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IlepiAnypn

O1 napdaktieg meployég €xouv 18iaitepn onpaocia oty avarntudn §1apopev KOWOVIKOO1-
KOVOUIKOV §pactnplotiiev, v rneptBailoviiky) fioopotta kat ) diatfpnon g Blonoiki-
Aoutag. IMa tov Adyo auto, anattouvial aroteAeopatika epyaleia kat pebodoroyieg yia v
Katavonor) Kat v napakoAoubnorn avtev 1oV Suvapikev olkocuotnpatov. H tnAemokonn-
on, e181KA PEC® BOPUPOPIKMV E1IKOVAV, £Xel avaderxOel wg pia 18iaitepa xprjonan texvoioyia
yla v avdduon v akoypappov. Ot ipdogateg e8eAi§elg ota poviéda nou Paociloviat
0 PETAOXNPATIOTEG TIPOOPEPOUV ONPAVIIKEG EVAAAAKTIKEG AUoelg ota napadoolakd ouve-
AKuKA veupevikd Siktua (CNN), 8aitepa otnv kataypadr e§aptrjoe@v Katl MANPopopiov
peyaldng epBédeiag. Me kivnipo ) §1abeopponta agpodpeIoypadplev UPnANHG availuong mg
eAANVIKNG aktoypappng armo 1o EAAnviko KinpatoAoyio, n épguva autr) eotiddel otnv epap-
HOYI] POVIEA@V PETAoXNPATIOI®OV Tedeutaiag texvoloyiag yla v eriteud onjiacioAoyiKAg
KATATUNONG 0TS £1KOVEG.  ATI0TIO10VIag MPOUIIdpXovia £rmonpacpéva ouvola debopévav
and v akoypappn v HITA, poocappodoupie kat eknaidevoupe ta povieda SegFormer,
MaskFormer kat Mask2Former yia va optofetrjooupie S1apopeg KAtnyopieg emdpaveiov yng,
onwg uddatva oopata, PAdotnor, rapalieg Kat aventuypéveg neploxeg. Méowm tng a§lodoyn-
ong TV poviédwv, 1o Mask2Former avadsikvuetal ®g 1o P1OVIEAO P TIG Kopudaieg ermbooelg,
erutuyxavoviag 85,43% mloU oto ouvolo debopévav tng EAAnvikng aktoypapurg. H aglo-
roinon g petadopag pabnong amodeikvietal KOPBIKL), Kabog 1 XP1ion MPOEKMAISEUEVOV
poviédav Bedtidvel onpaviikd ta teAkd pag anotedéopata. Autr) n epyacia arotedet £va
ONUavuKoO Brjpa 1mpog v a§lornoinon TEXVIKOV UTOAOYIOTIKIG OpAon§ V1d TNAEMOKOI|0T)
o€ TIapaktia repBdidovia, avoiyoviag 1o 6popio yia peAdoviiky épguva. Ot pedAoviikeg Ka-
1eubUvVoelg €peuvag EPIAAPBAVOUV TNV EMEKTACT) TOV KATYOPLOV IOV KAACE®V, TNV AvAAUon

o€ eminedo UAKOU Kat tnv aglornoinorn tng rminpodopiag tng tpitng 8140tacng TV EIKOVGV.

Acterg KAe161a

'‘Opaon Yodoyioteov, Znpactodoyikr Katatpnon, Mnxaviky Mdadnor), Neupovika Aiktua,

Metaoxnpatoteg, SegFormer, MaskFormer, Mask2Former, [Tapdktia riepiBailovia
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Abstract

Coastal regions play a vital role in various socio-economic activities, environmental
sustainability, and biodiversity conservation. Efficient tools and methodologies are re-
quired for understanding and monitoring these dynamic and ecologically diverse ecosys-
tems. Remote sensing, especially through aerial and satellite imagery, has emerged
as a crucial technology for comprehensive coastline analysis. Furthermore, recent ad-
vancements in Transformer-based models offer promising alternatives to traditional con-
volutional neural networks (CNNs), particularly in capturing long-range dependencies
and information. Motivated by the availability of high-resolution aerial images of the
Greek coastline from the Hellenic Land Registry, this research focuses on applying state-
of-the-art transformer models for semantic segmentation. Leveraging pre-existing la-
beled datasets from the US coastline, we adapt and train SegFormer, MaskFormer, and
Mask2Former models to delineate land surface classes such as water bodies, vegetation,
sediments and developed areas. Through the evaluation, Mask2Former emerges as the
top-performing model, achieving 85.43% mloU on the Greek Coastline dataset. Transfer
learning proves to be vital, highlighting the value of adapting models to specific datasets.
This work represents a crucial step towards leveraging computer vision techniques for
remote sensing in coastal environments, paving the way for future research. Future re-
search directions include expanding class categories, utilization of altitude information,

material-level analysis, and optimization strategies for model training.

Keywords

Computer Vision, Semantic Segmentation, Machine Learning, Neural Networks, Trans-
formers, Transfer Learning, SegFormer, MaskFormer, Mask2Former, Coastal environ-

ments
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Euyxapilotieg

Ba nbela KATapxnV va euxaplot|o® tov kabnynt k.KoAAwa yia v eniBAeyn autng g
SIMAePATIKG £pyaciag Kal yia v €ukdipia mou pou £6woe va v eKmovrom oto Epya-
otplo Zuotuatev Texvntg Nonpoouvng kat Mabnong. Emiong suxapiote 18aitepa v
K. ToUBeAn yia v kabodrynor) g Kat Vv e§a1petKy] ouvepyaaoia mou eixape. Tédog Sa
f10edd va euXaP1OTO® TV OIKOYEVELA POU KaAl TOUG PIAOUG 10U yla TtV OTthp1§r) ToUg Katl Tig

ONOPPES OTIYHES.

ABnva, Anpidiog 2024

Igfayia Aparomouou
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Chapter E

Ewcaywyn

1.1 Kivntpo

Ol TTapAKTIEG TIEPLOXEG AVILTPOOMITEVOUV SUVAIKEG KAl OIKOAOYIKA TTIOAUPOPPIKEG TTe-
PLOXEG TTOU eival {WTIKNG onpaociag yia 81adopeg KOWROVIKOOIKOVOUIKEG dpactnplotniesg, v
niepBaddoviikn Prwopotnta kat ) Swatrpnon g Bromowkidotnrag. H katavonon kat n
TIAPAKOAOUSN 01 AUTOV TOV MTOAUMAOK®V O1KOCUCTIHATOV ATIATTEL ATIOTEAECHATIKA £pyaleia
Kkat pedododoyieg kavég va e§dyouv Aesrmtopepeig mAnpodopieg and peydda kat roikiAo-
popda cuvola dedopévav. H tnAemokornnor, dlaitepa PE€owm tng Xprons evaépiov kat Sopu-
(POPIKAV EIKOVAV, £Xel avadelxBel wg Paoikr] teXvoAoyia yla 10 OUYKEKPIEVO TIPORANHa,
TIPOOPEPOVIAG ONHPAVIIKEG SUVATOTNTEG YVia OAOKANPOHEVH avdAuorn Te®v aktoypappev. H
ONHAcloA0YIKY Katdtunorn eival pa depediddng epyacia otnv 0pacn UMOAOYIOI®V HEC®
g oroiag £§Ayovial OUCIAOTIKEG TIANPOPOPIeg Ao T1§ e1KOveg, Slaxwpilovidg Tig o onpa-
Ol0AOYIKA ONuaviikeg repoxeg [11, 12, 13, 14]. IMapdAAnda, ot poodateg egelrifelg ota
poviéda nou PBaocidoviatr oe Metaoxnpatotég (Transformers) €xouv @épetl emavdaotacn oto
iedio tng 6P G UTIOAOYI0TWV, TIPOOPEPOVIAG 10X UPES EVAAAAKTIKEG AUOELS OTa ITapadooiakd
OUVEAKTIKA veupwvika Siktua (CNN). Ta poviéda Petaoxnuatiotmy 0paong £Xouv ermbeitet
a§loonueiotn anddoon oty Kataypadrn £§aptrjoeov Heydldng epBédelag Kal mAnpodopiov,
Kabiotdviag ta KatdAAnda yua myv avdiuon tov IapdKuev ikovev. Kivnipo tng epyaciag
ATIOTEAEOE 1] TAPAX®PLOT] EVOG OUVOAOU AEPOPRTOYPAPIOV UPNANG avdiuong tng EAAnvikng
artoypapung and to EAAnviko KinpatoAdyo. Ze ouvepyaoia pe 1o tprjpa Fewloyiag kat
F'ewrnep1B8aAAoviog tou EKITA peletrioapie 10 CUYKEKPTIHEVO 0UVOAO Sedopévev Katl KAataAr|-
ape ou 1 katddAndn avaduorn kat enedepyaoia 1ou priopel va npoodEpet mAnpodopicg 161-
ailtepa ONPAVIIKEG Yld TV YEQHOPPOAOYIKY KATAYPA(r] TOU MAPAKTIOU EPBAAAOVIOG NG
EAAadag kat va evioyxUoel v artopaKkpuUoHPEVT €peuva o€ pia mpoorabeia meploplopou 1wV

O6UOKOAOV TV in-situ arnoctoAwv.

1.2 XIxomnog

H napouoa diatpiBr) amoteAet 10 ripodto adda diaitepa kopbiko Pripa g Epeuvag avtng,
10 ortoio eivatl ) epappoyn state-of-the-art poviedov petaoxnpatiot®y yia ) onpacioAoyiKy)
KATATPNOT TIAPAKTIOV EKOV®V. [110 CUYKEKPIEVA, TOV EVIOIMIORO O1AKPUI®MV KATHYOPIOV

ermepavelag edagoug, onwg uddatva oopata, BAdotnon, rapadieg kat dAAa QUOIKA KAl 1)
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Xapakinplotikd oe emnirnedo eikovoororxeiou. To Baoikd mpofAnpa nrav ott Ot EIKOVEG AUTEG
dev mepiExouv kamnotovu eidoug ermonpavor) ondte Hev PIOPOUV va Xprotporonfouvy ya v
arteuBeiag eknaidevon 1@V poviedwv. I'a 1ov Aoyo auto n €peuvd Pag ETTIKEVIPWVETAL OTNV
a&lomnoinon mpolnapxXovi®v EmMoNPIACHEVEOV OUVOA®V SeS0PEveV ATId TNV AKTOYPAPRHT] TRV
H.IT.A. yia tv eknaidsuon 1oV POVIEA®V HETAOXNHATIOI®V KAl TV MEPATTEP® IIPOCAPIOVT)
T0UG ota £1861KA XapakInplotkd mg eAANVIKAG aktoypapung. Ztoxog pag eivat va aglodoyr-
OOUHE TV aroteAeopatkota v poviedev SegFormer, MaskFormer kat Mask2Former

otnv akp1Pr] oploBEInon S1aPopeV KATNYOPL®V EMMPAVELAS Y1G.

1.3 Aopg

Z10 pOto PEPOG [2] kaAurmtetal 10 BenpnTiko YTioBabpo oto omoio epBaduvoupie otig
Sewpnuikég PAOEIS NG TNAEMOKOTINGNG, TS KATATUNONS £IKOVAV, TNG HMETA@opdg padnong
Kadl 1@V poviedev rou Bacifovial oe PetaoXnuatioteg. 1o deutepo pépog [3] kaAurmretatl to
[Melpapatikéd otddio oto oroio reptypdpoupe avadlutikd ) pedodoloyia mou Xpnoiomnolei-
1Al yla v andKkinor Katl rpoenegepyaocia tov debopévav. Tin ouvéxela, rapouotadetal 1
exknaidevon v poviédwv kat 1 a§loddynor 10ug PEC TV MEPAPATIKOV AMOTEAEOUATOV.
Eve, tédog, otov ermidoyo [4] akorouBei n e§aywyr TV TEAMKOV CUUITEPACUATOV KAl TV

mBavov PeAAOVIIKOV KATEUOUVOEGDV.
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Chapter E

Ocwpntiko Ynioadpo

2.1 TnAsmoxonnon

H tAermokonnon eivat n PETPNon 1oV 1810TTOV TOV AVIIKEPNEVEOV TTI0U Bpiokovial oty
ermepavela g I'ng, xpnopornoioviag §e6o11éva ta 0It0ia CUYKEVIPOVOVTIAL TO0O Arto Hopu@opoug
000 KAl arno evagpla PE€oa 0nwg agporAdva, drones KATL. AUtr) 1] Pn-£NeP PATIKL) TEXVIKI) TTEP-
AapBavet TV CUYKEVIPOOT KAl avaAuor MANpodopiag armo anootact), HEo® g aviidpaong
G NAEKTIPOPAYVNTIKYG aktvoBoAiag pe v ermgavela mg I'ng. Atagpopstikd aviikeipeva
KAl UAKA aviavakAoUv, eKIENITOUV KAl AroppodouV evEPyeld Ot S1aPOpPETKA PHKL KU-
Hatog, EMIPEMOVIAG OTOUG Alo9NTHPES VA AVIAN|COUV ITANPOQopia OXETIKA PE TV oUOCTAOT
KAl Td XaPAKINPLloTKA ToOUG. XNV napouod epyacia, €0TddoUpe otV TNAEMNOKOI O TOU
TIAPAKTIOU TIEPIBAAAOVIOG PEO® SOPUPOPIKOV EIKOVOV KAl AEPOPRTOYPAPLOV 2 S1a0TACERDV.
H avdluorn xat n e§ayoyn XapakKinploTK®V TOV EIKOVEV AUTOV KAl TOV AVIIKEPEVEV TTOU
nieptAapBavouv, Sa npaypatoronBetl pe v xprjon exvikeov Mnyxavikyg MadSnong kat mo
ouykekpipéva Neupovikeov Aiktuev. I16iaitepa onpaviikog napdyoviag yla tny mootnta meg
tnAsmokonnong anotedel n avdaluon v €KOVEOV, 1) oroia pe v ndpodo TV €IV gival
Kat uyndotepn kabog egediooetal n 1exvoloyia TV oKV atodnpev Kat rapddinia
augavovtat ot 50puPop1kég arootodég. H ermtuyrng avaiuon tov S0pUuPopiK®V Kal EVAEPIRV
EIKOV®V PITOPEL va aroteAéoel pia 18iaitepa Xpnotn evalAakiikn otg in-situ amootoAég ot

ortoieg apouoladouv apKeTEG GUOKOALEG.

2.2 Katatpnon Ewkovag

H xatdtpnon €ikovag amotedel pia ViKY g 0paong UTIOAOY10T®V 1] oroia reptAap-
Bavel v tuNpAtonoinon plag £1KoOvag o€ £€va OUVOAO HI) EMKAAUTTIOPEVOV TIEPIOXDV TOV
oroiev 1 évworn arnotedel v mAnpen swkova [15]. Aut) n tadivopnon v neploxov, odnyet
0¢ pla mPonypEévI] avdduorn Kdl KAtavororn TOU OITTIKOU TEPIEXOREVOU. XINV KATATHINOT
ekovag €xoupe 6Uo KUpla otoixeia: ta avukeipeva (things) kat to vAwko (stuff). Ta av-
TIKEPEVA AVTIOTO1X0UV OE PETPIO11a AVIIKEIIEVaA O ia e1kova (rt.X., avBpwriol, Aoudoudia,
{wa K.AT) &ve TO UAIKO AVTITIPOORXIIEUEL APopPeS TIEPLOXES (1) ertavadlapBavopeva potifa)
A PO010U UAIKOU, TO OTI010 eival pn-perpnotpo (.., 6popog, oupavog kat ypaoidy. H tun-
HATOIIOoIN o1 £1KOVAG £XE1 AVIIHETRITIOTEL e H1APOopeg TEXVIKEG emedepyaoiag e1kOvag Katd ta

Xpovia. Mepikég amd autég TG APXIKEG TEXVIKEG TeplAapBavouv 1 ouotadoroinot), mou
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XPNotpomnoteital pe avixveuor aKpov Kat eptypappartog [16], kat mpooeyyioelg 1otoypap-
patog onwg n egayeyn xapaxkmnploukeov HOG [17] kat SIFT [18]. Qotdoo, n soayoyh
10V Zuvedikukov Neupovikov Aiktueov (CNNs) cuvéBale onpavukd otnv e§eAMEn g tun-
partomnoinong €1KoOvag 1 oroia pEow ermBAeniopevng padnong metuxaivel oAU kadutepa
arotedéopata. Ao tote £xouv auinBel onpavukd ta ouvoda dedopévev yla v Katatpunor,
onwg 1o Cityscapes [19], to ImageNet [20] kat to COCO [21]. ZuvoAiKd, 1] KATATHN 0T 1KOVAG
elval pia moAUMAOKT £pyacia 0pacrg UMOAOY10TOV KAl IO ATTALTTIKI Ao TV Tagvounon)
ewovag kabwg arattel v tadvounor ot emninedo pixel kat aviyvevor ox€oewv oe dtapopeg
KAlpakeg. Xe autn v kateuduvon, ta Neupovikda Alktua eivat kava va paSouv potifa
d61abétoviag mMAnbopa mapapérp®v rnou pPropovuv va pipndouv MoOAUNAOKeEG Aeltoupyieg yia
Vv ertiteudn autou tou okorou. Ta poviéda petacxnuatiot®y, ta onoia egetdloupe o auty
mVv epyaocia, sivat ot o nPooPATeg APXIIEKTIOVIKEG TIOU AoX0AoUvial HE TV KATATHnon,
Eenepvwviag v arddoon twv CNNs. Tevikotepa €Xe€l AMMOKTIAOEL ONPAVIIKO poAo, avd ta
Xpovia, oe S1apopeg ePAPHOYEG, OIS I ATOUAKPUOHREVT] AVIXVEUOT], 1) KATavOonor Toriev
Kdl ta autovopa ocuotnpatd. AladopeTikeg onpactoloyieg yia tv opadoroinorn pixel, oniog
N Katmyopia 1 n HeALl) NMEPUTIVOERDV, £XOUV 00NyHoel 0 H1aPOPETIKOUG TUTTOUSG EPYACIOV
KATATPNOonG, ON®S I IAVOIttiky (panoptic), n pelétn nepuntooswv (instance) 1) n onpaot-

oloykr) (semantic) katatpnorn.

