (e.g., maxillofacial-oral surgery, otolaryngologists, etc.) were directed to a CT
procedure for suspected pathology, and those who were evaluated before planning of tooth
implantation. The overall characteristics of the patients are summarized in Table 1, which
groups them depending on whether CT scan showed they had orofacial/maxillofacial
tumor (T-group) or not (i.e., control patients, relative to the presence of tumor; NT-group).

Table 1. Clinical characteristics of the patients.

Patient Data NT-Group T-Group
Age range (years) 18-78 18-86
Mean age (years) = SEM 495 +35 57.1+£28
Female, n (%) 17 (73.9) 8(34.8)
Male, 1 (%) 6 (26.1) 15 (65.2)
Total, 1 (%) 23 (100) 23 (100)
Anatomical regions
Detected by CT
Right-sided, 7 (%) 0(0) 10 (43.5)
Left-sided, n (%) 0 (0) 12 (52.2)
Both-sided, 1 (%) 0 (0) 1(4.3)

NT—non-tumor group, which includes patients with inflammatory diseases and with lymphatic nodes diseases
of the maxillofacial area, and having no tumor lesions on CT evaluation; T—tumor group, which includes patients
with different orofacial /maxillofacial tumors detected by CT and confirmed histopathologically.

The study was performed with the European Community guiding principles and with
the approval of the Ethics Committee of Biomedical Research of Kaunas Region, Lithuania
(no. BE-2-31, 3 June 2014).

2.2. Pre-Processing and Thermal Image Acquisition

The methods used for the TI data acquisition in patients have been described be-
fore [14]. In short, at the first step, a standardized TI was recorded for every patient prior
to the CT scanning procedure, in order to avoid the subsequent influence of X-rays and/or
contrast agents on the temperature profiles. All patients underwent the same thermo-
graphic protocol adjusted for clinical application, trying to minimize factors that might
affect the TI data (medications, facial cosmetics, intake of tea/coffee, smoking, physical
exercise, etc.). Before undertaking the measurements, all patients were thermo-equilibrated
in the laboratory for 15 min [10,14]. During IRT measurements, all of them were instructed
to sit as straight as possible. TI was taken from each patient’s face and mouth cavity (in
frontal closed and open mouth projections). Surface temperature profiles of each patient
were recorded and later analyzed.

The TI was captured using a commercially available FLIR E8 infrared thermal camera
(FLIR Systems, Inc., Wilsonville, OR, USA), which was positioned one meter away from
the patient’s face. TI was acquired using a resolution of 320 x 240 pixels, thermal sensi-
tivity of £0.06 °C, and a temperature range from —20 °C to +250 °C. The thermography
measurements were performed in controlled environments: relative humidity of 60 & 5%,
and temperature of 22 + 1 °C. Emissivity was set for the skin thickness value of 0.98 [14].

The TI captured by the IRT camera was subsequently transferred to a computer and
analyzed using image processing software in Matlab R2014b (The MathWorks, Inc., Natick,
MA, USA). The images were transformed into Matlab readable data files by ThermaCam
Researcher 2.1 (FLIR Systems, Inc., Wilsonville, OR, USA).

2.3. CT Scanning Procedure

After TI acquisition, every patient was CT scanned (Toshiba Aquilion ONE, Canon
Medical Systems, Otawara, Japan) using the same scanning parameters (thickness step of
1 mm), and CT-scan images were analyzed by a radiologist. CT was used as a gold standard
exam with regard to identifying lesions, and according to CT-scan findings, the patients
were divided into non-tumor (NT) and tumor (T) groups (Table 1).
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2.4. Experimental Protocol for TI Exploration
The proposed method comprises several steps, as presented in Figure 1.
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Figure 1. Flowchart showing the major steps of the study. Note: based on CT-scan findings, the TIs
were classified as NT (0) and T (1) cases, i.e., the absence/presence of tumor lesions, respectively.

As we have documented before [14], the algorithm includes: finding of orientation
and position of the symmetry axis of the human face or of the mouth cavity, which helped
calculate thermal features (see Table 2).
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Table 2. Terminology of statistical features extracted from TI.

Features Definition
ATy (°C) The difference between mean temperatures of R vs. L sides of the face.
ATy, (°C) The difference between mean temperatures of R vs. L sides of the mouth cavity.
AT fyax (°C) The difference between max temperatures of R vs. L sides of the face.

ATmmax (°C) The difference between max temperatures of R vs. L sides of the mouth cavity.

. The number of pixels in TI of the R (L) side of the face having AT degree
f higher temperature than the max temperature of opposite face side.

The number of pixels in TI of the R (L) side of the mouth cavity having AT
i degree higher temperature than the max temperature of opposite mouth
cavity side.

The difference of the absolute deviations of the temperature values of all pixels

ADEVy belonging to the R and L face side, respectively.

The difference of the absolute deviations of the temperature values of all pixels

ADEVn belonging to the R and L mouth cavity side, respectively.

R and L denote right and left side, respectively.

2.5. Detection of Human Face Edges

After acquisition and pre-processing of TI, the next step was the identification of
human face image boundaries. For edge detection, the gradient-based approach was used.
This approach is based on searching image points with a high gradient which corresponds
to the points where the gradient magnitude is maximal. The edge is detected by looking
for the maximum in the first derivative of the image.

TI gradient components in any direction were calculated using a convolution mask and
the equations given in Appendix A.1, and pixels with the large gradient magnitude values
were considered as edge pixels. The Prewitt method [15] was selected for its simplicity
and its low computational load. An original human face’s TI and the detected edges are
presented in Figure 2.

™

Figure 2. Original thermal image (a) and obtained human face edges (b).

2.6. Detection of Human Face or Mouth Cavity Symmetry Axis

In order to find the orientation and position of a human face’s symmetry axis, only
external face edge points are necessary. For the presentation of a human face’s external
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contour, the smallest convex polygons that contain all the edge points were determined
using the convex hull algorithm [16] (see Appendices A and A.2). The convex hull of the
edge image is a set of pixels included in the smallest convex polygon that surrounds all
edge pixels and was used to describe the external boundary of the field, where temperature
changes were analyzed. The selected points formed the convex hull (Figure 3a).

38

Figure 3. Estimated convex hull contour points (a) and symmetry axis (b) of a human face.
The symmetry axis (continuous black line) is the major axis of the ellipse (dot line). Note: Nor-
mal color and thermal properties without abnormalities are presented. The corresponding scale bar
is given on the right side in °C.

The ellipse best fitting the set of convex hull vertices, using least-squares criterion, was
used for the identification of axis symmetry of the face (Figure 3b).

In the same way, the edges of the mouth cavity were extracted from the calculated
convex hull. This symmetry axis was used for splitting the field of analysis into two
independent mouth cavity regions of the TI (Figure 4) (see Appendices A and A.3).

Figure 4. Estimated convex hull of mouth cavity contour points. Note: normal color and thermal
properties without abnormalities are presented.
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2.7. Recognition of Tumor Region

For detecting tumors, using extracted areas of TI, the feature vector for each patient
was created. The temperatures of individual pixels of four areas were used to calculate the
features (ATf, ATy, ATfm,,x, AT yimax, g, M, ADEVf, and ADEV,,) (Table 2) for each patient
(see Appendices A and A .4).

Of note: since in the study the majority of patients in the control group also had
pathologies (e.g., inflammation) but no tumor; therefore, as was suggested before [9],
the major inclusion criterion in the control group was to have thermal asymmetry (AT) be-
tween both facial /mouth cavity sides not higher than 0.4 °C. Accordingly, when comparing
the difference between temperatures of the left and right side of the NT class versus the
T class, a temperature asymmetry higher than 0.4 °C was taken as being associated with
the presence of abnormality [9]. Therefore, such a temperature difference can be used as a
basis to form feature vector for a single patient.

The number of TI pixels of one given side of the face or mouth cavity having AT
degree higher temperature than the maximal temperature of opposite side was calculated
using histograms of both sides.

2.8. Training Procedure and Automatic Classification

For training of the system, each feature value has been calculated as average from
five estimates of the same TI. This is done because the calculation of feature vector values
requires estimating the contour of the face or the mouth cavity, which sometimes involved
changing the positions of a few points. Feature vectors of NT-group patients (i.e., with-
out tumors) and of T-group patients (i.e., with different orofacial /maxillofacial tumors)
were stored as feature matrices in computer memory for the classification into classes,
i.e., absence (0) or presence (1) of tumor, respectively.

In this study, the k-nearest neighbor (KNN) classification scheme [17] was used for the
TIs, because the kNN has a tendency to work best on smaller data sets that do not have
many features. The model of the kNN classifier is based on feature vectors and class labels
from the training data set.

The kNN classifier is commonly based on the Euclidean distance between a test sample
and the specified training samples:

d= Y (et — ey, M

where p is the size of the feature vector, x/*! is the value of the sample vector representing
features of test TI, x7%" is the values of the vector representing features extracted from TI,
used for training.

During the classification stage, the vector values representing features extracted from
TI of one patient are compared with the values in the feature matrix created during the
training. Because the number of nearest neighbors has been selected as k = 1, then the
patient data are simply assigned to the class of single nearest neighbor, representing the
corresponding group of patients (NT or T).

In the study, such feature vectors were calculated for all patients. Thereafter, the
dataset were randomly divided into two subsets for training and testing. The training
subset involves only half of the data: 12 NT-images of patients without tumor lesions and
12 T-images of patients with tumor changes. The trained-test split procedure was repeated
12 times and different datasets were used for training and testing of the presented method.

The kNN algorithm assigns a category to observations in the test dataset by comparing
them with the observations in the training dataset. Because we know the actual category of
observations in the test dataset, the performance of the NN model can be evaluated.

For estimating the correctness of classification/misclassification of the method pre-
sented here a confusion matrix was formed and the accuracy, sensitivity, and specificity
values were calculated. Classification accuracy was evaluated by CT, and by creating a
vector with the true class labels for obtained TI. Furthermore, the comparison of this vector
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with the results of classification obtained using was performed. The rate of correct solutions
was selected as recognition accuracy parameter. It can be calculated as a ratio between
the correctly classified TI to all the obtained data. The sensitivity of kNN classifier was
calculated as the ratio between the number of correctly classified T-cases and the number of
true T-cases. The specificity of the classifier was calculated as the ratio between the number
of correctly classified NT-cases and the number of true NT-cases.

2.9. Statistical Analysis

All diagnostic data of the patients obtained by CT were classified either into NT-group
(without tumors) or T-group (with tumors). The t-test was used to evaluate whether the
values of a particular feature for NT-group are significantly different from values of the
same feature for the T-group. If this holds, then the feature can be used to differentiate all
data. This analysis is used for the analysis of a two-group experimental design. We used a
significance level of p < 0.05 for statistical tests. The average temperatures of individual pix-
els of four human face areas and the independent samples t-tests of features were computed
for each study group. All features were expressed as mean + standard deviation (SD).
The two-sample t-test analysis was performed in Matlab. In addition, a receiver operating
characteristic analysis (ROC) was used for the comparison of diagnostic efficiency.