(a) image (b) semantic segmentation

(c) instance segmentation (d) panoptic segmentation

Figure 2.1: Kamnyopie¢ Katdiunong emovag

2.2.1 ZInpaowodoyikn Katatpnon Ewkovag

H onpaociodoyikr) Katdtjpnorn, 1 oroia ivat to EMKeVIpo autng g epyaoiag, eivat évag
OUYKEKPIEVOG TUTTOG THIHATOITOIN0NG £1KOVAG OTIOU O OTOX0G £1val va avilotolyel plia onpa-
O0AOY1KI) etkéta ot KA9e ekovootolkeio g ewkovag. I[Iio ouykekpéva, tpnpatorotet
MV €1KOVA €10000U CUPPOVA PE ONPACIOAOYIKEG TIANpopopieg Katl mpoBAémet ) onpaot-
oAoyikn] katnyopia kade pixel ard éva debopévo ouvoro suketwv. H €§odog tng onpaot-

0AOY1KIG TUNHAtonoinong ivat évag XAaptng THNHATonoinong PAcetl e1KovoototXei®v, Orou
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2.2.2 Katdmanon [eputtdosmv

oc KAYE E1KOVOOTOIXEIO0 eKXWPEITAl Pid ETIKETA KAAONG TOU AVIUTIPOOMIIEVEL TOV TUTIO TOU
AVTUIKEWEVOU 1) TG IEPLOXNG otV omoia avirel. H onuacioloyikr tpunpatornoinon pedetd
1A PN-PETPHOIPA OTO1XEla O Pa e1Kova. AvaAuel KA9e £1KOVOOTO1XEl0 £1KOVAG KAl EKX®PEL
Hla povadikr) eukéta KAAong pe Baon v uern mMou avinpooernevel. H onpaciodoyikn
TINRatonoinon oxedlaotnKe yla va avayvepilel avilkeipeva mou eival ApopQeg IEPLOXES
napopolag uerg 1 VAKoU [22]. Asv kdvel didkpion petady avukepévav g idag kAdong,
arm\eg Ta opadoriolel. Autr) 1 MPOCEYY1ION TMAPEXEL Pld UPNAoU ermredou KAtavonorn Tou
TIEPLEXOUEVOU TG EIKOVAG KATNYOPL0TIORVTAS Ta pixel oe ripokabopiopéveg katnyopieg. Eek-
wovtag aro ta [NAnpeg Zuvedikuika Aiktua (FCN), ot rieploodtepeg mpoosyyioelg onpaot-
0AOY1KI|g TUNpatonoinong rmou Baocidoviat oe Babid padnon Hiatunavouy ) ONIACI0AOYIKI)
TUNUatonoinon g tagivopnorn avd e1Kovoototxeio, epappoloviag pia anmdeia tagivopnong
(loss) oe kade eikovootoixeio £§66ou. H onpaciodoyikrn katatpnorn propest va dewpnbet
®G eMEKTaot g tadivopnong ekovag arod 1o eminedo g £1kovag oto erirnedo twv pixel.
ITio mpéoPateg TEXVIKEG £XOUV arodei§el TV AMOTEAEOPATIKOTTA TOV APXITEKTOVIK®OV TTOU

Baoidovtal oe petaoXNPATIOTEG Yid T ONIACl0A0Y1KI] TUNATOnoinon.

2.2.2 Katatpnon eputtdoswv

H xatatpnon nepuntiooswv (instance segmentation) eivat pia ouvOetn epyacia umoA-
OY10TIKAG OpaOTg TIOU ATIOOKOTEL OtV TautoXpovr] ta§lvopunon Kat tunpatonoinon rade
HPEPOVOPEVNG MEPUTIOONG AVIIKEIPIEVOU O P1d €1KOVA. Xe aviiBeorn He T ONpPaoioAOYIKY)
Tunuarortoinon, n oroia arodidel pia Kowvry €UKETA 0 OAd TA £1KOVOOTOLXElA TOU AVIK-
OUV O€ [0 OUYKEKPIHEVI] KATNYOPIia QVUKEINEV®V, 1] THNATOIION) 0 MEPUTIOOL®V MTAPAYEL
POVAdIKEG ETKETEG V1A KAYE MEPIMIOOT AVIIKEIPIEVOU TTOU UTTAPXEL otV e1kova. H £§obog tng
KATATHNONG AVIKEIPEVRV eival pia §uadikr) aoKa mou neptypadet e akpifetla ta opla kade
AVTIKEEVOU OtV e1kOva. To €pyo NG TUNIATONOIN0NG AVIIKEIEVOV Eival apKeTd SUoKOAO,
kaBog artattei and to poviedo va dlakpivel pe akpifeia petay S1aPoPEUKOV IEPUTIOTEDV
AVIIKEIPEVOV TIOU avikouv otnv i61a kKAdorn. Auto onpaivel 01l 10 POVIEAO TIPEMEL va €i-
vat og 9€0n va TUNPATOIOLEl HEPOVOPIEVA AVTIKEIPEVA TTIOU PIOPEl va €Xouv S1apopetika
peyedn, oxnpata, IPooavatoAlopous Katl OTAoelg, KabBmg Kal aVIKElEva TToU PIopel va

gival pEPIKOG KAAUpPéva 1] va ETKAAUIITOVIAL Aaro dAAa avikeipeva.

2.2.3 ITavontuikn Katatpnon

H navortikr) Katatinon agopd v TautOXpovr) EKTEAECT] ONIA010AOY KNG KAl IEPUTIAOL-
0AOY1KI|G KATATHNOTG O¢ 1ta €1kOva. O 0tdX0g NG MAVOITTIKLG KATATINoNG eivat 1) dnuioupyia
Plag eviaiag pAaocKag THNHATOIION01G O £Iedo e1kOvag rou ouviuddel T000 O1I1AC10A0Y KN
000 Kal TEPUTIOOI0A0YKI TAnpodopia. Ta poviéAda mavormukig THnpatornoinong Xpnot-
portoouv cuvndwg pla Stadikacia 8o otabiwv mou aroteAeitat and Vv avixveuor av-
TIKEPEVOV KAl TNV TUNHATONOIN o yid va TETUX0UV auto 1o £pyo. To mpato otdadio nepldap-
Bavet tn Xpron evog H1IKTUOU aviXveuong aviKEIPEVEV Yid TOV EVIOIIIORO KAl TV Ta§lvounor)
O1aPOPETIKAV TIEPITTTWOEDV AVIIKEIPNEVOV OTNV €1KOVA, £ve T0 Heutepo otadilo mepldapBavet
T XP1on evog S1IKTUoU KATATUNOoNG yia 1) Snpioupyia PacKoV TUNIATONOoINong o rinedo

TIEPUTTOOEDV Y1d KAJE EVIOTTIOPEVT TIEPITIOOT] AVIIKEIPEVOU.
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2.3 Metagopa Madnong

H 9epedindng 16¢a niow and ) petapopd pddnong (transfer learning) eivat n epappoyn
1S YVOONG IOV ATTOKTIATAl ATl0 EPYAOieg Pe emapkKr) ermonpacpéva dedopéva (labeled data)
0€ KAtaotdoelg omnou eival diabéopia povo replopiopéva anod avtda. H dnpoupyia smon-
paopévev dedopévav propet va eivat 8iaitepa danavnpr) oe XpOVo, EMOPEVAS 1) AOTEAED-
HATIKY) XP1)0n TV UTIapXOVI®V ouvodev Sebopévev kabiotatatl oAu onpavukn. H petagopd
padnong epappodetatl os peyddo Pabpo otoug Metaoxnpatiotég kKabmg ta povieda autd
xpewadoviatl peydda ouvoda Sedopévev yia eknaibeuor, Aoy® Tou Badoug Kat ng IoAu-
MAOKOTNTAG TNG APXUIEKIOVIKAG TOUG. Xta rmapadooiakd poviéda pnxavikng padnong, o
MPOTAPXIKOG 0TOX0G elval 1 yevikeuorn oe un opatda dedopéva pe Paon ta potifa mou pa-
Saivovtal katd ) Sidpkela g eknaibevong. Xt pertagopd padnong, o otoxog eivat va
Eexvnoel auvt) 1 Sadikaoia yevikeuong Sexwvaoviag pe potifa rnou pabaivoviatl yia pa 61-
agopetikn gpyaoia. Avii va §ekwvd n Stadikaoia padnong ard to pndév, onwg ocupbaivet
ouxXVvd e ta tuxaia apxikorompéva pHoviedd, n petagopd padnong fekiva pe potifa rmou
Aokt 0nKav MPonyoupévag yid TV avIilpeI®nion piag diadopetikng epyaociag. H texvikn
aut eival anapaitnn ot oeaipa g Padnong, mMPOCcoHoI®VOVIAS TO XAPAKIPIOTIKO TRV
avOpwriewv ot oroiot dev xpelddetat va Siddorkoviat prta amo 1o pndév kade egpyaocia yua
va Tetuxouv, adAd aflorolouv yvwoelg Kat §e10tnieg mou £€X0UV ArOKOpPioel aro AAAeg
napanAnoieg epyaoieg. Ta dtopa avipetorii{ouv ouxvda véeg KATAOTAOElg, AAAd mpooap-
poédovratl kat Auvouv mpoBArjpata ouvduactikd. Q¢ €K TOUTOU, 1 HeTa@opd padnong av-
TIKATOMIPILEL TV KAVOTNTA OUAAOYHG YVOOE®V artd H1dpopeg sprmelpieg Kat v epapiioyn
autyg g «yvaoong» oe véa neplBaldovia. H petagopd tng yveoong eivat egiktn povo otav
etvatl «katdAAnArn», addd o akpiPfris kabopiopdg g KataAAnAdtntag oe AUTo 10 mAaiolo &i-
vat MPOKANon Kat ouxvd andtiel mepapatiops. Xy napovoa epyaoia, Sa faciotovpe oe
peyado Babpod ota mAsovekthpatd g TEXVIKL AUTHG, XPNOIHOMIOI®VIAG MIPOEKIIAIdeUpéva
poviéda (transformers) oe peydada datasets, oriwg to Cityscapes [19] kat to ADE [23] kat
oty ouvéxela da ta mpooappécoupe ota napadiakd dedopéva kavoviag fine tuning. To
fine tuning sivat pia teXviki g peETta@opdag padnong kata v onoia n Sadikaocia tng
exnaibeuong Sekva £xoviag apX1KOIolroel ta BApn Pe PAOH AUTA TOU MPOEKIIAIBEUPEVOU
poviédou Kal avukadlotwviag MAPEG Vv KePAAr ta§ivopnong mpooapprodovidg v otig
KAAOE1§ NG véag epyaociag. Xin OUVEXEld, KATA tnv eknaidevuon aAddadel oe kade eroxr) ta
Bapn 1OV KPUPPEVOV ETUIMES®MV EMMITUYXAVOVIAG KAAUTepn amnddoon ota véa Sedopéva. To
YEYOVOG 0Tt 1) exkrtaibeuon tou poviédou Sev Eekvd amo to pndév adda ta Bapn tou eivat
apykoroupéva, Kat pdliota ya éva task mmapopoto pe 10 61k0 pag, BeAtiovel Katd oAU

Vv arodoor) T0U TEAIKOU HOVIEAOU KAl CUVEIOPEPEL OV £E01KOVOINOT] XPOVOU KAl MOPQV.

2.4 Metaoxnpatiotng

2.4.1 ApPXITEKTOVIKI]

O Metaoyxnpatot|g (Transformer) eivat pia amndn apXitektovikn §iktvou rou Paocidetat

€€ 0AOKATPOU OE £vav Pnxaviopo rpoooxrg (attention mechanism) yia va avidei kaBoAkeg
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2.4.1 ApPYXITEKTOVIKN

eaptrjoelg petagy e10660u kat e§6dou [1]. Ot petacynuatiotég £xouv oxedlaotel yia va Au-
oouv 1o npoBAnpa tv RNNs ta ornoia avupetoni{ouv meploplopiots pvijpng os peyaiutepa
PfKn akoAouBiag. O1 pnxaviopoi IPocoxng EIMITPEITOUV T HOVIEAOIIOIN 0T TV E§APTCEDV
X0pig va AapBdavetal vnioyn 1 andotacr) toug ot akoloubieg e1006ou 1) £§660u. H auto-
ipoooyt (self-attention) eivail évag pnyaviopog pocoxrng rnmou ocuvoeel Sapopstikeg deoelg
Plag pepovaévng akoloubiag ImPOoKEPEVOU va UTOAOYIoEL Pla avarapdotaot) g aKOAouU-
9iag. O petacnpuatotiig 1frav 10 MERTO HPOVIEAO HETay®yng rmou Paociletal €§ oAokArjpou
0TV AUTOITIPOCOXT] Y1d TOV UTIOAOYIOHO TRV avAIIapaoTAOE®V g £10080U Kat tng e§66ou tou
xopig m xprion RNN 11 cuvédigng. Ot Metaoxnpatiotég (Transformers) €xel arodeixBel ot
ureptepel 1OV AAUOIOOTOV KAl CUVEAKTIKOV POVIEA®V OtV enedepyacia @uoKng yAoooag,
EV® TIAPOUOLAdeEl PIKPOTEPT] UITOAOYIOTIKI] TOAUMMAOKOTNTA Kdl, OUVEN®G, TAXUTEPO XPOVO
exknaidevong. Eved ota CNNs arnattovviat odAd otoBaypéva emineda yla tov eVioriopo
eCaptoenVv peydAng epBédeilag, otov PNXaviopo auto-rPoooXT§ TOV PLETAOYXHATIOTOV, AUTEG
01 €§aptroelg aviXveyovial aroteAeopatika yia pia déon e§660u unodoyioviag minpogopieg

neplexopévou ano kade Seorn e106dou.