3. Results
3.1. Experimental Verification of the Method

For each of the 46 patients, two frontal images of the face and of the mouth cavity were
investigated. The mean temperature within each ROI was calculated and the difference
between the affected region vs. the unaffected region in the opposite facial/ mouth side was
evaluated. As expected, temperature distribution between left and right parts of the human
face as well as of the mouth cavity was symmetrical for TI of the NT-group (AT < 0.4 °C)
(see Figures 3b and 4, respectively) and matched well with the CT-scan findings (not
illustrated), where no visible tumors in the orofacial /maxillofacial region were obtained.
In contrast, in the T-group the size and location of tumor as revealed by CT coincided well
with the higher temperature zones (AT > 0.4 °C) obtained in the corresponding TI. Figure 5
shows a comparison of the images between the tumor area, detected with a CT (Figure 5a),
and the presence of a changed thermal area, obtained with IRT (Figure 5b,c), for the same
patient. Note that when the tumor is large in size, the affected zone could be identified
easily from the TI without any additional processing [14].

. _ . %8
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Figure 5. Mapping of a CT-scan image with TI without preprocessing and after segmentation.
A CT-scan image (a) is presented in the axial plane and shows large infiltrative pathologic masses on
the left side (marked by an oval ellipse). The TI of the same patient is presented in an open mouth
position, and the area with higher temperature could be seen on the left side of the mouth cavity
before (b) and after the segmentation (c) of images. The corresponding temperature scale bar is given
on the right side in °C.
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Segmentation, as presented in Figure 5c, is used to represent the area of the tumor
in a more meaningful and easy-to-analyze way. The filled contours are used to assign a
color to each pixel in the image so that pixels of the same color have a temperature within a
specified narrow range.

3.2. Evaluation of Diagnostic Accuracy

Table 3 provides the mean values of these features for the two classification classes,
NT and T, representing data in the absence/presence of tumors.

Table 3. Feature vectors formed for the TI of both NT (1 = 23) and T (1 = 23) groups.

Group Aty,°C Atfnar, °C ny ADEV; At,y, °C Atymax, °C - ADEV,,
NT 014+0037 015+0038 0086 +007 011740128 016+0.032 02240036 0304+019 0063 + 0.015
T 02340087 02240062 248+185 004140012 046+0.143  056+0.169 4857 +226  0.139 + 0.043

NT- and T-patients without orofacial tumors and patients with obvious orofacial tumors, respectively;
for definition of features (ATy, ATy, ATfax, ATwmmax, nf, 1tm, ADEVy, and ADEV,,) see Table 2. The significance of
the difference between NT vs. T data was evaluated using confidence intervals. Note: only the mouth cavity data
have statistical significance at a confidence level of 95%. However, at a confidence level of 90%, all data have
statistical significance (not illustrated).

After classification of all TI into two classes, the following performance values with
the presented method were obtained using equations described previously [18]: sensitivity
of 77.9%, specificity of 94.9%, and accuracy of 94.1%.

In addition, for the verification of the formed confusion matrix, the associated receiver
operating characteristic curve (ROC), as presented in Figure 6, was built. The area under
the ROC curve indicates the overall performance of a diagnostic test in terms of its accuracy
at various diagnostic thresholds used to discriminate cases and non-cases of a disease [19].

1.0
0.8
0.6

0.4 1

TRUE POSITIVE RATE

0.2

0.0

0 0.2 0.4 0.6 0.8 1
FALSE FOSITIVE RATE

Figure 6. The ROC curve of the statistical test built. The true positive rate is plotted as a function of
the false-positive rate. The area under the ROC curve (AUC) combines measures of sensitivity and
specificity. The larger the AUC, the better the performance of the diagnostic test to correctly pick up
cases with and without pathologies. AUC is 0.8769.

4. Discussion

This paper aimed to provide a proof-of-principle that a new automated ML TI algo-
rithm is capable to help discern the presence and absence of tumors using skin surfaces
temperature distribution in the human face. Since in medicine, careful interpretation of
results is essential, we performed the comparison between CT findings and TI obtained
with IRT, to identify tumors in the selected orofacial/ maxillofacial region. Our study rests
on the selected threshold for AT values when describing the level of pathology, i.e., lower or
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higher than 0.4 °C, corresponding to the absence or presence of the pathology, respectively.
Calculations performed in our study confirmed such threshold conditions as was suggested
before [9]. In our study, if we used a threshold lower than 0.4 °C (e.g., 0.35 °C), some of the
“control” patients were ascribed to pathology (more false-positive cases). In contrast, when
the threshold was higher than 0.4 °C, then some of tumor patients were ascribed to “control”
patients (more false-positive cases). Accordingly, this confirmed that the optimal threshold
under our experimental conditions is similar to the one used previously by others [9].

The proposed algorithm revealed that the presence of tumors defined by CT perfectly
corresponded with the higher temperature zones defined by the IRT. Here, the employed
automated image analysis technique provided highly reproducible findings, and no patients
with orofacial/maxillofacial tumors were misdiagnosed. This suggests that ML IRT imaging
examination is efficacious and, possibly, could be used as a non-invasive routine diagnostic
method to detect early temperature changes in the affected region of the human face.

IRT as well as the asymmetry technique, by measuring regional temperature, which is
a natural index of physiological function, can provide crucial information on the presence,
location, and severity of alterations due to tumor. Therefore, on the one hand, due to its
safety and exact recognition of tumor zones, the IRT method could be a useful supplement
to the conventional method and may help in the medical as well as in the healthcare fields
for the initial examination of patients. On the other hand, IRT still is not applied in the
routine diagnosis of patients in the clinic, due to lack of certified thermal tools available to
physicians, absence of standards for setting an appropriate ROI, of unified protocols, and
overall requirements for the qualification of medical thermologists for clear interpretation
of obtained TI. In addition, there are a lot of other reasons why thermal imaging is not
applied in clinical routines, especially due to artefacts caused by facial hair, skin conditions,
scars, “blushing” effect, asymmetrical distribution of adipose tissues, facial paralysis, veins
near the superficial layer of the skin, etc. To date, IRT has been adopted extensively in the
early detection of breast cancer [20-23], but for orofacial tumor detection, the available
evidence is limited and weak [24,25]. It should also be underlined that according to the
newest healthcare guidelines [26,27], current evidence does not support the routine use
of thermography as a screening procedure in either field of clinical diagnosis. This is
because there is insufficient evidence to conclude that IRT (including magnetic resonance
thermography and temperature gradient studies) benefits tumor evaluation and because
all technical findings require to complete the final interpretation, which would prevent
overdiagnosis and misinterpretation of the TI findings.

In this respect, ML IRT can serve as a versatile screening method for giving the cor-
rect answers in the diagnosis of absence or presence of tumors, avoiding very subjective
interpretation of the images. Major ML technical advances have been accomplished in
recent years with the development of appropriate algorithms for the automatic detection of
abnormalities [28-30] (for review see [12]), which help in interpreting imaging findings as
well as minimizing errors or misinterpretation of images. Nevertheless, to our knowledge,
nowadays there are no appropriate ML IRT algorithms for the screening of tumors in the
facial region, especially for the detection of tumors in early stages. Our automated analysis
algorithm could possibly be used for this early detection of both orofacial and maxillofacial
tumors, but more extensive studies will be needed to test this. The algorithm has been
successfully designed to recognize both trained and untrained data. The presented algo-
rithm for extracting features of TI gives good results of the k-nearest neighbor classification
scheme. The classification accuracy is 94.1%. The presented method is simple, exhibits quite
good performance, and does not require significant computational resources, allowing data
collection for long time periods using a small battery as a power source.

In summary, the predictive power of ML IRT has not been fully exploited. Beyond
obtaining a good classification accuracy, for more accurate recognition the artificial neural
network or support vector machine (SVM) classification algorithms can be used. A primary
limitation of the study might be related to the small input data amount. The larger the
training complex, the more accurate the existence of the tumor can be predicted. Another
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limitation can be linked with the absence of a real control group, including human subjects
without inflammation, infection or immune reactions, as would be expected for healthy
volunteers. One more limitation can be linked to a late stage of the pathology because in
most of the patients the abnormal structures were already advanced in size and caused
specific symptoms. To detect the pathology in the early stages, patients should be examined
before they have any complaints. Unfortunately, at the moment only a few patients passed
this criterion. Therefore, data from larger groups of patients are needed before the algorithm
could be used as a non-invasive routine diagnostic method, especially for the early detection
of tumors. As future work, more cases will be added to the classification states, and more
experimental tests with more persons, including healthy volunteers, will be carried out.

5. Conclusions

We present a novel approach to the problem of recognition of orofacial /maxillofacial
tumors using TI. The approach reveals that the new algorithm exhibited nearly the same
accuracy in detecting tumor-affected regions as CT. Therefore, this is a proof-of-principle
that the presented algorithm could be a fast method for efficiently classifying facial and
mouth cavity images into non-tumor and/or tumor cases. The proposed algorithm is
promising as a useful and reliable screening tool and, possibly, for the early detection of
tumors in the orofacial /maxillofacial region. In addition, it may assist in providing a clearer
interpretation of TI, avoiding reliance on subjective criteria.
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Appendix A
Appendix A.1. Calculation of TI Gradient Components

Each gradient component of the TI can be calculated using a convolution, and gives the
value of the gradient in any direction as shown in the following relationships
(Equations (A1) and (A2)), respectively [15]:

Vi =1(x,y)* Gy, (A1)

Vy =1I(x,y) * Gy, (A2)

where I(x,y) is the temperature value of (x,y) pixel of the TI; * denotes the two-dimensional
convolution operation, Gy is the convolution mask along x axis; and Gy is the convolution
mask along y-axis, which can be described using Equations (A3) and (A4), respectively:

-1 -1 -1
Gr=| 0 0 0 |, (A3)
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-1 0 1
Gy=|-10 1], (A4)
-1 0 1

The kernels were applied separately to the input image. This allowed producing sepa-
rate measurements of the gradient component in each orientation. In this case, the gradient
magnitude of each orientation was calculated using the Equation (A5):

V() = /24 V3, (A5)

After the gradient magnitude image had been computed, pixels with the large gradient
magnitude values were considered as edge pixels.

Appendix A.2. Determining the Facial Symmetry Axis

The convex hull of the edge image is a set of pixels included in the smallest convex
polygon that surround all edge pixels and was used to describe the external boundary of
the field, where temperature changes were analyzed.