Qutput
Probabilities
~
Add & Norm
Feed
Forward
s ~ Add & Norm
r-*_ -
= CLINCT Multi-Head
Feed Attention
Forward 7 7 N
— 1
N Add & Norm
(—»-| Add & Norm | Masked
Multi-Head Multi-Head
Attention Attention
At 2 At 2
k.k— y. \_ _J)
Positional @—EB GB—@ Positional
Encoding Encoding
Input Qutput
Embedding Embedding
Inputs Qutputs
(shifted right)

Figure 2.2: Apyuektovikn Metaoynuatior [1]

H apytektoviky] evog petacynpatiotyy Baociletal oe pia akoloubia KOSIKOTOUTOV Kat
anok®okonontv. O KOSIKOMOUTG PETATPEIEL apXKA v akoAoubia e100dou oe pa 61-
AVUOPATIKY avarnapdotaon, yvoot og embedding. Zuykekpipéva, aviiotorKidel pia akoAou-
9ila oupBoAwv (X1, ..., X,) O P1d akoAouBia CUVEX®OV avarapactacewy z = (21, ..., Z,). Autr

n axkolouBia tpododoteital ot CUVEXELD OTOV ATIOK®SIKOTIOTY], O 0I0iog Snjoupyel pa
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axkodouBia e§odou ard ocupBoda (Y, ..., Yn), apdyoviag éva ototxeio kade popa. To poviédo
Xpnotpornotel oupBoAa mou dnpioupyndnKav MPonyoupéveg oG mpoobetn €icodo katd tn
dnpoupyia Tou ermopevou. Xe kade Prjpa, o armok®SIKOIOMTG raipvel g 10060UGg Ta em-
beddings tng akoloubiag e10660u kat ta embeddings tng rponyoupevng e§68o0u, petatoro-
Héva Katd €va ototxeio, poBAETIovTIag T0 EMONEVO OTolXelo otnv akoAoubia.
Kadikonowntrg: O kodikonowntrjg aroteleitat arnd N = 6 gtoBaypéva ermréda, 1o Ka-
9¢va ano ta omnoia eptdapBavet 6o unootpopata. To p®To eival Eévag Pnxaviopog auto-
nipoooxng oAAwv kepadmv (multi-head self-attention mechanism) kat to gutepo eivat Eva
AN P®g ouvdedepévo diktuo rpomdnong (feed-forward network). KaSe uno-orpwpa akoAou-
Yeitatl amod pa vnoAsippatikn ouvdeorn (residual connection) kat kavovikortoinon. Me dAAa
Aoya, n €§060g kAde urnootpopatog diverat amnod tov turo LayerNorm(x + Sublayer(x)), érou
10 Sublayer(x) aviIPOCOKIIEVEL T CUVAPTIOL ITOU UAOTTIOEital amod 1o uno-orpopd. 'a v
Unootr)pign AUT®OV TRV UTIOAENHATIKGOV 0UVOECE®Y, 0Ad TA UMOOTPGOIATA TOU POVIEAOU, Ka-
9wg Kat ta oTpoIaATa EVOOPAT®OoNG, rtapayouv e§06oug 61aotaong dmoder = 512.
Anokedikonowtg: O anokwdikornont)g, anoteAeitatl eniong ano pa owifa N = 6
MTAVOPO10TUNI®V EMMITES®V KAl EI0AYEL £va TPITO UTIO-0TPOHA EMTIITAL0V TRV SU0 UTTOOTPOUATOV
mou Bpiokoviat oe kKade eminedo kwSormont]. AUTO 10 MIPOCOETO UTIO-OTPWHA EKTEAEL
nipoooxr] roAdariov Kepadov (multi-head attention) otnv £é§o60 tng otoifag tou KwdiKoro1-
ntr). Ilapopola pe tov KOOIKOIOUTL), O AITOKMOIKOIIOINTIS EVO®PATMOVEL UMMOAETIHPATIKEG
OUVGEOELS YUP® Ao KAYE UMMO-0Tpadd, AKOAOUDOUIEVEG ATIO KAVOVIKOTIOINon otp®piatog. To
UTIO-OTPWHA AUTOTIPOCOXI|G OTr| OTOifa TOU AITOK®OIKOITONTI) TPOITOIOLEiTal yia va aroTpErnet
v petaBaon Sfoewv oe emopeveg Y€oelg. H auto-nipoooxr) paokag rieplopidet tnv epBéieia
G AUTO-TIPOCOXI]G, MOTE O UITOAOYIOHOG TV £€08mV va pnyv ennpeddetat amno ta "peAdovuxd”
arnotedéopata, SnAadn ot rpoBAeywetg yia ) o i eSaprovrat povo and yveoteg e§66oug oe

9¢oe1g mikpoTEPES ATIO .

2.4.2 Mnyxaviopog IIpoocoxng

Zta miaiowa g Padidg padnong Kat 1oV VEUPRVIKOV SIKTUGV 0 Pnxaviopog Attention
artotedel pia TEXVIKI 1] OTI0ia ETNTPETIEL OTO POVIEAO VA £0TIACEL ETHAEKTIKA O€ OUYKEKPIEVA
uruata v dedopévav £10060u, Otav Kavel ripoBALwelg 1) e§ayetl mAnpogopieg. E1dikotepa,
rapayet éva otadpiopévo adpoiopa To OTI010 AVIIKATOTIIPIEL TV onpacia T®V oTotXEi®v Imou

artotedouv ta dedopéva eioodou.

Scaled Dot Product Attention

Query (Q): To query avurpoonmievsel 10 ototxeio oty akoloudia €106dou yla 1o oroio
9édoupe va urodoyicoupe v onuacia tou 1) tnv ox£on e§APTNONG TOU ava@opikd pe ta
unoAora aviikeipeva. Zta niaiola tou attention mechanism, ocuvr9wg urdpxet €va query
vector ocuvbebepévo pe ka9e 9éon onv akoAoudia e10660u.

Key (K): To key avurnpoonnevet ta otoixeia oty akoAoubia €10060u pie ta oroia ouy-
rpivetat 1o query. Ta key vectors xpnotporolovviat yia va rmpood1opicouv rnoco KaAd kade
otoixeio g akoAoubiag €106060u cuoyetidetal pe to query. ‘Opola pe ta queries, UTAPYEL

ouv9ng éva key vector yla ka9e 9¢on g akoAoubiag e1066ou.
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2.4.2 Mnyaviopog ITpocoxng

Value (V): To value avurpoowenievet v mAnpogdopia rmou oxetidetat j1e kade otorxeio mg
akolouBiag e1006ou. Ta value vectors aroteAoUv 1a Koppdrtia mAnpogopiag rmou otadpidov-
tat kat ouvduddovtat pe Bdon ta attention scores rou AapBdvoviat ano to query Kat ta key
vectors. 'Oniwg pe ta queries kat ta keys, undpyxet éva value vector rou oyetidetat pe kade

9¢on otnv akoAoubia e106dou.

Scaled Dot-Product Attention Multi-Head Attention
MatMul
1 Concat
T
(V] :
Mask (opt.) Scaled Dot-Product th
Attention -
Scale [ [ .[
L L L
MatMul Linear Linear Linear
Q K V
V K Q

Figure 2.3: Scaled Dot-Product kat Multi-Head Attention Apxitektovikeg [1]

Tpornog Asttoupyiag tou attention mechanism:

1. T'a éva debopévo query, o attention mechanism vnodoyidet éva ouvodo amo attention
scores Aapfdavoviag To e0®TEPIKO YIVOUEVO TOU query vector pe kade key vector otnv
axkoAoudia. Autég o1 BadpoAoyieg avukatontpifouv v opootIa 1) ) ouvdageia Kade

otoixeiou otnv akodoudia pe 1o query.

2. Ta attention scores ouvr9mg KATAKOVOVIAL KAl TIEPVOUV HEO® Pag ouvaptnong soft-
max yia va An¢gOouv ta kavovikoronpéva Bapn. Autd ta Bdpn Unodeikvuouv oco

TIPETIEL VA £0TIACEL TO POVIEAO Og KAde otoxeio g akoAoubiag os ox€on e 10 query.

3. Ta Bapn mpoooxng XPNOoOIoovvIal yid ToV YPappiko ouvduaopo tev value vectors,
rapdayoviag pia £5060. Autr) ) £€§060¢ aVIITPOOWITEVEL TO ATOTEAEOHA TG E0TIACTG TOU

HNXaviopou MPoooXHg 0ta OXETKA ototxeia tng akoAoudiag €10060u oe oxéon pe 10

query.

H Paowkrn) 16¢a eivat ot ta query, key kat value vectors ermrtpénouv otov pnxaviopo
PoooxHS va padaivel Suvapikd Kat va Pooapiodetal 0T0 CUYKEKPIHEVO TTAAIOI0 KAl TIG
OX£0e1g TV Hedopévav, ErTPENovVIag oto PHoviEAo va Kataypdget repirnmAoKkeg eaptr)oeig Kat
potifa. Auto eival éva Sepedimdeg otorxeio tov transformer models mou xpropornotlouviat

1000 OtV £Medepyacia QUOIKNG YAwooag 000 KAl OTrV 0pAaact] UTTOAOY10TOV.

T

V.

Attention(Q, K, V) = softmax(

)\ (2.1)
orou dj n StactatkonIa 1V 1avUoPATeOV KAEG1OV
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Multi-Head Attention

O pnxaviopog multi-head attention amotelet pia enéxktaorn tou scaled dot-product at-
tention pnyaviopou mou xprnowornoteital otoug transformers. Erutpériet oto poviedo va
avayvapilel 81apopetikoUg TUIoUG oxXEoemV Katl e§aptr)oe@v petay tov dedopévav, epap-
poédovrag tov pnyaviopd attention moAlamdég @opég mapdAAnda pe SlapopsTika ouvoAd
epOIPAtRV, KAedwv kat pov. H Baowkn Siagopd tou pe tov scaled dot-product at-
tention pnyxaviopo eivat 6t mapéyxel pia mo ouvletn avarnapaoctaon v dedopévev. Il
OUYKEKPIPEVA, 0 pnxaviopog multi-head attention ermtpémnetl oto povieédo va mapaxkoAouBet
dlrapopetikd pépn v Sedopévav £10060U ot dradopetikeg JEoelg, YEYOVOG TTOU PIOPET va €i-
vat enQeAEg yla epyaocieg Ormg 1) enegepyaoia QUOIKNG YA®ooag, Orou 1) 01pd TRV OTOXEI®V
ota 6edopéva e10660u eivat onpavukrn. O multi-head attention ypnotiponoteitatl emiong oe
povtéda transformer, Orou xprowiornoieital yia tov urtodoyiopo self-attention petavy tov
otoixeinv g akoAoubiag e1006ou. Acdopévav tov mvakev Q, K kat V, pie toug avtiototyoug
mivaxkeg Bapwv Wy, Wi, W, , priopoupe va opicoupie v mpocoxr] MoAAAmAGV KePaiqv pe

H repalrég poooxng g §ng :

MultiHead(Q, K, V) = Concat(head, , heads, ..., heady)W, (2.2)

orou 1o Ka9e head; opiletat wg:
head; = Attention(QWg,;, KWy ;, VW, ;) (2.3)

Concat: ouvéveon Katd PHKog g S140taong TV XapaKTPIOTIKOV

W, pabnotlakog rivakag Bapev rmou epappodetal oty ouveVEoT) g £5§060u

Q: mivakag pRTNURAT®OV

K: mivakag rAeidiov

V: mivakag tpov

Wy, Wi, Wyt mivakeg fapov nou poBaAdovv ta Q, K, V oe évav Koo Xopo

O pnxaviopog pocoxrg MOAAATA®V KEPAAGDV ETITPETIEL OTO POVIEAO va TTapakoAoubel tautoxpova
dlapopetikd pépn g €10060uU, BeAtidvoviag TV 1KAVOTNTd ToU va cuAdapBavel ouvBeta

potifa ota 6edopéva.

2.5 Metaoxnpatiotég Katatpnong

2.5.1 SegFormer

To SegFormer [2] arotedel éva ardo aAAd arotedeopatiko framework onpactoAoyiknig
KATATHNO01NG [TOU EVO®PATOVEL Artodotikd toug Metaoxnpatiotég pe lightweight anokwdikoror-
ntég Multilayer Perceptron (MLP). Auto to framework eiodayet évav iepapyikd dopnpévo
kwdwonout) Transformer mou e§aleipel v avaykn yila npoobetn kodikoroinon déong
(positional encoding), arodidoviag xapartnplotikd moAAanirng kKAipakag. To poviédo Seg-
Former xpnoponotei évav arnokodikortointr) MLP, 0 0rtoiog GUYKEVIPOVEL OTPATNYIKA TTANPO-

@opieg amd dagopstika emineda, VOOPATHOVOVIAG TOOO TNV TOINKY 000 KAl TNV £UPUTEPT)
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2.5.2 MaskFormer

mpoooyt| (attention). Autr) n mPOCEYYION €XEl WG ATOTEAECHA VA TIPOKUITIOUV 10XUPES
avanapaotdoslg eve nmapdAinda n amdomta Kat o eAappug oxedlaopog tou SegFormer

arodeikvuovial KaBop1oTIKA yid TV EMMTEVEH AMMOTEAEOPATIKEG ONIACI0AOY1KG KATATHINOTG.

0 Encoder L Decoder |
| I I
H w H w H W H W H w H w
4><4><C1 3 % BXCQ mxme; 32><3sz4 :x:x:l-C PR 4de5
m 2
38 = = Sl 3
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o = == -1 =]
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[oaEs] = = = = — )
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] M 35
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Figure 2.4: H apytektovikn] tou SegFormer [2]

'Oneg gaivetat oto napandve oxnua, 1o SegFormer repldapBavel SU0 KUPEG EVOTTEG:
Hierarchical Transformer Kodikorout)g: Auto to tpnpa e§ayet 1a yevika Xapaxkinplotika
UYPNANG avdadluong Kat Ta o AEMTOPEPT] XAPAKINPIOTIKA XaunAng avaluong. e avtibeon
pe v npoogyyion tou ViT, n onoia xpnowornotel patches peyédoug 16 X 16, 1o SegFormer
Saipel pia ewkova e100dou peyedoug H X W X 3 oe pikpotepa patches peyédoug 4 X 4 . H
XPHO1 auteV TV Pikpotepnv patches eival 1dlaitepa enPeANS yia epyacieg UKvng mpo6-
Aeyng. O 1epapX1KOg KOSIKOTOMN TG enedepyddetal auteg TG EVIHEPWOELS KMO1KA, apd-
yovtag Aettoupyieg moAdamAov smréedov ota i, é, 1—16, 3% MG aPXIKAG avaluong €1Kovag.
Light-weight anokodwkonowutjg All-MLP: AuUto 10 TUfIA OUYX®VEUEL Td XAPAKINEIOTIKA
moAAaTA®V ermriedwv mou AapBdvovial and Tov K@OIKOomouty] yia va Snpioupyroet myv
TEAIKI] PAOKA ONPACIOAOYIKAG TRnpatoroinong. Ot evpepdoelg KOS1Ka e1KOvag Asttoup-
YouVv wg £icodot otov 1epapxiko kadikorontr] Transformer, pe anotédeopa g Aettoupyieg
moAAarmAev ermnedmv mou ot ouvexela petadiBadovial otov anokndikonowtr] All-MLP. O
ATIOK®OIKOTIOTAG IPOBAETIEL T PACKA THNIATOIO0NG O avAaAuor % X % X Ngis, OTIOU
10 Ngs QVTUITPOORIteEUEL TOV apldno tev Katnyopt@v. O ouvbuaopog evog tepap)Xika dopnpe-
vou kedwkornownt Transformer kat evég light-weight anokedikorowntr) All-MLP Siaxpivet

1 oxebiaon tou SegFormer, ermSe1KvVUOVIAG TNV ATIOTEAECHATIKOTTA TOU OV AVIIHETOITION

T®V IIPOKALCE®V TG ONHIACI0AOYIKIG THNLATOIOINoNG.

2.5.2 MaskFormer

To MaskFormer siodyet éva andd poviedo tadivopnong pdokag oxedlaopévo va mpob-
Aémel éva oUvolo duadikev paokov, kabepia ouvdedepévn pe pa povadiky rpoBAeyn
€UKETAG TIaykooplag kKAdong [3]. H depediwdng nmpwtoropia tou poviedou €ykettal oty
guedigia g tagvopnong paockag, mpoodEPovIag Hia evortonpév) Avor 1000 yla epyaocieg

THINPATonoinong oe emmnedo onpactiodoyiag 0oo kal ot instance emninedo Péow £vog KOWOU
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poviédou pe kown Sadikaoiag ekmnaidsuong. Xuykekpipéva, 1o MaskFormer smisikviet
avetepn arodoor oe oxéon pe g Paocikég ypappég tadivopnong ava pixel, 1dwaitepa oe
oevapila pe peyado apdpo kAdoewv. Eve toAAEég mpooeyyioelg OnNpacioAoy1Kng THNHATOoNong
nou Baocidovrat oe Babia pddnon avupeteni{ouv 1o POPANHA G TA§VOUNOT avd e1KOvVoo-
toxeio, epappdloviag pia aneAela ta§vopnong oe pepovopéva eikovootolxeia e€odou, 1o
MaskFormer u100etel pia evaAAAKTIKY TIPAKTIKY. EEXOPIEL TIG TTTUXEG KATATINONG Kat Tag-
wopnong mpoBAsnoviag éva ouvolo Huad1koOv packev, kabepia ano 11g onoieg oxetidetal pe
Ha npoBAewn KAAong. AS0molwviag tov unxaviopo npobieywng ouvolou arnd to DETR, 1o
MaskFormer xpnowporotet évav anokedikonountr) Transformer yia tov urtoAoyiopo euyov,
10 kaBéva and ta omnoia reptdapBavet pia poBAeyn KAAong Kat éva S1avuopa eVvoePAT®oNG
pdokag (mask embedding). To 6 iavuopa evoepdtoong pdokag d1eukoAuvel tv rpoBAeyn
duabikng NAOKAG PEC® EVOG E0MTEPIKOU YIVOHEVOU HE TNV EVOOUIAT®OON avd £1KOVOOTOIXEI0

mou AapBdvetatl aro éva mMAnpeg ouveAktiko diktuo (FCN).

transformer module dlassification loss segmentation module

Q !’ | [P Sy ey PR
transformer N class predictions| | Semantic segmentation !

decoder = B ®m o &\ inference only

F R A R NX(K + 1)

" N mask embeddings
N queries B mE O B

binary mask loss
gz.XN l

pixel-level module segmentation

1
H
1
1
i
semantic 4
H
1
1
|
1
|
1

Emask
H KxHxW
Epixel N mask predictions
UQ xHxW LI N e
NxXHxW
image features F per-pixel embeddings

Figure 2.5: H apyttektovikn tov MaskFormer [3]

To MaskFormer urtodoyilet éva ouvolo amno N {euyn mdavotteov-pdokag, mou oupBoAi-

fovtat &g z = {(p;, mi)}li\i 1- To povtédo arotedeital ano tpeilg BaciKEG EVOTNTES.