The convex hull of a finite set of points in a plane was computed using the Quick Hull
method [16]. First, points with minimum and maximum x coordinates were found. These
two points were used to form the line dividing the set into two subsets of points, to be
processed recursively. In a next step, on one side of the line, the point with the maximum
distance from the line was determined. The two points found in the first step along with
this new one forms a triangle. Points lying inside of this triangle are not a part of the convex
hull and were ignored. This recursive processing was repeated. All points right of the
triangle were used as a new subset and everything to the left of it was used as another
subset. If the subset only contains the start and end points of the dividing line, then this
line must be a segment of the searched hull polygon and the recursion can come to an end.
The same operation of forming lines and triangles was repeated until no more points were
left: the recursion had come to the end, and the selected points formed the convex hull (see
Figure 3).

In the case where the temperature of the chin region is close to the neck temperature,
then the final contour of the lower part of the face cannot accurately represent the actual
contour. In such a case, the interactive change of a few point coordinates is necessary.

Because the points of the contour do not lie exactly on the ellipse, then we would have
m equations of the following general form [31]:

ax,2 + bxjy; + cy,-z +dxi+ey+f=ri (A6)

where a, b, ¢, d, e, and f are constants of the ellipse polynomial equation, ; is residual.
The system of m equations can be written in matrix form as:

d oxmym oyl omom 1 a r
: : T b :
2oy ooy L[ o= (A7)
: : R e :
xgz XmYm y% Xm  Ym 1 f "m

The problem then is to estimate the model parameters a, b, ¢, d, e, and f such that the
least-squares criterion of residuals r is minimized. The criterion is the sum, S, of squared
residuals, which was calculated as:

S=Y" 12— min, (A8)

The larger diameter or major axis matches with the symmetry axis of the human
face and divides the face TI into left and right sides, as is shown in Figure 3. The center
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coordinates (x¢,yc) and clockwise angle ® between the x-axis, and the major-axis of an
ellipse was calculated [32]:
cd —bf

X = 2 —ac’ (A9)
af —bd
Ye=17—0 (A10)
0 forb=0,a<c
in forb=0,a>c
o= Jetan™(%5€) forb#0,a<c (ALD)

1 c tan—] (u;bc

S|
+
Sl

) forb#0,a>c

Appendix A.3. Detection of Orientation and Position of Mouth Cavity’s Symmetry Axis

The edges of the mouth cavity were also extracted using the convex hull method. It is
difficult to fit an ellipse to the mouth cavity contour. So, the x position of the symmetry axis
was estimated as the centroid of a finite set of contour points using the following equation:

Xp+x+- -+ x
P b R T (A12)
k
where x1, X2, ... Xxi are x coordinates of contour points; k—number of contour points.
The axis of symmetry is the line that is perpendicular to the x-axis that passes through the
point x¢, and was used for splitting the mouth cavity into two independent TI regions (see
Figure 4).

Appendix A.4. Calculation of Temperature Differences and of Number of Pixels

The difference between average temperatures of right and left sides of the face or
mouth cavity can be expressed as:

1 N 1 Nr
At = N Yoti— Nr Yo ki | (A13)

where t; and tg; is the temperature of i pixel in left and right side area, respectively;
N, and Ng—the number of pixels in left and right side area, respectively.

The number of pixels in the TI of the right (left) side of the face or mouth cavity
having AT degree higher temperature than the maximal temperature of opposite side was
calculated using histograms of both sides:

N
Yt nti, for Trmax > TRmax + AT

=0T g
n= Z,I\EIT{ nRi, for Trumax > TLmax + AT 4 (A14)
Rimax
0, for [ Trmax — Tumax| < AT

where Tgryax, Trmax—maximal temperature of right and left side, respectively, i, —
index of bin having Tp,,,, temperature, Ny—number of bins in histogram, and #;—number
of pixels in i bin. The number of bins Ny can be calculated from a suggested bin width
oT as: T T
max min
NH - T/
The brackets indicate the ceiling function. In this way, a feature vector has been
constructed for each patient.

(A15)
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1 priedas / Appendix 1

clear all
close all

%fprintf(1,'\n");

patient = input('Paciento pavarde:', 's');
cd(patient)

% Nuskaitom profili

fprintf(1, '\n");

format_image2 = 'MAT';

image_name = 'M1';

ima_name = [image_name '.' format_image2];
Structura = load(ima_name);

f = fieldnames(Structura);

ima_names = ['Structura.’ f{1}];

Iprad = eval(ima_names);

Iprad = Iprad - 273.15;

[hI, wI] = size(Iprad);

imagesc(Iprad)

colormap(jet)

hd2 = imrect(gca, [0.1*wI, ©.01*hI, 0.8*wI, ©.7*hI]); % Pataisyta 0.8*hI i 0.8*wl
poposition = wait(hd2);

xyv2 = getPosition(hd2);

I = imcrop(Iprad, xyv2);

[junk, threshold] = edge(I, 'prewitt');

cv = edge(I, 'prewitt', threshold, 'vertical'); % Pataisyta 1*threshold i threshold
cv = bwareaopen(cv, 20, 8);

[h, w] = size(cv);

k =0;
x = []; % Inicijuoti x ir y tusc¢iais masyvais
y = [1;

for i = 1:w
for j = 2:h-1
if cv(j, i) > o

k =k + 1;

x(k) = 1i;

y(k) = 3;
end

end
end
[KD, AA] = convhull(x, y);

xvd = x(KD(:));
yvd = y(KD(:));
polin = [xvd' yvd'];

scrsz = get(@, 'ScreenSize');
figure('Position', [1 scrsz(4) scrsz(3)/1.5 scrsz(4)])

imagesc(I)
colormap(jet)

hh = impoly(gca, polin);

xlabel('Ar priimtini veido konturai? Jei ne, redaguokite juos?')
position = wait(hh);