Pixel-Level Module: E§ayet embeddings ava pixel rou eivat rtoAu onpavikda yia ) Snuoupyia

nipoBAsyenv Suadikhg PAoKag.

Transformer module: Mia otoiffa OTPEPAT®V ATIOKO®IKOIIOUTY] LETACY}ATIOTY] UTTOAOY et
N embeddings ava tunpa, cupBailoviag ota emopeva Bripata rpoBAeyng.

Segmentation Module: Eivat uvneuBuvo yua t Snpoupyia npoBAéwenv {(p;, mi)}?i , ano
1a Angbévia embeddings. Autr n evouqua e§aopadilel pia oUVEKTIKY evortoinorn mpoB-
Adyenv 1agng kat duadikov paokwv. H apxitektovikn tou MaskFormer ermdsikvuetl tov
ouvduaopo auUTOV IOV AEITOUPYIKOV PHovadmv, £rmdEIKvUOVIAG TV ATIOTEAEOPATIKOTATA TG
OTNV AVUHETIRINON €PYACIOV TUNHIATONOINOoNG 1000 0g ONHIACIOAOYIKO 000 Katl of erinedo

apouciacng PE€oa o€ £€va EVOTIOUHEVO TTAAioto.
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2.5.3 Mask2Former

2.5.3 Mask2Former

To Masked-attention Mask Transformer (Mask2Former) [4] artotedel pa eugAiktn ap-
XUTEKTOVIKI] OXed1a0PEVD Yia TNV AVIIHETOINOT §1apOprV EPYACIOV TUNHATOTION 01 EIKOVGYV,
ouprnieptdapBavopévng g IAVOITIKLG, ¢ instance kat g onpaoctoloyikrg. Kiedi yua
v anodoor] tou eival ot pnxaviopoi ocuykailuppévng npoooyxrg (masked attention) mou
£€AYOUV TOIMIKA XAPAKINPELOTIKA Teplopidoviag ), cross attention oe rpoBAernopeveg re-
ploxég pdokag. To Mask2Former &erepvd 11 e€e1dikeupéveg apXlteKtovikeég o Sradopa
task katatpnong, e§aodalidoviag eukoAia exkmnaidsuong. Armotedoupevo and €vav e§ay-
wyéa xapaxkmmplotkov (feature extractor) koppou, évav anokedikornoutr) pixel kat évav
anokedwkonout] Transformer, 1o Mask2Former €ioayel apketég BeAtidoelg yla kaAutepa
AToTEAE0ATA KAl ATIOTEAEOPATIKY eKTTaideuon.

H nipotn BeAtioon rieptdapBavet ) xpnorn tou pnxaviopou masked attention otov amok-
wowonowt Transformer, ieplopidoviag tnv IPoOcoxr) o€ XapAKINP1OTIKA ITOU ETIIKEVIPHOVOV-
a1 yUpe ano ta rpoBAemnopeva tpfjpata. Autr) 1) TOTUKY £0T1A0T), €1Te 0 aviikeipeva eite o
TIEPLOXEG, EPXETAL O aviiBeon e TOV PN Xaviopo cross attention evog TUTIKOU arTOK®H1KOITON-
N Transformer, o6nywviag o taxutepn oUyKAlon Kat BeAtiopévn anddoor). AegUtepov, 10
Mask2Former aglomotei xapaktnplotkd upnAng avaluong rmoAdaring KAipakag, evioxuov-
1ag TV IKAVOTNTA TOU VA TUNHATOTOEL HIKPpA aviikeipeva 1 ieploxég. Tpitov, eloayet opio-
Péveg BEATIOTOIIO0E1G, OTIMG 1] AVTIOTPO®T TG OE1PAG TG auto-Iipoooxn (self-attention) kat
Tou cross-attention, n Suvatdinia ekpAdNoNg TV XAPAKINPIOTIKGOV EPOTNHATOV (queries)
Kat 1 katapynorn tou dropout, cupBdAAouv ot BedAtiopévn anodoorn) Xopig rmpocdeto urtolo-
YlouKo Kootog. TéAog, To poviEdo emtuyxavel pia 3X peiworn ot pvhpn eknaibeuong Xopig
va dakuBevetal 11 anodoor unodoyidoviag v anwiela PAoKag oe PeEPIKA onpeia tuxaiag
SetypatoAnuiag. Autég o1 BeAtiwoelg oxt povo au§dvouv v arnodoon Tou poviéAou addda
Kal armlornolouv onpavilkd v eknaibeuor), kab1otoviag 11 KaOoAIKEG APXITEKTOVIKESG TTIO

TIPOOLTEG OE XPIOTEG HE TIEPLOPLOHEVOUG UTIOAOY10TIKOUG TTIOPOUG.
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Figure 2.6: H apyttektovikn tov Mask2Former [4]

To Mask2Former uiof¢tel v 161a peta-apyirektovikr pe 1o MaskFormer, rou 6iaB¢tet
évav kopuo (backbone), évav arnokedikoriowntr) pixel xkat évav arokedikorow) Trans-

former. Znpeiwtéov, o anokwdikonoutig Transformer siodayst masked-attention avti tou
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oupBatikou cross-attention. Ta v AMOTEAECPATIKI] AVIIHEIOION MIKPOV AVIKEIIEVRV,
1A IIPAKTIKY MTPOCEYY10n EPAapBAvel T XP101 XAPAKINPIOTIKOV UPNANG avdailuong aro
évav arnokmdikonolnt pixel, tpopodotdviag pia KA{paKka 10U XapaKIploTiKoU MOAAATANG

KAlpakag oe éva otpopa anokadikonowtr] Transformer ka9e gopa.

2.6 MeTplkEg

'Onwg unobeikvuetatl oto [24], n onpaoclodoyiky Katdtpnon eivat pia moAuUrAokn Sti-
adwkaoia rou e€etdlet 11§ oxéoelg Petadu v tadvopnpévey pixel. H akpifela oe emninedo
pixel (pACC) xpnotpuevel ®g apX1Kr PETPNOT Yia v aSloAoynor) tng anddoong Kat urtoAoyile-

Tat pe tv akoAoudn ediowon:

k
i=1 Ty

acc = T .
i=1 "

orou ny eivat o ap1Bpog twv pixel mou avrkouv oty kKAAGon i kat emonuavonkav og KAdon
j» k givat o ouvoAikog apiBpdg rAdoswv Kat t; = Z}‘Zl n; €ivar o ouvoAikog ap1Bnog pixel
g KAdong i. Qotdoo, autn n P€rpnon Propei va eival napandavntikd uypnin oe ouvoia
b6edopEvav OTTOU eKTETAPEVEG TIEPIOXEG KUPLAPXOoUVIal aro pia povo KAdon. Auto 1o {tnpa

HIOPEl VA AVTIPETOITIOTEL 1€ TIG AKOAOUDEG PETPIKEG:

mACC H péon akpifela eival n péon tpr g akpifeiag oe 0Aeg tig Katnyopleg:

k
1 j
mACC = — — (2.5)
ki b

IoU O Adyog tng topng npog v éveor (IoU) petpa v erukdAuyn petady g rpoBAeno-
HEVNG ONUACI0AOYIKNG EMTIONPAVONGS KAl g MPAYHATIKNG £Mmonpavong yia kade kAdon,
apEyoviag mMAnPogpopieg yia 1o éco kadda eubuypappiovial ot IPoBAEWPELG TOU POVIEAOU
HE Ta MPAypatikd opla aviKeEPEVOV 1] TIEPLOXOV oty ewkova. H petpikr) IoU eival pa
a&lodoynon avd kKAAon OXETIKA e TV OP010TTA NG £§AYOHEVNG KATATINONG KAl NG IPay-
paukng, Siaipoupevn Pe Vv Eveoon:

TruePositive;

IoU = — — - (2.6)
TruePositive; + FalsePositive; + FalseNegative;

omou ta TruePositive;, FalsePositive;, kat FalseNegative; eival ta mAndn 1eov mpaypatika
YeukaV, Peudov SeTKOV KAl PeUSHV apvnTIKOV EIKOVOOTOlXElwv, aviiotolKa, yla v Katn-
yopia i.

mloU Ilapéxet €éva PETPO TG OUVOAIKNG Arodoong g THNHATOnoinong unoloyifoviag tov
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2.6 Metpikeg

péco opo tov eV IoU ot 0Aeg Tig Katnyopieg:
1 &
mloU = — IoU; 2.7
- Z; ; 2.7)
orou k eivat o cuvoAlkog aplBpog KAACERDV 1) KATYOPLOV.

Fl-score: To Fl-score sival éva pétpo g akpifeiag evog poviédou, e§l00pponmviag 1000
10 precision 600 kat to recall. Ymoloyidetalt @G 0 appovikog PECOG TOU precision kat Tou

recall:

precision X recall
F1=2X (2.8)
precision + recall

010U 10 precision eivat 0 Adyog 1@V aAnSvev SeTKOV IPoPAEYPE®V ITIPOG TOV CUVOAIKO ap1tSjiod
TV Jeuk®v nipofAéyewmv kat to recall eivat o Adyog tov aAndivev JeTKOV IPoPALYenv 1IpOg

TOV GUVOAIKO aptdpd ToV MPAYHATIKOV JeTIKOV MIPORAEPERDV.
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Chapter B

MééS060g Kat AtoteAéopata

3.1 IIpoctolpacia ZuvoAwv Aedopiveov

3.1.1 Coast Train Dataset

Mepypaepn

To "Coast Train" [25] eival éva ouvoAo srmonpacpévev 6edopévav ou aroteAeital anod
0p90PWOIKEG KAl BOPUPOPIKEG E1KOVEG ITOU KATaypda@ouv Sidgopa mapdktia rieptdiiovia
1ov H.IT.A. K&9¢ untoouvodo dedopévav oto "Coast Train" oxetifetal e161kd pe Eévav povadiko
TUTIO €1KOVAG KAl 0UVvoAo KAdong. '‘Ocov agopd tn X®WPKY avdluorn, £xoupe aro 0,05 m
€¢0g 1 m ya ta opdoumoaikd, eved ol SOPUPOPIKEG ekOveg eival eite ota 10 m eite ota
15 m. Edwotepa, 1o ouvolo dedopévav reptdapfavet pia e1kdveg anod moAAarAég mnyeg,
ouuneprapPfavopévev twv NAIP (1m), Quadrangle ( 6m), Sentinel-2 (10m) kat Landsat-8
(15m), tpoo@époviag GUAAOYIKA Jla KAYOAIKI) E1KOVA Y1d TNV IOKIAOH0P@ia TOV TAPAKTIOV
riep1faddoviev. Autr) 1 OKIAGPoPE oglpd avaduoewv pixel e§ao@aldilet p1ta oAorANpePREVD

avanapdotaot) IOV IAPAKIIROV XAPAKINPLOTIK®OV 08 S1a@OopeTikEg KATPAKEG.

b)

unknown
| unusual
| no data
" cloud
- development
- agricultural
. vegetated
. other terrain
| sediment
| whitewater
water

pixels
=]
(=4
o

Number of
1
3

1200

1400

1600

200 400 600 800 1000
Number of pixels

Figure 3.1: (a):Ilapaderyua ewtoypagiag tou Coast Train dataset, (b):H avtiotoyn suova
emonuavong, (c):Potoypaeia pali pe tg suketeg. H pwtoypaeia avrket oto op9oumoaiko
ovvojlo 6ebousvav kat mpoépyetat ano to San Diego, California

O1 etkETEG KAAOEWV £VIOG TOU 0UVOAOU Hedopévev kupaivovial petadu 4 kat 12, oupBai-

Aovtag o €évav AETTOPEPT] OXO0ALAOHO TV EIKOVOV. XUVOAIKA, T0 0UVOAo Sedopiévav meplh-
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apBdvel 1852 pepovapéveg e1koveg, rmou nepthapBavouv 1,196 dioekatoppupla pixel. Auto
10 TEPACTIO OUVOAO HEB0PEVOV AVTIIIPOOMITEVEL 11 OUVOAIKY ermipavela 3,63 ekatoppupiov
EKTapi®V, mapexoviag pia mlouola mNyrn yla T HEAETn KAl TV KATAVOnon teV Mapdk-
TRV 01KOOUOTNHATOV. To YERYpAPiKO €Up0og ToU ouvodou Sedopévmv eival eKTeETapévo, Kat
extelivetal arno 26 ¢ng 48 poipsg B oe yewypadiko mAdtog kat 69 éng 123 poipeg A oto
YEQYPADIKO PNKOG, ONKG @aivetatl oto Zxfpa 3.2. Auty 1) eupeia kaAuyn dtaodpadidet ot to
oUvoAo dedopévav Kataypdgel éva euplU @Acpd MAPAKTIOV replBaddoviav, Kabiotwviag 1o

TTOAUTIHO TIOPO Yld €PEUvVA KAl avdAuor) oto 1edio.

Sargasso Sea

08 (12 class)

B) Satellite imagery

Figure 3.2: I'swypaeikn katavoun tov (A) opdouwoaikov kat (B) 60pUeopIK@U e1KOVOU

Kda9e eyypagry 6edopévav £xel éva povadiko ouvodo rAdoswv. Qotd00, Ol ETIKETEG
enavernegepyadovial eUKOAA yld va avilotolXioouv rmoAAarAég KAACELS O éva TUTTOITOUEVO
OUVOAO «UTIEPRAACE®V» OE OAEG TG eYYpa@eg 6edopévav. O1 UTIEPKAACELG, OTIOG (PATVETAL OTOV
[Tivaka 3.1, eivat ovopata €Upeldv KAACERDV Yid P1d CUAAOYI)] ETIKETOV KAACERDV OTOLXEIQV.
Ma napddetypa, ta «kjplar KAl ta «oXNpatar eivat éva UmooUVOAO TG «AVEITTUYHEVIG»
UTIEPKATNYOPilag Kat 1 «Appog» Kat T0 «XaAlKD» arotedouv pEPog g umnepKatnyopiag «in-
patww. Opiovial ermtd €UKETEG UTEPKAACEMV KAl PETASU TE00UPKOV Kal d®MOEKA EUKETMV

KAQoe®V avaloya pe 1o ouvolo Sedopévmv.



3.1.1 Coast Train Dataset

Avtuiotoiyion YneprAdoswv

Ovéopata YneprAAGE®V

KAdoelg

water water, sediment plume

whitewater whitewater, surf

sediment sediment, sand, gravel, gravel/shell, cobble/boulder/ mud/silt
developed developed, dev, coastal defense, pavement/road, other anthro, vehicles,

buildings, development

natural terrain

bedrock, bare ground, other natural terrain, other bare natural terrain

vegetation vegetated, vegetated surface, vegetated ground, terrestrial vegetation,
marsh vegetation, herbaceous veg, herbaceous vegetation, wood vege-
tation, woody veg
other other, unknown, unusual, nodata, people, ice/snow, cloud
Table 3.1: Avtiotoixton TV KAACE®V O UtepKdoelg.
IIpostowpaocia

To ouvolo 6edopévav Coast Train reprdapBavetl §éxka Siakpitd urtocuvola dedopévav,
ouykekpipéva Landsat8-11-001, Landsat8-12-001, NAIP-11-001, NAIP-6-001, Orthophoto-
12-001, Orthophoto-8-001, Orthophoto-9 -001, Quadrangles-7-001, Sentinel2-11-001,
kat Sentinel2-4-001. Autd ta urtoouvoAa 6edopEvav tapouctadouv pia S1apopeTiKkn OEPdA
E£IKOVOV TIAPAKTIOU TEPBAAAOVTOG, TIOU TOIKIAAOUV 08 avdalduor), PEyebog Katl IEPLEXOHEVO.
[pokepévou va dnpuioupynOet éva ouvodo Sedopiévav TIPOCAPIIOOEVO OTIG CUYKEKPIPEVES
ATaltnoel§ g £pyaciag onpactoAoyiKhg Katdtunong, paypatono)fnKe AETOPEPNS EITL-
Yewpnon ka9e unoouvodou dedopévav. Ze autrv ) Swadikaoia, anokAsioape e1kOveg e
Sraotdoelg katw tov 300x300, Kabwg 10 PKPOTEPO 11€YeO0g Toug Sa propovoe va J€oet o
KivOUuvo TV 1Kavotta ToU POVIEAOU va KATAYPA(DEL ONPAVIIKEG AETTTOPEPEIES Yid TV €P-
yaoia tpnpatonoinong. ErmumAéov, ot e1koveg mou kpidnkav pn ocuvageig 11 6sv ocupBaiiouv
OTOUG OTOX0UG aUTHS NG PEALTNGg arnokrAsiotnkav and myv ermioyr. a napadeypa, ta vrn-
oouvola Sedopévav NAIP kat Quadrangles eSaipebnkav eredr) Sa eixav apvnukrn) enibpaon
ot Sadikaoia eknaibeuong, augavoviag tov XpOvo eKMAISEUONS TV POVIEA®V KAl [T OUVE-
1opépoviag ota arnotedéopatd toug. Me tny naparnave Siadikaoia, amno v apxikr) eapevn
tov 1852 sikovav, kpatoape 645 sikoveg. 'OAleg o1 eTudeypéveg e1kOveg £yivav resized oe
opolopopon dractaon 512x512 pixel, yia toug okomnoug g exkmnaidsuong v poviédov. H
napanave Stadikaoia rpoenegepyaoiag Staopadilet 611 1o oUvoAo debopévav coastTrain rou
Xpnotpornotr)Onke otr peA€n pag eivat BeATiotornopévo ya eKnaideuorn PovieA®v petaocyn-
HATIOTOV Of €PYACIEG ONPACIOAOYIKAG KATATHNONG TOU OXetidovial pe mapdkua neptBai-

Aovta, Ermtuyxavoviag pa 100pportia Petady g oUPepiAnyng Kat g akpipelag.
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Chapter 3. Mé90bog kat AntoteAé¢opata

Initial 1852 images of coastTrain
(multiple sizes)

Selected 645 images of coastTrain
(multiple sizes)

Resized 512x512 selected images

Step 1l

Image Selection .

Step 2
Image Resizing

Figure 3.3: Awabucaoia mpoenelepyaoiag tou apyuov Coast Train dataset. Brjpa 1: Emiié-
youue tig o katdianAesg emoveg pe Sdon 1o ugyedog, v avajuon kat v oupubarotnia t1ovug
ue v mapovoa gpyaocia. Bripa 2: Kavouue resize 0Aeg Tig EIKOVEG WOTE va £OUv Kown 6tao-
taon 512x512.

To tedik6 ouvolo dedopévav coastTrain aroteldeitar and 645 ekdveg, n kabepia pe
avaduorn 512x512 pixel, ouvodeuopeveg anod tig avtiotolxeg paokeg toug. I'a va draopali-
OOUHE Tr] OUVETIELA OTO O0UVOAO §edolévmv yia amotedeopdatiky eKnaideuor, £€XOUpReE aviio-
To1xioetl 0Aeg 1§ KAAoeglg otV avtiotoyn vriepkAdor toug (ITivakag 3.1). Autn i avuiotoiyion
BonBda ot dnuioupyia evog eviaiou ouvoAou dedopnévav IIPOCAPIIOCHEVO OTIG OUYKERPTIEVEG
anatnoeig g epyaociag. To ouvolo dedopévev meptdapBavet emtd S1aKpiteég KAAOELS, OTIRG
nePypAPeTal otov apakdate mivaxka (Mivakag 3.2). Kade pixel otig e1koveg propet va av-
TIoto1X1otel o Pila amd autég Tig Katnyopieg, oupBailoviag otov mMAoUTO TV IANPOPOPIOV

ou cuAAgyovtal yia akplPi) onpacloA0YiKY) THNLATOIIOm 0.

KAdoelg
1d Etikéta

water

whitewater

sediment

development

natural terrain

vegetation

QU | WIN—O

unknown

Table 3.2: ITivaxag avtiotoixiong id kat etiketwv yia 1o tefko coastTrain dataset.
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3.1.2 Greek Coastline Dataset (Aro to EAAnviko KinpatoAdyio)

3.1.2 Greek Coastline Dataset (A6 to EAAnviko KtnpatoAdyio)

Figure 3.4: Ilapaberyua suxovag tou Greek Coastline Dataset

Mepiypaen

To ouvodo dedopévav Greek Coastline aroteleital anod evagpieg 1KOVEG ATIO TNV AKTI) TG
[Tedomovvrioou og avaAuor pixel 25 cm kat pag rapaxopndnke anod 1o EAAnviko Kinpatodo-
yo. Ta apxeia debopévav eivat oe poper) raster, emopévag xprnotponowjoapie ) B18Ao0nKn
g python Rasterio [26] yia va ta §ia8dooupe kat va ta ene§epyaoctovpe. 110 ouykekpipéva,
KG9 ewkdva arotedeital anod téooepa exwpilota apyxeia (.tif, .tfw, .aux, .img), o ouvbuao-
116G T®V 0TIOI®V OXNUATIEL TV TEAIKY] TP10d1a0TaTy £1KOVA (YEQYPAPIKO PNKOG, YEQYPAPIKO
mAdtog, vwopetpo). Ta apyeia .tif, .tfw kat .aux nepiExouv oroixeia mou ouvbEtouv 1 610-
dudotatn ekova, eve To apxelo .img mepiéyel mMAnpopopieg oxeTkA pe v tpitn didotaon
Mg €wkovag, dndadn 1o Uyog. Zuykekpipéva, 1o apxeio .tif mepdapBavel 1o @dopa ng
S1o61dotamg ekdvag oe tEooeptg SeXWPoteg paopatikeg {oveg (Kokkwvo, Ipaowvo, MrtAe,
YriépuBpo). To apyxeio .tfw mepiExel ta Sedopéva petaonpatiopoy mou mMPEMEL va epap-
pootouv oe ka9e pixel tng €1KOvVAg yia va MPOKUYPEL TO AVIIOTOIXO YVE@YPAPIKO PNKOG KAl
veaypapko Adtog. To apyeio .aux reptdapBavet 0Aa ta petadedopéva mou oxetidoviat pe
) 81od1aotatn ekéva, OTIOG TO CUOTNHA AVAPOPASG CUVIETAYHEVAOV TTOU XP1O1H10IToLEITAL ATIo
NV €1KOVA Yld va EKPPACEL TO0 YERYPAPIKO NIKOG KAt ITAATOG TV ototyeiov tng. TéAog, 1o
apxeto .img nepiExet v tpitn diaotaon g ekdvag, dnAadn ta dedopéva yia 1o vpog KAde
pixel ot Siobidotatn ewkdva, eved niepldapBavel Kat ta aviiotolxa petadedopéva mou oxeti-
Jovtat pe autr) ) dactaorn. To prkog Kat 1o MAATOG NG £1KOVAG eVOEXETAL va dladEpouv
eAappng amnod ekova ot eikova. EmAéyoupe va riepikoOyoupe ta emrmiéov pixel mou propet
va UTIAPXOUV 0€ OPIOPEVES EIKOVEG Y1d va £€XOUE £va £viaio ouvolo dedopévav Tou arotelei-
Tal arno £1koveg pe daotdoelg 3200x2400. H avaduor pixel tov apyeiov .tif (eikoveg) eival
25 ekatootd, eve yla ta apxeia .img (Gyog) eivat 20 petpa. 'Etot, €xoupe pa avaioyia 1/4
oe KGO9e H1aotaon petady apyeiov ewkovag kat Vyoug. Eropéveg, yla va ermtuxoupe eubu-
YPAUH10T1] OTIG CUVIETAYHEVES TV SU0 £1KOVRV, avadiapopPadVvoue ) PIpd UYPous Oote va
£xel Saotaoelg 3200x2400 avti yia 800x600. AUt 10 €EIMTUYXAVOUHE XPTOTHOMIOIOVIAS TO

ywopevo Kronecker, nmoAlanmiaocidadoviag ka9e oto1xeio Tou mivaka Uyoug pe évav rivaka
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Chapter 3. Mé90bog kat AntoteAé¢opata

yettoviag 4x4.

500
750
1000
1250
1500

1750

2000
2000 2200 2400 2600 2800 3000 3200 oy | ; 4 i 15

2500 2000 1500 1000 500 0
Y Label

Figure 3.5: Iapabdsiyua 2D
ewcovag Figure 3.6: Ilapaberyua 3D emwovag

Ao 10 apyxeio .tfw anoktoUpe OV PETAOXNHPATIONO OUVIETAYHEV®OV TIOU PETATPETIEL TIG
OUVIETayHEVEG TV pixel 0e MPAYHATIKEG YEOYPAPIKEG oUVIETayEveg. TT10 CUYKEKPIEVA, 1)

dopry tou petacynpatiopov @aivetat oty e§iowon 3.1 apakAtw.
x| A B||x N C
Y1 D -E|ly| [F
‘Onou:
® X] UMOAOYi{eTal @G 1] X-OUVIETAYHEV] TOU £IKOVOOTOLXEI0U OTOV XAPTL).
® y; UTIOAOYI(ETal WG 1 Y-OUVIETAYHEVH TOU E1KOVOOTOIXEIOU OTOV XAPT).
e x gival o apdpog g OTANG TOU E1IKOVOOTOIXEIOU OV £1KOVA.
e y sivatl o aptdpuodg g YPAPHHS TOU E1KOVOOTOIXEIOU OtV 1KOVA.

e A sival n x-kAipaka, ot 51a0TACEIS TOU €1KOVOOTOLXEloU o povadeg xdaptn otnv x-

Oteuduvorn.
e B xai D eivat o1 6pot mep1otpoPns.

e C xat F eival ol 0pot petd@paong, AVIUTPOO®ITEVOVIAS TIG X, Y OUVIETAYHEVEG XAPTI)

TOU MAV® apl0TEPA E1KOVOOTOXEIOU.

e E silval 10 apvnuko g y-KApakag, ot 51a0Tdoelg TOU €IKOVOOTOIXEIOU OE OVASEg

Xaptn otnv y-dteuduvor.

I'a to ouvodo 6edopévav pag, ot TipEG tov otadepav apapépev A, B, D, E gaivoviat
otov rtivaxka 3.3 mapakdat®. Ot napapetpotl C kat F etvat dragopetikég yia kade eikova kadwng

AVTIOTOLXOUV OTO0 VEMYPAPIKO UNKOG KAl ITAATOG TOU EMAVE APLOTEPOU ELKOVOOTOLXEIOU.
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3.1.2 Greek Coastline Dataset (Aro to EAAnviko KinpatoAdyio)

IMapapetpol Metaoxnpatiopou
‘Ovopa Twn

A 0.25

B 0.00

D 0.00

E -0.25

Table 3.3: Ilapaustpotl petaynuatiopoy yla v UETATPOTN IOV CUVIETAYUEVOV TOV EUKOVOO-
o1 elwv oto ovotnua avagopdg HGRSST.

Xpnoponowviag autdv oV HETAoXPATIoN0, Ol oUVIETtaypéveg tov pixel otnv ewkova
avtiototyifovial oTo avtiotolXo YE®YPAPIKO PHKOG KAl YEQYPAPIKO MAATOS. Ol YE®YPAPIKEG
OUVIETAYHEVEG TIOU TIPOKUITIOUV ek@pdloviatl oto EAAnviko 'embaitikd Zuotnpa Avagopdg

1987 (HGRSS87), ériwg urnodsikvustat anod ta petadedopiéva oto apyeio .aux.

IIpostopaocia

la va dwaopadicoupe Vv KATAAANAOTNTA TOV €IKOVOV Yld eKmaidsuon oupgova pe
TOUG MEPLOPIOROUG E10080U TV POVIEA®V TTIOU 9a XP1O1H10II0I|C0UNE, EPAPIIOJOULE Hild OXO0-
Aaotiky) Sadikaoia npoernegepyaciag. ‘OAa ta poviéda rmou XprnotponotriOnkav ot PeAétn
pag xpnowporiolouv otabepod peyebog e1006o0u 512x512 pixel. Qotdco, yla to ouvolo de-
Sopgvav g eAANVIKIG AKIOYPAUMLS, U00ETOUHE Hla SEXWPIOTH] IMIPOCEYYIon yila ) O1-
atpnon g peylotng duvatng avdduong, 6edopévng Ing mePImAOKNG @UONG TOU £PYOU
KATATPNoNg v aktev. [a va 1o metuyoupe autd, €mMAELYOUNE TOV HlaX@PIoP0 €1KOVAG
avti tou resizing, mpokeyévou va diatnprooupe v UuywniAotepn avdduorn, Kabog eivat
{OTIKNG onpaciag yia Tig andaitrosig g napaxktiag kartdtunong. H ouykekpipévn Siadikaoia
npoeregepyaociag mou akodouboupe anekovi¢etat onukd oo Zynpa 3.7 kat riepltaapBavet
bUo0 Paowkd Prpata. Ipotov, Eekvape v npoeneiepyaocia epappoloviag zero-padding otig
APXIKEG €1KOVEG, O1 01101eg €X0UV apxikd péyeBog 3200x2400 pixel. To zero-padding epap-
poletat 1600 opgoviia 600 Kat kKaBsta yia va Siaocpaliotei o1l o1 Siaotdoelg Siaipouvial pe
axkpifeta pe 1o 512. 'Etol, peta and auvto 1o Pripa 1o peyebog opidetal oe 3584x2560 yia

Kade sikdva. X1n oUvEXELd, 1] IPOKUITIOUoA £1KOva Xepiletat oe 35 eikoveg 512x512.

Greek Coastline Image Zero-padded Image 35 512x512
3200x2400 . 3584x%2560 . Images

zero-padding

Figure 3.7: Ilposnelepyaoia eucovag: zero-padding kat ywplouog oe patches
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Chapter 3. Mé90bog kat AntoteAé¢opata

Figure 3.8: Ilapaberyua patch

O otox0g autrg g dunepatky epyaoiag ival va £§ayet mAnpodopieg aro 1o oUvoAo
dedopévav g EAAnvikng AKtoypappng, to ornoio apxika dev nrav labeled kat epieAdpBave
axKatépyaoteg e1kOveg. 'a va BeAtidooupe tny o0t Ia IOV AroteAeopAtov pag, ermgaue
VA EMONHIAVOUHE XEPOKIVNTA €va EMMAEYHEVO UMTOOUVOAO TOU OUVOAOU Hebopévav autou,
Xpnotpomnowwviag 1o epyaleio Segments.ai—jita anotedeopatiky miatpoppa dedopévav ex-
naideuong yla pnxavikoug opaocng UITOAOYIOT®V, ITOU IMPOCPEPEL P 10XUPL denmaer ya
v emonpavon dsdopévav. Anogaoiocape va smonpavoupe 420 eikoveg 512x512 (mou
avtiotolxouv oe 12 mAnpelg ewkoveg 3200x2400) XpnoHOMOIOVIAG TO 1610 OUVOAO ETKETOV
He 1o ouvoAo Sedopévwv coastTrain, 1o omoio amewkovi¢etar otov Ilivaka 3.2 nmapandve.
'Etot, anoxktrjoape éva ermonpacpévo ouvoio dedopévav, 1o onoio ovopaloupe grCoastline,

10 oroio Ya aornorjooupe yia 1o tediko fine-tuning tov poviédwv pag.

Figure 3.9: Ilapabetypa apxikng smkovag Ue T avtiotoyn paoka (uavpo: unknown, ume:
water, aompo: whitewater, kitpwo: sediment, mpdotvo: vegetation).