% Formuojam apdorojamu duomenu masyva

MaskeD = createMask(hh); % Pakeista hh.createMask i createMask(hh)
nPadetisD = getPosition(hh); % Pakeista hh.getPosition i getPosition(hh)
Analize = I .* MaskeD;
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% Apskaiciuojam veido simetrijos asi

[Xc, Yc, A, B, Phi, P] = ellipsefit(nPadetisD(:, 1), nPadetisD(:

[virsus, indx] = min(nPadetisD(:, 2));
virsus = min(nPadetisD(:, 2));

apacia = max(nPadetisD(:, 2));

kaire = min(nPadetisD(:, 1));

desine = max(nPadetisD(:, 1));

Xa = Xc + (apacia - Yc) * tan(pi/2 - Phi);
Xv = Xc + (Yc - virsus) * tan(Phi - pi/2);

kvidurys = Xc;
line([Xa Xv], [apacia virsus]);
slope = (apacia - virsus) / (Xv - Xa);

[aukstis, plotis] = size(Analize);

% Skaiciuojam viduriniu sriciu vidutines temperaturas
S1 = 0;
k = 0;
PriekisK = zeros(aukstis, plotis); % Inicijuoti PriekisK masyva
for i = 1:apacia
galas = plotis;
pradzia = round(((Yc - i) / slope) + Xc);
for j = pradzia:galas
PriekisK(i, j) = Analize(i, j);
if Analize(i, j) > o
S1 = S1 + Analize(i, j);
k =k + 1;
end
end
Tmk1(i) = max(Analize(i, pradzia:galas));
end
Tkl = S1 / k;
Tkilmax = max(Tmk1);
Tkimin = min(min(PriekisK(PriekisK > 0)));

S2 = 0@;
1=o0;
PriekisD = zeros(aukstis, plotis); % Inicijuoti PriekisD masyvga
for i = 1:apacia
pradzia = 1;
galas = round(((Yc - i) / slope) + Xc);
for j = pradzia:galas
PriekisD(i, j) = Analize(i, j);
if Analize(i, j) > o
S2 = S2 + Analize(i, j);

1=1+1;
end
end
Tmd1(i) = max(Analize(i, pradzia:galas));
end
Tdl =S2 / 1;

Tdlmax = max(Tmdl);
Tdimin = min(min(PriekisD(PriekisD > 90)));

» 2));5

kiekisd = (Tdlmax - Tdlmin) / 0.01; % histogramos tikslumas (ilgis)

kiekisk = (Tklmax - Tkimin) / ©.01;

[histD, td] = hist(PriekisD(PriekisD > @), kiekisd);
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[histK, tk] = hist(PriekisK(PriekiskK > @), kiekisk);
[rr, rkK] = size(histK); % histogramos masyvo reiksmiu skaicius
[rr, rkD] = size(histD);

tikrasmaxD

td(rkb - fix(rkD * 0.001));

tikrasmaxK = tk(rkk - fix(rkK * 0.001));

nd = 0;
nk = 0;

if (tikrasmaxD - tikrasmaxK) > @

for i = fix(kiekisd):-1:1

if (td(i) - tikrasmaxK) > 0.4
nd = nd + histD(i);

end
end

elseif (tikrasmaxK - tikrasmaxD) > ©

for i = fix(kiekisk):-1:1

if (tk(i) - tikrasmaxD) > 0.4
nk = nk + histK(i);

end
end
else
nk = 0;
nd = 0;

end

% Nuskaitom burnos ertmes vaizda

fprintf(1, "\n');

format_image2 = 'MAT';

image_name = 'M2';

ima_name = [image_name

Structura = load(ima_name);
f = fieldnames(Structura);
ima_names = ['Structura.' f{1}];
Iprad4 = eval(ima_names);
Iprad4 = Iprad4 - 273.15;
[hI, wI] = size(Ipradd);

scrsz = get(@, 'ScreenSize');

. format_image2];

figure('Position’, [1 scrsz(4) scrsz(3)/1.5 scrsz(4)])

imagesc(Iprad4)
colormap(jet)

hd4 = imrect(gca, [0.1*wI, 0.01*hI, 0.8*wI, ©.7*hI]); % Pataisyta ©0.8*hI i 0.8*wI
poposition = wait(hd4);
xyv4 = getPosition(hd4);
I4 = imcrop(Iprad4, xyv4);

[junk, threshold]

edge(14,

"prewitt');

cv4 = edge(I4, 'prewitt', threshold, 'vertical'); % Pataisyta 1*threshold i threshold
%cv4 = bwareaopen(cv4, 20, 8);

[h, w] = size(cv4)
k = 0;

>

x4 = []; % Inicijuoti x4 ir y4 tusciais masyvais

ya = [1;
for i = 1:w
for j = 2:h-1
if cv4(j,
k =k
x4 (k)
y4(k)

i) >

1;
i;
s

184



184 end

185 end

186 end

187 [KD4, AA4] = convhull(x4, y4);
188

189 xvd4 = x4(KD4(:));

190 yvd4 = y4(KD4(:));

191 polin = [xvd4' yvd4'];

192

193 scrsz = get(®, 'ScreenSize');

194 figure('Position', [1 scrsz(4) scrsz(3)/1.5 scrsz(4)])

195

196 imagesc(I4)

197 colormap(jet)

198

199 hh = impoly(gca, polin);

200 xlabel('Ar priimtini burnos konturai? Jei ne, redaguokite juos?')
201 position = wait(hh);

202 % Formuojam apdorojamu duomenu masyva

203 MaskeB = createMask(hh); % Pakeista hh.createMask i createMask(hh)
204 nPadetisB = getPosition(hh); % Pakeista hh.getPosition i getPosition(hh)
205 Analize4 = I4 .* MaskeB;

206 [aukstis, plotis] = size(Analize4);

207

208 % Apskaiciuojam burnos simetrijos asi

209 [Xc, Yc, A, B, Phi, P] = ellipsefit(nPadetisB(:, 1), nPadetisB(:, 2));
210 [virsus, indx] = min(nPadetisB(:, 2));

211 virsus = min(nPadetisB(:, 2));

212 apacia = max(nPadetisB(:, 2));

213 kaire = min(nPadetisB(:, 1));

214 desine = max(nPadetisB(:, 1));

215

216 Xba = Xc + (apacia - Yc) * tan(pi/2 - Phi);

217 Xbv = Xc + (Yc - virsus) * tan(Phi - pi/2);

218

219 1line([Xc Xc], [1 aukstis]);

220 slopeb = (apacia - virsus) / (Xbv - Xba);

221 % Skaiciuojam burnos sriciu vidutines temperaturas

222 S5 = 05

223 k = 0

224 BurnaD = zeros(aukstis, plotis); % Inicijuoti BurnaD masyva

225 for i = l:aukstis

226 galas = fix(Xc);

227 pradzia = 1;

228 for j = pradzia:galas

229 BurnaD(i, j) = Analize4(i, j);
230 if Analize4(i, j) > o

231 S5 = S5 + Analize4(i, j);
232 k =k + 1;

233 end

234 end

235 Tmbd(i) = max(Analize4(i, pradzia:galas));
236 end

237 Tbd = S5 / k;
238 Tbdmax = max(Tmbd);
239 Tbdmin = min(min(BurnaD(BurnaD > 0)));

240
241 S6 = 0
242 1 = 0;

243 BurnaK = zeros(aukstis, plotis); % Inicijuoti Burnak masyvag
244 for i = 1l:aukstis
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245 galas = fix(plotis);

246 pradzia = fix(Xc);

247 for j = pradzia:galas

248 BurnaK(i, j) = Analize4(i, j);

249 if Analize4(i, j) > ©

250 S6 = S6 + Analize4(i, j);

251 1=1+1;

252 end

253 end

254 Tmbk (i) = max(Analize4(i, pradzia:galas));
255 end

256 Tbk = S6 / 1;
257 Tbkmax = max(Tmbk);

258 Tbkmin = min(min(BurnaK(Burnak > 0)));

259

260 kiekisdB = (Tbdmax - Tbhdmin) / ©.01; % histogramos tikslumas (ilgis)
261 kiekiskB = (Tbkmax - Tbkmin) / ©.01;

262

263 [histDB, td] = hist(BurnaD(BurnaD > @), kiekisdB);
264 [histKB, tk] = hist(BurnaK(BurnaK > @), kiekiskB);
265 [rr, rkK] = size(histkB); % histogramos masyvo reiksmiu skaicius
266 [rr, rkD] = size(histDB);

267

268 tikrasmaxDB = td(rkD - fix(rkD * ©.001));

269 tikrasmaxkKB = tk(rkK - fix(rkkK * 0.001));

270 ndB = 0;

271 nkB = 0;

272

273 if (tikrasmaxDB - tikrasmaxkB) > ©

274 for i = fix(kiekisdB):-1:1

275 if (td(i) - tikrasmaxkKB) > 0.4

276 ndB = ndB + histDB(i);

277 end

278 end

279 elseif (tikrasmaxKB - tikrasmaxDB) > ©

280 for i = fix(kiekiskB):-1:1

281 if (tk(i) - tikrasmaxDB) > 0.4

282 nkB = nkB + histKB(i);

283 end

284 end

285 else

286 nkB = 9;

287 ndB = 0;

288 end

289

290 entropijaBD = entropy(BurnaD(:));

291 entropijaBK = entropy(Burnak(:));

292

293 if Td1l < Tkl

294 DeviacijaDv = std2(PriekisD(PriekisD > Td1));
295 DeviacijaKv = std2(PriekisK(PriekisK > Td1));
296 else

297 DeviacijaDv = std2(PriekisD(PriekisD > Tk1));
298 DeviacijaKv = std2(PriekisK(PriekisK > Tk1));
299 end

300 Diaviaciju_skirtV = abs(DeviacijaDv - DeviacijaKv);
301
302 if Tbd < Tbk

303 DeviacijaD = std2(BurnaD(BurnaD > Tbd));
304 DeviacijaK = std2(BurnakK(BurnaK > Tbd));
305 else
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306
307
308
309
310
311
312
313
314
315
316
317

DeviacijaD = std2(BurnaD(BurnaD > Tbk));
DeviacijaK = std2(BurnakK(BurnaK > Tbk));
end
Diaviaciju_skirtB = abs(DeviacijaD - DeviacijakK);
Taskai_burnos_kaireje = nkB;
Taskai_burnos_desineje = ndB;
Taskai_veide_desineje = nd;
Taskai_veide_kaireje = nk;

cd ..
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WoONOUVA WNRE

2 priedas / Appendix 2

clear all
load dataN2.mat

tikras(1:39)=0;
tikras(40:96)=1;
resp = (1:24)'>12;
meas=meas(1:96,:);

species(1:24)=0;

species(25:48)=1;

for k=1:20
mokymas(1:24,:)=meas(k: (k+23),:);
mokymas (25:48, : )=meas ((53+k): (k+76),:);
mdl = fitcknn(mokymas,species, 'NumNeighbors',1, 'Distance’', 'euclidean');
[label, score,cost]=predict(mdl,meas);
Labels(:,k)=1abel;
C(:,:,k) = confusionmat(tikras,label);
rocObj = rocmetrics(tikras,score,mdl.ClassNames);
Area(:,k)=rocObj.AUC(1);
rocurve(:,:,k)=table2array(rocObj.Metrics);
R=statsOfMeasure(C(:,:,k),0);
R=table2array(R);
for i=1:9
Results(i,k)=str2num(R(i,3));
end