3.2 ApPYXITERTOVIKI)

3.2.1 Ewoayoyn

To apPXITEKTOVIKO ITAAI010 IOV XPNOIUIOIIOLEiTal O AUty T 61atp18r) CTOXEVEL OV EITiTEUSH
ONHPACI0AOYIKAS KATATUNONG Of TTAPAKIIEG EIKOVEG TOU OUVOAoU dedopévav tng EAAnvikng
AxToypappng rmou neptypdagetal oo ke@. 3.1.2. H onpaociodoyikn Katdtyunorn otg mapaK-
TIEG E1KOVEG €XEL ONHUAVIIKL onpacia yla S1dpopeg epappioyeg Onwg 1 rapakoloudnorn tou
niepBaddoviog, n Slaxeiplon 1OV AKIOV KAl 1] AVIPEIRINON KAtaotpopwv. O otoxog rtav
va Xpnotpornon0ouUv PoVIEAd PETAOXNIATIOTOV TEAEUTAlAg TEXVOAOYIAg, OUYKERPIIEVA Seg-

Former, MaskFormer xat Mask2Former, yia va ta§ivounfei ka9e pixel otig eikdveg oe pia
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3.2.2 Exmnaidsuon - Ztadio 1

anod Tig erta S1aPopETIKEG Katnyopieg: water, whitewater, sediment, vegetation, develop-
ment, other natural terrain, kat unknown. Qot600, 1] OCNIAVIIKY TIPOKANOCH HTAV OTL TO
ouUvoAo 6edopévav g EAANVIKNG aktoypappng nrav unlabeled, kabiotoviag 1o akatdAAnlo
yla dapeon eknaibeuon. Ta v avipetdmon avtng g mpoKAnong, akoAoubrdnkav tpeig
S1aPOPETIKEG TIPOOEYYioEL, 1] KaBepia e OTOXO TV MPOCAPHOYY] T®V HOVIEA®V OTd XApaK-
TNPLOTIKA TOU oUvoAou dedopévev tng EAAnvikng Aktoypapprg. 1o nmapakdate oxfpa 3.10
MAPOUOCIAdETAl 1] OUVOAIKY] APXITEKTOVIKY] TG TeAKNG diradikaoiag eknaideuong mou akoAou-

9noape. Ot emmpépoug dradikaoieg epypAPovial otr oUVEXELd.

Prefrained Models Finetuned Models
Stage 2
Segformer )
Segformer-final
Finetuned
MaskFormer 5/  coastlrain )
Dataset MaskFormer-final
Mask2Former )
\ 4 Mask2Former-final

Result L—(——J

Finetuned Models

Result
Stage 1 s

Segformer-coastTrain

) Finetunad -
MaskFormer-coastTrain { @Coasting
Dataset

Mask2Former-coastTrain
Figure 3.10: Zvvoaikr ApxuteKtovikn

3.2.2 Exnaideuon - Ztadwo 1

H nipotn mpooeyyion nieptedapBave v avaldinon yia £va mPoeronaciiévo oUvoAo de-
So1EveV TTAPAKTIOV TEPIBAAAOVIOV TTOU Ho1pddovial Tapopold XapaKTINPloTiKA HE 10 81kO
pag ouvoAdo SeboPEvev Kal TIEPIEXOUV ETIKETEG OXETIKEG JE TNV £PYAOiA TUNHATONOINOTG.
Ye autnv v avalninon, Ppédnke 10 ouvolo Sedopévav coastTrain [25]. YmoBArOnke,
oty ropeia, ot mpoemne§epyacia yia va eubuypappiotel pe Tig anaitroslg eknaibeuvorng,
Ha Sadikaoia ou nieptypdgetat Aertopepws oto Kepddawo 3.1.1. 'Ocov agopd 1a poviéda
petaoxnpatotev, avalnmdnkav npoeknatdeupéva PNoviéAd mPooaplooREva Yia £PYAOies
ONMACI0AOYIKAG KATATHNONG Via 1 BeAtioon g amodoong tov HovieAev pag, ouppova
pe 60oa meptypadnKav oto Kepdadalo yua v petagopd padnong (kep. 2.3). Asbopévng
G AVAYKNG T®V POVIEA®V PETAOYXNHATIOIOV Yla €Kaibeuon o€ mOAU peydda ouvola de-
Sopévav, eviortiotnkav rpoeKnatdeupéva PoViEAd TTOU eKMA1SEUTNKAV 08 EKTETAPEVA OUVOAQ
b6edopévav onwg ta Cityscapes [19] kat ADE20K [23]. Autd ta poviéda ot ouvexeld
BeAtiotorto)9nKav Xpnotpornoiwviag 10 ouvolo dedopévev coastTrain, pe arnotédeopa v
avartugn poviédwv otadiou 1. Ta poviéda otadiou 1 9a xpnowornownfouv yia e§aywyn

OUNIEPAOPATOV 010 oUvoAo Sebopévav g EAAnvikng AKtoypappng yla v Ok agl-
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Chapter 3. Mé90bog kat AntoteAé¢opata

0AGYNON TV AMOTEAEOPAT®V TUNPAtonoinong, ta oroia gpgavidoviat oto Kepddawo 3.4.
Autd ta poviéda Sa Xpnotpuevoouy EIiong ®S PAXOKOKAALA Yid MEPALTEP® eKTAideUon OTO

EMOPEVO OTAd10.

Pretrained Models Finewned Models

Stage 1
Segformer Segformer-coastTrain
Finetned ) Result
MaskFormer - coastTrain » MaskFormer-coastTrain
Dataset
Mask2Former Mask2Former-coast Train

Figure 3.11: Apyttektovikr) - Ztadio 1

3.2.3 Exnaidcuon - Ztadwo 2

Katd v adlodoynon tev poviedwv otadiou 1 oto ouvodo Sebopévav tng EAAnvikng
Axktoypappng, Katéotn npodaveg OTL Xpeladotav Mepaltép® Aemtopepng pudpion yia v
MPOCAPOYT] TOV POVIEA®V OTA OUYKEKPIHEVA XAPAKINPIOTIKA TOU €AANVIKOU oUvOAou Oe-
dopévmv. T 6eUtepn MPOOEYY10T, TA AMOTEAECIATA TOV HOVIEA®V Tou otadiou 1 BeAtimdnkav
€ MEPATTEP® TIPOOAPHOYT] TOUG OF £va UTTOOUVOAO TOU €AANVIKOU ouvOlou Hebopévev mou
EMMONPAvVaPE XEPOKivITa, ONwG Mmeptypddetatl availutikd oto Kepadato 3.1.2. Autd 10 un-
oouvolo (grCoastline) repiéxet 11g 161eg eTikéteg pe 1o ouvodo dedopévav coastTrain. ‘Etot,
1a poviéda otadiou 1 éywvav fine tuned oto ouvoldo 6edopévav grCoastline yia va rpocappo-
o0UV TIG TIPOBAEYELS TV POVIEAGV OTig S1KEG 1ag e1kOveg. Autr) 1 eknadevutiky Siadikaoia
odrnynoe oty dnuoupyia poviédev otadiou 2, ta oroia Xpnoionolovpe emiong yla va e&-

€TACOUE OITIIKA TA AMOTEAEOPATA TOUG O€ OUYKPLOT] P Ta Povieda tou otadiou 1.

Finetuned Models Finetuned Models
Stage 1 Stage 2
Segformer-coastTrain Segformer-final
Finetuned ' ' Result
MaskFormer-coastTrain > SR o MaskFormer-final
Dataset
MaskZFormer-coastTrain Mask2Former-final

Figure 3.12: Apyttektovikn - Ztabio 1

3.2.4 Ancudciag Ernaideuon pe 1o grCoastline dataset

Ty 1pitn mpoogyylon, ta rmposkrnatdeupéva povieda mpooappootnkav areudeiag oto
ouvolo dedopévav tng EAAnvikrg Aktoypapprg (grCoastline) yia Adyoug oUyKkp1long oote va
a&lodoyndei n onpaocia tng xprong tou cuvolou dedoptvav coastTrain otnv mPOnyouHevn

TIPOCEYY10T). AUTH 1] TIPOCEYY10T) £1X€ @G 0TOXO0 va kadopioet dv 1o Pripia Ing avadfnong evog
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3.3 ArnoteAéopata

TIPOETUOILACHEVOU OUVOAOU TTAPAKTIOV 8eS0PEVROV Yia TV ITPWOTL eKMAISEUOT TRV LOVIEAGV

£rat§e onpaviko poAo ota arotedéopatd pag.

Pretrained Models Finetuned Models
Segformer Seglormer-grCoastline
Finetuned ) Result
MaskFormer »/ OrCoastline > MaskFormer-grCoastiine
Dataset
Mask2Former Mask2Former-grCoastline

Figure 3.13: Apyttektovikn ancv9eiag eknaibevong

3.3 AnoteAéopata

ZT0UG IAPAKAT® THVAKEG TIAPOUC1AOUHE TA ATIOTEAEOPATA TG EKTTABEUTIKNG Sradikaoiag
yla kade otddilo kat yua ta tpia poviéda. ITo cuykekpipéva, mapouctdloupe Tig TiHES
TOV PETIPIKOV IOV Iteptypadovial oto Kepddao 2.6, addda xpnowpornoovpe 1o mloU wg
KUp1a petpnon agloAdynorng movu sivat ) KataAAnAdtepn yia v £pyaacia tng oniacloAOYIKNG
ratatpnong. Egetdloupe diapopetikég ekb0oe1g yia KAde POVIEAO OXETIKA He 10 Péyebog Toug
Katl T0 0UvoAo 8edopévev TTOU XP1Ooroouvial yia v npoeknaidevon. Ma kade otadio
ekTaibeuong oUyKpivoupe TIS S1aPOPETIKEG eKHOOEIS TOV POVIEA®V KAl £ITiONG Ta 3 POVIEAa

petady toug.

3.3.1 Ztadwo 1 - coastTrain dataset

SegFormer

I'a 1o SegFormer exknaidsuoape ouvoAlkd 4 S1apopetikég ekSOoELG TOU poviedou. 'Onwg
avagpépetat oto [2], urdapyetl pia KAHAK®) IIpoosyylorn yia to SegFormer rou £xet pia oepd
poviédov aro 1o SegFormer-BO £¢wg 1o SegFormer-B5, serutuyyxdvoviag onpavikd KaAutepn
artodoon 000 augavetatl 1o péyebog tou poviédou. Ta napddetypa, 1o SegFormer-B4 @uavet
10 51,1% mloU oto ADE20K eve 10 SegFormer-B5 @tdvel 1o 51,8%. Zto Cityscapes, 10
SegFormer-B4 @tavet 1o 83,8% kat 1o SegFormer-B5 1o 84,0%. ErmAéSape va BeAtiotoronr)-
ooupe ta SegFormer-B4 kat SegFormer-B5 npoexkniaieupiéva toco oto Cityscapes 600 kat

oto ADE20K rmpokeipiévou va a§lohoyrjooupe v anodoot] toug.
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Chapter 3. Mé90bog kat AntoteAé¢opata

Zta61o 1 SegFormer
. Mean Accuracy f1 score
Model Pretrained mloU (%) (%) (%)
SegFormer-B4 Cityscapes 79.20 86.09 93.54
SegFormer-B4 ADE 76.15 85.69 92.83
SegFormer-B5 Cityscapes 82.69 90.60 94.23
SegFormer-B5 ADE 77.37 85.45 92.45

Table 3.4: Ztabdwo 1 - Anotedéopata twv SegFormer povtéov

'Onwg NTav avapevopevo, 1o SegFormer-B5 eixe kaAutepn anoddoorn and to SegFormer-
B4. EnutAéov, ta poviéda rou rrav npoeknaideupéva oto Cityscapes rmétuyxav kadutepa
arnoteAéopata ano auvtd rmou npoeknaideutnkav oto ADE20K, kdtt ou eivat emtiong dikatoAoyn-
pévo kabag 1o ADE20K eivat éva o ouvOeto ouvoldo Sedopévev o cuykplon e to Cityscapes
mou talptddel kadutepa ota dedopéva tou coastTrain. To kadutepo poviedo SegFormer oto
Ztado 1 eival 1o SegFormer-B5 npoexkniaidsupévo oto Cityscapes kat srutuyyavetl 82,69%

mloU oto ouvolo debopévev coastTrain.

MaskFormer

I'a to MaskFormer skriaibsuoape 2 ek6O0EIS TOU POVIEAOU OXETIKA € TO PEYEDOG TG
paxoxkokaAldg (backbone) mou xprnotpiornotovy, kat ot §Uo npoekmnatdsupéveg oto ADE20K.
To MaskFormer-Base xpnotpornotei évav kodikonount) Swin-B eve 1o MaskFormer-Large
évav Swin-L. ITo ouykekppéva, kavape fine tune oto coastTrain ta poviéda MaskFormer-
Base ka1 MaskFormer-Large, kat ta 6Uo mpoekniaibeupéva oto ADE20K. Zupgeva pe 1o
[3], to MaskFormer-Base erituyxavet 53,9% mloU oto ADE20K, eve to MaskFormer-Large
55,6% mloU.

Ztad10 1 MaskFormer
Mean Accuracy fl score
Model Pretrained mloU (%
! ) (%) (9%)
MaskFormer-Base ADE 81.4 89.64 93.96
MaskFormer-Large ADE 82.18 91.76 94.79

Table 3.5: Ztadw 1 - AnoteAéopara twv MaskFormer povtéov

'Oneg ftav avapevopevo, 1o poviedo MaskFormer-Large nposkniaibeupévo oto ADE20K

anédwoe kaAutepa tou MaskFormer-Base, emtuyyavoviag 82,18% mloU oto coastTrain.

Mask2Former

['a to povtédo Mask2Former eAtiotornorjoajie auto pe ) paxokokaiia Swin-L (dnAadn
Mask2Former-Large). H rpdtn ékdoor eival mpoekniaideupévr oto Cityscpaes eve ) deutepr)
oto ADE20K. Zupgeva pe to [4], oto ADE20K 1o Mask2Former-Large erutuyxavet 57,7%

mloU eve oto Cityscapes emttuyxavet 83,3% mloU.
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3.3.2 Arneudeiag eknaideuon - grCoastline dataset

Ztad10 1 Mask2Former
M Al f1
Model Pretrained mloU (%) ean ( o/co;:uracy (so;(:);)re
Mask2Former-Large Cityscapes 84.06 93.42 95.45
Mask2Former-Large ADE 83.92 91.14 94.67

Table 3.6: Zrabiwo 1 - AnoteAéouara tov Mask2Former povtéflov

To Mask2Former nipoekniaideupévo oto Cityscapes eixe kaAuteprn anodoon and autd
rou rposknadevutnke oto ADE20K. Auto 1o anotédeopa dikatodoyeital yia §Uo Baoikoug
Aoyoug. TIpotov, ot fabpodoyieg mloU 1ov nmpoeknaibeupévav povieAov SiapEpouv onpav-
KA, kaBig 10 Mask2Former erutuyyxavel 83,3% mloU oto Cityscapes kat 57,7% mloU
oto ADE20K, kuping A0Yy® g ITOAUTAOKOTTAG KAl TOU HEYAAUTEPOU ap1O110U KAAOE®V TTOU
61a6¢tet to ADE20K. Agttepov, 1o ouvoAo dedopévav Cityscapes eivatl rmoAu o oupBato pie
10 oUvoAo Hebopévmv coastTrain ano to ADE20K, kaBwg poipdadetal oplopéveg KAAoeG Kat

€TTIONG O TUTIOG TEPIEXONEVOU £ival o oupBatog He v epyacia pag.

3.3.2 Ancudciag eknaideuon - grCoastline dataset

Zuveyifovtag pe Vv aneubeiag exnaidevor pe 1o ouvolo dedopévav grCoastline, xpnot-
poromjoape ta idia povieda onwg oto otdadio 1. Ta amotedéopata akoAoubnoav 1o 1610
potifo pe ta id1a poviéda va £xouv kadutepr anodoor. Ot Babpoldoyieg eknaibeuong yla

KAa9¢e poviédo mapouotadovial 0ToUG MAPAKATR TTIVAKEG.

SegFormer
Ancvudciag Exnaideuon SegFormer
M A f1
Model Pretrained mloU (%) ean ( o/co;:uracy (so;(:);)re
SegFormer-B4 Cityscapes 72.21 77.96 94.29
SegFormer-B4 ADE 72.07 78.64 94.37
SegFormer-B5 Cityscapes 72.46 78.87 94.56
SegFormer-B5 ADE 69.51 77.38 93.81

Table 3.7: Anev9eiag exnaidevon - AnoteAcouara twv SegFormer povtéAov

To SegFormer-B5 nipoeknaidsupévo oe Cityscapes métuye v uypniotepn Badpoioyia
pe 72,46% mloU.
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Chapter 3. Mé90bog kat AntoteAé¢opata

MaskFormer

Aneudeiag Ernaibsuon MaskFormer
Mean Accurac fl score
Model Pretrained mloU (%) (%) uracy (%)
MaskFormer-Base ADE 75.55 80.24 93.46
MaskFormer-Large ADE 78.79 84.48 94.27

Table 3.8: Anev9eiag eknaidbevon - Anoteficopata 1wv MaskFormer povtéAov

To MaskFormer-Large ripoeknaideupévo oto ADE20K riétuye tv upnAotepn fadbpoioyia
pe 78,79% mloU.

Mask2Former
Anceu9ciag Exnaidsuon Mask2Former
M A f1
Model Pretrained mloU (%) ean ( OZ;: uracy (s;/c;;)re
Mask2Former-Large Cityscapes 82.42 91.28 96.2
Mask2Former-Large ADE 81.91 89.03 93.22

Table 3.9: AnevuIsiag eknaibevon - Anotefcopuara 1wv Mask2Former povtéAov

To Mask2Former-Large npoekniaideupévo oto Cityscapes métuxe v uynodtepn Pab-
podoyia pe 82,42% mloU.