[X(:,k),Y(:,k),T(:,k),AUC(:,k)] = perfcurve(Labels(:,k),tikras, 1", 'xvals', all");

end

for i=1:20

confmat=C(:,:,i);

TP = confmat(2, 2);

TN = confmat(1, 1);

FP = confmat(1, 2);

FN = confmat(2, 1);

Accuracy(i) = (TP + TN) / (TP + TN + FP + FN);
Sensitivity(i) = TP / (FN + TP);
specificity(i) = TN / (TN + FP);
end

[y, I]=sort(Y(2,:));

YY(1)=0;

YY(2:21)=y;

YY(21)=1;

XX(1)=0;

[x,I]=sort(X(2,:));

for j=1:20

XX(3+1)=X(2,1I(3));

end

XX(2:21)=x;

XX(21)=1;

for i=1:20
rrocx(3*(i-1)+1:3*i)=rocurve(4:6,3,1);
rrocy(3*(i-1)+1:3*i)=rocurve(4:6,4,1);
end

a=sort(rrocx);

b=sort(rrocy);

plot(a,b)

title('ROC curve')

xlabel('False Positive Rate')
ylabel('True Positive Rate')
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62
63
64
65

AUC=max (Area)
ACUR=max(Accuracy)
SENS=max(Sensitivity)
SPEC=max(specificity)
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3 priedas / Appendix 3

PoZymis | Grupé 1 | Grupé 2 | U-stat P PoZymis | Grupé 1 | Grupé 2 | U-stat ]
reikSmeé reikSme
V- vid SS ST 489,5 0,349022 V-Dev ST up 429 0,138603
V- vid SS up 264 0,023903 V-Dev ST NP 549,5 0,769182
V- vid SS NP 234 0,010042 V-Dev ST UP/NP 978,5 0,473056
V- vid SS UP/NP 498 0,004908 V-Dev up NP 460 0,170025
V- vid ST up 409 0,0827 V-Dev up UP/NP 852 0,432409
V- vid ST NP 369 0,040602 V-Dev NP UP/NP 660,5 0,421233
V- vid ST UP/NP 778 0,024063 B-Dev SS ST 444,5 0,135004
V- vid up NP 365 0,833318 B-Dev SS up 63 4,57E-08
V- vid up UP/NP 757 0,904158 B-Dev SS NP 52,5 2,85E-08
V- vid NP UP/NP 755,5 0,901825 B-Dev SS UP/NP 115,5 1,44E-10
V-max SS ST 577,5 0,882393 B-Dev ST up 157 7,86E-07
V-max SS up 438 0,611815 B-Dev ST NP 153,5 1,18E-06
V-max SS NP 378 0,82957 B-Dev ST UP/NP 310,5 5,11E-09
V-max SS UP/NP 816 0,865061 B-Dev up NP 399 0,729993
V-max ST up 579 0,677776 B-Dev up UP/NP 791 0,843457
V-max ST NP 499  0,72317 B-Dev NP UP/NP 721,5 0,839679
V-max ST UP/NP 1078 0,969317 nVv SS ST 536,5 0,227232
V-max UP NP 325,5 0,381312 nVv SS up 377 0,153579
V-max UP UP/NP 717,5 0,61643 nV SS NP 319 0,017004
V-max NP UP/NP 795 0,607831 nV SS UP/NP 696 0,047441
B- vid SS ST 573,5 0,925881 nVv ST upP 533 0,698784
B- vid SS up 384 0,731454 nVvV ST NP 452 0,070928
B- vid SS NP 394 0,973838 nVv ST UP/NP 985 0,190935
B- vid SS UP/NP 778 0,858131 nVv up NP 339 0,263014
B- vid ST up 517 0,717127 nVv up UP/NP 731 0,492064
B- vid ST NP 527 1 nVv NP UP/NP 781,5 0,536597
B- vid ST UP/NP 1044  0,82987 nB SS ST 565,5 1
B- vid up NP 399 0,729993 nB SS up 217,5 4,44E-05
B- vid up UP/NP 791 0,843457 nB SS NP 217,5 7,37E-05
B- vid NP UP/NP 721,5 0,839679 nB SS UP/NP 435 2,52E-05
B-max SS ST 574,5 0,912201 nB ST up 292,5 3,17E-06
B-max SS up 261 0,019921 nB ST NP 292,5 5,96E-06
B-max SS NP 372 0,753081 nB ST UP/NP 585 1,53E-06
B-max SS UP/NP 633 0,121785 nB up NP 367,5 0,854065
B-max ST up 372 0,026552 nB up UP/NP 759,5 0,91633
B-max ST NP 510 0,833744 nB NP UP/NP 753 0,913993
B-max ST UP/NP 882 0,144015
B-max UP NP 438 0,316472
B-max UP UP/NP 830 0,56654
B-max NP UP/NP 682,5 0,557085
V-Dev SS ST 527,5 0,641829
V-Dev SS up 299 0,089121
V-Dev SS NP 379,5 0,850428
V-Dev SS UP/NP 678,5 0,264904
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