3.3.3 Ztadwo 2 - coastTrain kat grCoastline

TéAog, oto Ltadio 2 xprnolponoirjoape miong TG i61eg eKGOO0EIS TV POVIEADV OTIOG KAl
ota mponyoupeva otadia. Ta amotedéopata KAl mall, oneG MEPTPEVAE, aKoAoUSnoav Tig

161eg apxég Kat rapouotadovial oToug MAPAKATE THVAKES.

SegFormer
Zta610 2 SegFormer
M A f1
Model Pretrained mloU (%) ean ( OZ)C uracy (so;‘:);)re
SegFormer-B4 Cityscapes 74.77 83.06 92.47
SegFormer-B4 ADE 75.78 83.13 94.51
SegFormer-B5 Cityscapes 76.81 84.19 94.79
SegFormer-B5 ADE 72.61 79.41 94.57

Table 3.10: Ztabdiwo 2 - Anotefléopuata twv SegFormer poviéAwv

To SegFormer-B5 nipoekniaidsupévo oe Cityscapes nétuye v uyniotepn Badpoloyia
pe 76,81% mloU.
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3.4 Orukornoinorn AnoteAeoPdtOVv

MaskFormer
Ztad10 2 MaskFormer
Mean Accurac fl score
Model Pretrained mlIoU (%) (%) uracy (SOZ) T
MaskFormer-Base ADE 79.91 86.27 93.46
MaskFormer-Large ADE 80.59 89.93 93.87

Table 3.11: Zradiwo 2 - Anotefléopata twv MaskFormer povieAov

To MaskFormer-Large niposkniaibeupévo oto ADE20K nietuye tnv uynAotepn fadpoioyia
pe 80,59% mloU.

Mask2Former
Itad1o 2 Mask2Former
M A fl
Model Pretrained mlIoU (%) ean ( ozruracy (so;:;)re
Mask2Former-Large Cityscapes 85.43 94.33 96.27
Mask2Former-Large ADE 83.82 92.56 94.97

Table 3.12: Ztadiwo 2 - Anoteféopata twv Mask2Former povieéflov

To Mask2Former-Large niposkniaibeupévo oto Cityscapes métuye v uyniotepn Pab-
podoyia pe 85,43% mloU.

3.4 Omntukromnoinon AnOTteAeORATOV

ITpoxe1€vou va a§loAoyrjooUHEe KAt OITTKA TS Arodooelg 1oV PHoviedwv, ta dokipaloupe
oe dedopéva tou grCoastline dataset mou dev €xouv xpnowornondei ya v eknaidevor)

TOUG KAl OITTLKOITOIOUE Ta ATIOTEAETNATA TOUG.

3.4.1 SegFormer

—— water
whitewater
sediment

—— other_natural_terrain
vegetation

—— development

— unknown
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Best Segformer Model

\Oiginal Images Stage 1 Direct Training

e
'

A

Figure 3.14: Onuxonoinon amotefleouatov tou kafdvutepou SegFormer puovtéiou
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3.4.2 MaskFormer

3.4.2 MaskFormer

Best MaskFormer Model
tage 1

Dirct rainin

Figure 3.15: Ontukomnoinon anoteAsopatov ov kadvutepou MaskFormer povtéilou
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3.4.3 Mask2Former

Best Mask2Former Model

\Oi _ Stage 1

Dirct rainin

ginal Images

Figure 3.16: Ontkomnoinon anoteAsopudatov ov kaivtepov Mask2Former povtéflou
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3.4.4 Zuykplon Moviédov (Ztado 2)

3.4.4 Zuyrplon MoviéAwv (Ztadio 2)

Model Comparison

Original Images SegFormer
. AR ¥

MaskFormer Mask2Former

Figure 3.17: Omnukxonoinon anotefleopdiov tov kaidvtepov SegFormer, MaskFormer kat
Mask2Former povtéAov oto Xtabio 2
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Chapter ﬂ

Eniidoyog

4.1 ZTupnepaopata

Znv napovoad SUTAOUATIKY £PpYA0ia KATAPEPAPE VA IIPAYHATOIIO|O0UE OICAOI0AOY KT
Katatunon oe 6sdopéva tnAemokonnong g EAAnvikng aktoypappng pe v Xprorn pov-
1eAov Metaoxnpatiotov. Me v Siadikaocia autt| 10AyOUE XP1)O1n AN PO@Pia OTIG TTAPAK-
TIeG €1KOVEG OXETIKA HE TO TEPIEXOUEVO TOUG, e§edicoovtag £T01l TV YEVIKOTEPT €puva otV
arnopakpuopévn ouAdoyr] 6edopévav otlg nmapdktieg neploxes. Méow g dadikaoiag ek-
naideuong tov poviéA®v aAld Kat tng oIttikAg aloAoynor|g toug, kataAniape ot to Mask2Former
eixe Vv kaAutepn enidoon, etuxaivoviag 85.43% mloU oto grCoastline dataset. ErurAéov,
avabei&ape mv aia mg petagopds padnong, kabwg ermAédape va npoeknadeyooupe ta
poviéda oe €va €mOonPacpévo oUuvolo Sebopévmv e €1KOVEG A0 TG AKTIEG TS AHPEPIKNG
Kal Ol OUVEXEW va Td MPoocappocoupe oto O1KO pag ouvodo dedopévav. Xuykpivoviag
1a anotedéopata g Sadikaoiag avtng oe oxéon pe v arneubeiag exkmnaibeuorn TV PoOv-
1éAdwv oto EAAnviko dataset, n uniepoxn) g adonoinong g petagopdg padnong eivat ep-
@avg. ZUVOAIKA, KAVAPE &éva apX1Ko, aAdd {OTKAG onpaociag, Pripa npog v Kateuduvor
g aSlomoinong TV TEXVIKMOV UMOAOYIOTIKING 6pacng yia va PBondrjooupe mepattépw tn
1pgxouoa in-situ épeuva. e autn ) SarpiBr, e€etdoapie KAl mPOoeneiepyactrjkape oUVoAd
dedopévav ekovav, avalntioape kat peAdetroape povieda SOTA oto €pyo ng onpaot-

O0AOYIKI|G KATATHINONG KAl TA EKMAISEUOAPE ETNTUX®S, ATTOKIOVIAG ONIAVIIKA AnoteAéopatd.

4.2 MeAdovuirég Enertaoeig

'Oneg avagEpetal KAl mapandve, 1 mapovoa epyacia anotedel 10 mPpOTo Kat Baociko
Bripa ota mAaicta piag yevikOtepng €peuvag IOU A@OPdA OtV YE®HOPEQOAOYIKI] aVAAUOT
nmapdktev neplBdailovieov peoe debopévav tnAemokonnong. Karmowa amd ta peAdovuka

Bhpata ng €peguvag auvtng ivat

1. Eloayoyr) meploodtep®v KAACERDV Yl TNV IO AEMTTOPEPT] ONAOI0AOYIKY] KATATHINOT
1OV MAPAKTIOV eKOVeV. ['a napadetypa, ot aktég Sa pripoocovoav va daxwpifoviat os
appodeg 11 Bpaxndelg, eve ot reploxég avartuing oe oritia, 6pdpoug, Apavia KATL.
O1 rep1000TEPEG AUTEG KAAOELS da TTPOCEPEPAV XPOn Kat o KaSoA1Kr) Anpogopia

Y1d TO TIEPIEXOHEVO TV TIAPAKTIOV TTEPLOYADV.

Diploma Thesis m



Chapter 4. Emniidoyog

2. Aforoinon g tpimg didotaong mou ouvodevetl TG ekdveg tou EAAnvikou Kunpa-
todoyiou, autr] tou Uyoug 1ou Ppioketatl 1o kAde pixel oe oxéon pe 1o eminedo g
9dAacoag. H mAnpogopia autr tou vyoug, Sa prnopouoe gival idlaitepa xproyn yla

TV avaAuon g KAIONG 0€ OPIOPEVES TIEPLOXES.

3. Ot agpogatoypadieg tou Kinpatodoyiou €xouv avaduon 25cm, n oroia Yewpeitat 161-
aitepa UYPnAr kat propet va xpnotponowBel kat yia avaluon oe eminedo UAikou.
E1dwkdtepa, urtapyet n avaykrn) e§aymyng rAnpodopiag oXETKA HE T0 UAIKO TOV ITApaA-
10V (eidog appou, xadikiou KAM), 1 omoia pPEXPL orjpepa mpaypatonoteital pe in-situ

HETpr oG,

IMapaAAnAa, yia v BeAtiotonoinon 1oV anoteAeopdiov pag Propouy eriong va aglorot-

nBouv ta akoAouda:

1. BeAuotornoinorn 1@V UNeprapapetp®v eKnaideuong towv povieAwv (learning rate, batch

size KAIL.).

2. Xp1rjon meplocotep®Vv ermonpacpévev dedopévav yia v exknaibevon. Qg rinyr Sa

propouoce va xpnotpornowndei 1o Open Street Map.

3. ASornoinon tou 4ou band tov @etoypa@idv (Unépudpo) to omoio propei emiong va

TIPOCPEPEL XPTO1AN TIAN)poopia.

4. Exnaidevorn tou poviedou OneFormer 1o oroio arotelet 1o véo SOTA yia tig epyaoieg

Katdtunong e1kovag.
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Chapter E

Introduction

5.1 Motive

Coastal areas represent dynamic and ecologically diverse areas that are vital for var-
ious socio-economic activities, environmental sustainability and biodiversity conserva-
tion. Understanding and monitoring these complex ecosystems requires efficient tools and
methodologies capable of extracting detailed information from large and diverse datasets.
Remote sensing, particularly through the use of aerial and satellite imagery, has emerged
as a key technology for this problem, offering significant potential for comprehensive anal-
ysis of coastlines [27, 28, 29]. Semantic segmentation is a fundamental task in computer
vision through which meaningful information is extracted from images by separating
them into semantically meaningful regions. At the same time, recent developments in
Transformer-based models have revolutionized the field of computer vision, offering pow-
erful alternatives to traditional convolutional neural networks (CNNs). Vision transformer
models have shown remarkable performance in capturing long-range dependencies and
information, making them suitable for analyzing coastal imagery. The work was moti-
vated by the provision of a set of high-resolution aerial images of the Greek coastline by
the Hellenic Land Registry. In collaboration with the Department of Geology and Geoen-
vironment of EKPA, we studied the specific dataset and concluded that its appropriate
analysis and processing can offer particularly important information for the geomorpho-
logical recording of the coastal environment of Greece and strengthen remote sensing in

an effort to limit the difficulties of in-situ missions.

5.2 Scope of Work

This diploma thesis constitutes the first but particularly pivotal step of this research,
which is the application of state-of-the-art transformer models for the semantic segmen-
tation of coastal images. More specifically, the detection of distinct land surface classes
such as water bodies, vegetation, sediments and other physical and non-physical features
at the pixel level. The main problem was that these images do not contain any kind of
labeling so they cannot be used to train the models directly. For this reason our research
focuses on leveraging pre-existing labeled datasets from the US coastline for the training

of transformer models and their further adaptation to the specific characteristics of the
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Chapter 5. Introduction

Greek coastline. The methodology involves initial model training on a labeled dataset
sourced from multiple sources, including orthophotos and satellite imagery, followed by
inference on an unlabeled dataset of the Greek coastline. Subsequently, we undertake
manual labeling of a subset of the Greek dataset to refine and adapt the models to the
unique coastal features of the study area. Through rigorous evaluation and comparison of
model performance, we seek to ascertain the effectiveness of different transformer archi-
tectures in addressing the challenges of semantic segmentation in coastal environments.
Our goal is to evaluate the effectiveness of the SegFormer, MaskFormer, and Mask2Former
models in accurately delineating various land surface classes. It should be mentioned
that many deep neural architectures have been developed and applied for segmentation
and prediction in a variety of applications by members of the Artificial Intelligence and
Learning Systems Lab of the National Technical University of Athens. Bayesian models
with capsules and uncertainty estimation, semi and self-supervised learning algorithms,
domain adaptation, augmentation, transformers and attention methodologies have been
developed and used in applications, such as medical imaging [30, 31], image captioning
[32], fault detection in nuclear power stations [33, 34], agri-food production prediction
[35, 36], human behavior prediction [37, 38], as well as for capsule networks [39, 40, 41]
and transparency [42, 43].

5.3 Structure

The first part [6] covers the Theoretical Background in which we delve into the theoreti-
cal foundations of remote sensing, image segmentation, transfer learning and transformer-
based models. The second part [7] covers the Experimental part in which we describe in
detail the methodology used for the acquisition and preprocessing of the data. Then,
the training of the models and their evaluation through the experimental results are pre-
sented. Finally, in [8] we provide the extraction of the final conclusions and present

possible future directions.
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6.1 Remote Sensing

Remote sensing is defined, according to [44], as the measurement of object properties
on the earth’s surface using data acquired from aircraft and satellites. It is a powerful
and versatile technology that plays a crucial role in environmental monitoring, providing
valuable insights into Earth’s dynamic systems. This non-invasive technique involves the
collection and interpretation of information about the Earth’s surface from a distance,
relying on the interaction of electromagnetic radiation with the Earth’s surface. Different
objects and materials reflect, emit and absorb energy at distinct wavelengths, allowing
sensors to capture information about their composition and characteristics. The elec-
tromagnetic spectrum, which includes visible, infrared, and microwave wavelengths, is
utilized to gather data across a wide range of environmental features. In this work, we
will limit the discussion to remote sensing of the earth’s surface using optical signals,
which means that our analysis will be performed over a two-dimensional spatial grid, i.e.,
images. The successful analysis of these satellite or aerial images can be a cost-effective
alternative to in situ measurements and it can also help limit the difficulties that arise
from field assessments. This imagery analysis can be performed using Machine learn-
ing techniques, and more specifically Neural Networks, which is also the subject of this
work. Recent advancements have led to the availability of high-resolution satellite im-
agery, enabling detailed mapping and monitoring of smaller environmental features. This
is particularly beneficial for urban planning, precision agriculture, and habitat assess-
ment. Hyperspectral sensors capture data across a multitude of narrow spectral bands,
allowing for detailed analysis of materials and vegetation. This technology enhances the
discrimination of subtle environmental changes and improves the accuracy of resource
assessments. Integration of machine learning algorithms with remote sensing data en-
hances the automation of image analysis and classification. Additionally, data fusion
techniques combine information from multiple sensors to provide a more comprehensive

understanding of the environment.
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6.2 Image Segmentation

Image segmentation is a crucial task in computer vision that involves partitioning an
image into a set of non-overlapping regions whose union is the entire image [15]. This
identification of regions, enables a more advanced analysis and understanding of visual
content. The resulting regions should be homogeneous and have significantly different
values in regards to some characteristic. They should also have boundaries that are
smooth and do not contain many holes. In image segmentation, an image has two main
components: things and stuff. Things correspond to countable objects in an image (e.g.,
people, flowers, birds, animals, etc.). In comparison, stuff represents amorphous regions
(or repeating patterns) of similar material, which is uncountable (e.g., road, sky, and
grass). The task of image segmentation has been dealt with various image processing
techniques throughout the years. Some of those initial techniques involve clustering,
used with edge and contour detection [16], and histogram approaches like HOG [17] and
SIFT [18] feature extraction. However, the introduction of Convolutional Neural Networks
(CNNs) contributed a lot in the evolution of image segmentation which took a turn into
supervised learning, achieving much better results. A lot of segmentation datasets have
grown extensively since then, like Cityscapes [19], ImageNet [20] and COCO [21]. Over-
all, image segmentation is a quite complex computer vision task and more demanding
than image classification as it requires pixel-level classification and relationship detec-
tion across various scales, thus, it needs more sophisticated model structures that take
into account both semantics and location. In that direction, Neural Networks are capable
of learning patterns and deep neural networks have numerous parameters that can imi-
tate complex functions, to achieve this task. Transformer models, which we will examine
in this work, are the most recent architectures that deal with segmentation tasks, sur-
passing the performance of CNNs. The process of image segmentation plays a vital role
in various applications, such as remote sensing, scene understanding, and autonomous
systems. Different semantics for grouping pixels, e.g., category or instance membership,
have led to different types of segmentation tasks, such as panoptic, instance or semantic

segmentation [45].

6.2.1 Semantic Segmentation

Semantic segmentation, which is the focus of this work, is a specific type of image
segmentation where the goal is to assign a semantic label to each pixel in an image. More
specifically, to segment the input image according to semantic information and predict
the semantic category of each pixel from a given label set. The output of semantic seg-
mentation is a pixel-wise segmentation map, where each pixel is assigned a class label
representing the type of object or region it belongs to. Semantic segmentation studies
the uncountable stuff in an image. It analyzes each image pixel and assigns a unique
class label based on the texture it represents. Semantic segmentation was designed to
recognize stuff which are formless regions of similar texture or material [22]. It does not

distinguish between objects of the same class and rather groups them together. This
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approach provides a high-level understanding of the image content by categorizing pixels
into predefined classes. Starting from Fully Convolutional Networks (FCNs), most deep
learning-based semantic segmentation approaches formulate semantic segmentation as
per-pixel classification, applying a classification loss to each output pixel. Per-pixel pre-
dictions in this formulation naturally partition an image into regions of different classes.
Semantic segmentation can be seen as an extension of image classification from image
level to pixel level. Researchers focused on improving FCN from different aspects such
as: enlarging the receptive field; refining the contextual information; introducing bound-
ary information; designing various attention modules; or using AutoML technologies.
These methods significantly improve semantic segmentation performance at the expense
of introducing many empirical modules, making the resulting framework computation-
ally demanding and complicated. More recent methods have proved the effectiveness of

Transformer-based architectures for semantic segmentation.

Figure 6.1: Semantic segmentation examples [5]

6.2.2 Instance Segmentation

Instance Segmentation is a computer vision task that involves identifying and sep-
arating individual objects within an image, including detecting the boundaries of each
object and assigning a unique label to each object. It takes the segmentation process a
step further by not only assigning a semantic label to each pixel but also distinguishing
between different instances of the same class. Instance segmentation typically deals with
tasks related to countable things. It can detect each object or instance of a class present
in an image and assigns it a different mask or bounding box with a unique identifier.
This level of detail is particularly valuable in applications where accurate object count-
ing, tracking, or interaction analysis is essential. The goal of instance segmentation is
to produce a pixel-wise segmentation map of the image, where each pixel is assigned to
a specific object instance. It is very similar to semantic segmentation except in this task
object instances are detected separately contributing to studying things and not classes
in general. While seemingly related, the datasets, details, and metrics for these two visual

recognition tasks -instance and semantic segmentation- vary substantially.
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Figure 6.2: Instance segmentation examples [6]

6.2.3 Panoptic Segmentation

Panoptic segmentation [46] extends the concept of image segmentation by unifying
semantic and instance segmentation. It presents a unified image segmentation approach
where each pixel in a scene is assigned a semantic label (due to semantic segmentation)
and a unique instance identifier (due to instance segmentation). Panoptic segmentation
assigns each pixel only one pair of a semantic label and an instance identifier. However,
objects can have overlapping pixels. In this case, panoptic segmentation resolves the
discrepancy by favoring the object instance, as the priority is to identify each thing rather
than stuff. In panoptic segmentation the output of every pixel i is a semantic label (l;)
and an instance id (z;) — (l;, z;) € LX N where L = Ly U Lg; and Ly, N Lg; = @. When a pixel
is labeled with [; € Lg; then the corresponding id is irrelevant. However, some pixels may
have a special void label. This task thus comes up with a panoptic quality metric that
can quantify the performance of the model in this two-factor task. This holistic approach
combines the strengths of semantic and instance segmentation, offering a comprehensive

understanding of the visual scene.

Figure 6.3: Panoptic segmentation examples [7]
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6.3 Neural Networks

6.3.1 The neuron

Neural networks draw inspiration from the structure of the brain and its fundamental
component, the neuron. A neural network consists of layers of neurons, each functioning
in a manner that simulates the behavior of biological neurons. The artificial neuron re-
ceives one or more inputs and generates an output. These inputs undergo multiplication
with adjustable weights, influencing their impact on the final outcome. The output is
derived from the weighted sum of inputs, incorporating a modifiable bias and the appli-
cation of an activation function. This activation function serves to interpret and convey
the result in a meaningful manner, such as generating probabilities or binary output.
These functions are applied on the dot product of the input signals with the weights of

the neuron, introducing a non-linearity to the computation of the result.

Lo wo
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Figure 6.4: The neuron [8]

6.3.2 Architecture

Neural Networks [8] consist of neurons with adjustable weights and biases. Each neu-
ron takes in inputs, conducts a dot product, and may apply a non-linearity. The network
takes an input (a singular vector) and transforms it through a sequence of hidden layers.
Each hidden layer comprises neurons, where each neuron forms a complete connection
with all neurons in the preceding layer. Neurons within a single layer operate indepen-
dently without sharing connections. The final fully-connected layer, termed the "output
layer," denotes class scores in classification scenarios. This output is then compared to
the desired output or ground truth using a loss function. The loss gradient is utilized to

update the weights of the network’s layers through the backpropagation algorithm.

Loss function
The loss function [47] evaluates the disparity between the output and the ground truth,
and accordingly, the model’s hyperparameters are modified during training to minimize

this difference. Employing a case-specific loss function, denoted as L, to compute the loss
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for a single output against the ground truth, the overall loss is derived by averaging the

individual losses across all instances in the training set.

1 x5 o
Jw'.b) = — > LGPy 6.1
i=1

where w are the weights, b the bias, m is the total number of training set data points, §

is the prediction and y is the ground truth.

Optimization - Gradient Descent
The loss function enables the quantification of the effectiveness of a specific set of weights,
denoted as W. The objective of optimization is to identify W that minimizes the loss
function. It is feasible to calculate the optimal direction in which the weight vector
should be adjusted, ensuring it is the direction of the steepest descent. This direction is

inherently connected to the gradient of the loss function, following this relationship:

1 ! naJ(wT, b)

W = ol — 6.2)

ow
where 7 is the learning rate. Gradient Descent is the procedure of repeatedly evaluating

the gradient and then performing a parameter update.

Backpropagation Algorithm
Nevertheless, in extensive neural networks, discerning the correlation between certain
weights and the loss function proves to be exceedingly challenging. The significant value
of the backpropagation algorithm [48] lies in offering a computationally efficient approach
to assess intricate derivatives. The inclusion of the fraction in the mean loss calculation

is not necessary during the training process, commencing from:

J(w) = Z Li(w) (6.3)
i=1

For a Mean Squared Error function L; is defined as:
1 A 2
L= ;(yik ~ Y (6.4)

Which calculates the error when we have a multidimensional output. The input z; in a
unit is transformed into an output g; of another unit from the dot product with the weight
vector of the connection wy. The sum is then transformed by a non linear activation

function h to give the activation z; of unit j:

a; = Z wjiziz; = h(ay) (6.5)
]

Using the chain rule and 6.5 the derivative of J; with respect to a weight wy; can be

obtained from:
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oL;  JL; aq;
owyj B 9a; dwyj

(6.6)

g—g. For the final output units the gradient of the loss function

where we define 6; =
produces 6 = ik — yi and or the hidden units, 6, can be calculated from the output units

using the chain rule as follows:

oL; oL; day ,
= = ——6; = h'(ay) Wi O (6.7)
J E) aj - B e B aj J 4j Zk: g
The above steps summarize the backpropagation algorithm. The derivative of the total
error J can then be obtained by repeating these steps for each instance of the training set

and then by taking the total sum, as:

oJ _ZaLm

Regularization
The objective of a neural network is to acquire a mapping from input to output using
training data and subsequently apply it to test data. Therefore, it is crucial for the net-
work to generalize its weights, avoiding specific learning of examples from the training
set. When a model perfectly fits the training data, it is termed overfitting. Regularization
serves as a method to address the overfitting of Neural Networks. More precisely, it in-
troduces an additional component to the loss function, curbing the excessive increase in

weight magnitudes and thereby restraining updates in a less flexible manner.

Dropout
Dropout [49] serves as a training technique aimed at preventing overfitting. The dropout
probability signifies the likelihood with which a neuron remains active or is set to zero
within the model. It can be conceptualized as randomly sampling a subset of the Neural
Network from the complete network and solely adjusting the parameters of the sampled

network based on the input data.

Batch size
The batch size stands as a hyperparameter that dictates the number of samples processed
before updating the internal model parameters. A batch refers to the set of samples
over which a for-loop iterates to make predictions. Following the completion of a batch,
predictions are compared to the expected output variables, and an error is computed.
The update algorithm is then employed to refine the model, such as descending along the
error gradient. A training dataset can be segmented into one or more batches. If an entire
training set is utilized to form one batch, the learning algorithm adopts the name batch
gradient descent. In cases where the batch size is one sample, the learning algorithm

is termed stochastic gradient descent. For batch sizes greater than one sample but less
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than the size of the training dataset, the learning algorithm is referred to as mini-batch

gradient descent.

6.3.3 Convolution

Convolution [50] is a mathematical operation defined by the following formula:

k
(fxw)lx )= Y fE) - wia - Lx =) 6.9)
m=—k
Discrete 2-D convolution involves two matrices with the first argument (f) commonly re-
ferred to as the input and the second argument (w) as the kernel. The resultant output
is often termed the feature map. This operation plays a pivotal role in Convolutional
Neural Networks (CNNs) for image processing and the identification of specific features.
In contrast to a conventional Neural Network, CNN layers organize neurons in three di-
mensions: width, height, and depth. Neurons within a layer are connected to a limited
region of the preceding layer, departing from the fully-connected arrangement. As eluci-
dated earlier, a basic CNN comprises sequential layers, each transforming one activation
volume into another through a differentiable function. Key layers in a CNN architecture
encompass the Convolutional Layer, Pooling Layer, and Fully-Connected Layer. Given
the substantial number of pixels in an image, each neuron possesses a receptive field
and operates solely on corresponding layers. Consequently, a neuron entails w X h X ¢
weights, where wX h represents the receptive field, and c denotes the number of channels
in the input image. This characteristic underscores that convolutional neural networks
may fall short in capturing contextual information without attention mechanisms. The
depth of the filter, signifies the application of multiple neurons to the same patch of the
input image. Consequently, the output image is also three-dimensional, mirroring the
depth of the filter. The incorporation of multiple stacked filters aims to identify various
characteristics within a single convolutional layer. While each neuron has a designated
receptive field, multiple neurons are not required for every patch of the input image. Neu-
rons can be efficiently shifted to compute the output for each patch using the same filter.
The shifting is determined by the stride of the filter, indicating the number of pixels the
filter traverses across the image before reapplication. Lastly, zero-padding emerges as a
critical hyperparameter in a convolutional layer, enabling control over the output dimen-
sions. Assuming the input image is square (disregarding channels) with one dimension

W, the convolutional layer having a dimension of F, a stride of S, and using padding P

W-F+2P
S+1

will yield a square output dimension calculated as

6.4 Transfer Learning

The fundamental concept behind transfer learning is to apply knowledge gained from
tasks with sufficient labeled data to situations where only limited labeled data is avail-
able. Generating labeled data can be costly, so effectively utilizing existing datasets be-

comes crucial. Transfer learning is commonly applied in both Convolutional Networks

m Diploma Thesis



6.5 CNNs in Image Segmentation

and Transformers, which we will examine later on, as these models need large datasets
for training. It is common to pretrain a ConvNet on a very large dataset (e.g. ImageNet,
which contains 1.2 million images with 1000 categories), and then use the ConvNet either
as an initialization or a fixed feature extractor for the task of interest, according to [8].
The same also applies for Transformer models which also take advantage of the Transfer
learning technique. This procedure has three major variations which depend on the need

of each training task and are described bellow:

1. Fixed feature extractor. Take a model pretrained on ImageNet, remove the last
fully-connected layer, then treat the rest of the model as a fixed feature extractor

for the new dataset.

2. Fine-tuning. The second strategy is to not only replace and retrain the classifier
on top of the model on the new dataset, but to also fine-tune the weights of the
pretrained network by continuing the backpropagation. This is motivated by the
observation that the earlier features of a model contain more generic features that
should be useful to many tasks, but later layers of the model become progressively

more specific to the details of the classes contained in the original dataset.

3. Pretrained models. Since modern models take a lot of time to train across multiple

GPUs on ImageNet, it is common to use trained model checkpoints for fine-tuning.

In traditional machine learning models, the primary aim is to generalize to unseen
data based on patterns learned during training. In transfer learning, the goal is to jump-
start this generalization process by commencing with patterns learned for a different task.
Rather than initiating the learning process from a blank slate, as is often the case with
randomly initialized models, transfer learning begins with patterns previously acquired
to address a distinct task. Transfer learning is indispensable in the realm of learning,
mirroring how humans don’t need to be explicitly taught every task to succeed. Individ-
uals frequently encounter novel situations, yet they adapt and solve problems on-the-fly.
Transfer learning, therefore, mirrors the ability to glean insights from various experiences
and apply that ’knowledge’ in novel environments. Particularly in supervised learning, ac-
quiring a substantial amount of labeled data can be prohibitively expensive. The transfer
of knowledge is only feasible when it is "appropriate’, but precisely defining appropriate-
ness in this context is challenging, often necessitating experimentation. Transfer learning

requires the capability to transfer knowledge from one domain to another.

6.5 CNNs in Image Segmentation

Fully Convolutional Neural Networks (FCN)
Fully Convolutional Networks (FCNs), as explained in [51], are neural networks designed
to handle inputs of arbitrary sizes and generate outputs of the same dimensions. These
networks exclusively consist of convolutional layers and mechanisms for up-sampling and
down-sampling. FCNs aim to adapt state-of-the-art classification Convolutional Neural

Networks (CNNs) for segmentation tasks while leveraging their pre-trained weights and
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enabling end-to-end pixelwise training. This adaptation involves substituting fully con-
nected layers with 1 X 1 convolutional layers to maintain output dimensions. The original
input size, which may have been reduced by down-sampling in preceding convolutional
layers, can be preserved using up-sampling mechanisms. The architecture involves back-
ward convolution with a stride of J% and learnable weights, facilitating end-to-end learning.
Furthermore, to enhance prediction granularity while considering the limitations of down-
sampling in output detail, a skip architecture is introduced. This architecture introduces
non-linearity by incorporating element-wise addition of predictions from previous layers

to up-sampled predictions.

U-Net
Expanding upon the FCN architecture, the U-Net architecture [52] incorporates the skip
architecture and transpose convolutions, offering faster training and more precise results.
The structure of U-Net is akin to the letter U, symmetrically constructing both the en-
coder and the decoder. Notably, an enhancement for improved precision involves having
a substantial number of features on the decoder side. In contrast to FCN, where the
"decoder" side maintains a constant number of features equal to the number of classes,
U-Net introduces flexibility with a larger number of features on the decoder side. The en-
coder comprises three sets of two consecutive convolution layers followed by ReLUs and a
pooling layer. This structure is mirrored on the decoder side, with pooling layers replaced
by transpose convolutions. Furthermore, an addition module precedes every layer on the
decoder side, implementing the skip architecture. This modification contributes to the

architecture’s precision and is conducive to more accurate segmentation results.

DeepLab
Deeplab [53] builds upon prior architectures by incorporating atrous convolution into
FCN structures, replacing deconvolution. Atrous convolution in 1D, involves convolv-
ing with a filter that has (r-1) zeroes between its values when the rate of dilation is r.
This technique enables a larger receptive field while maintaining the same number of
parameters and resolution when used with padding. Deeplab also integrates bilinear in-
terpolation with a fully connected Conditional Random Field (CRF) [54] to transition from
an 8x output stride to the original resolution, yielding more detailed results. Additionally,
Atrous Spatial Pyramid Pooling (ASPP) is introduced, incorporating atrous convolutions
at multiple rates for multi-resolutional processing. Batch normalization is applied after
each atrous convolution. Further refinement is seen in Deeplabv3+ [55], which employs
the encoder-decoder concept.

HRNet
The genesis of high-resolution convolutional networks stems from the observation that
preceding architectures did not maintain high-resolution streams throughout the net-
work. Instead, they often upsampled from low resolution, fused low-level high resolution
at the final layers, created medium-resolution streams, or implemented encoder-decoder
architectures. HRNet [56] introduced the concept of parallel multi-resolution networks

that converge at the end of each stage. The HRNet is structured with four stages, where
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each stage integrates one lower resolution in parallel. Within each stage, there are four
residual units at every resolution, with each unit comprising two 3 x 3 convolutions,
batch normalization, and ReLU activation. In HRNetV2, the semantic segmentation re-
sult is obtained by fusing the four streams with the first stream after upsampling the
last three and estimating segmentation maps. This innovative approach ensures the
preservation of high resolution across multiple parallel streams, enhancing the network’s

performance in semantic segmentation tasks.

6.6 Introduction to Transformers

6.6.1 The Transformer Model

The transformer is a simple network architecture that relies entirely on an attention
mechanism to draw global dependencies between input and output [1]. Transformers
are designed in order to avoid recurrence, which faces memory constraints at longer se-
quence lengths, not being able to handle them as limitations in batching across examples
appear. Attention mechanisms allow modeling of dependencies without regard to their
distance in the input or output sequences. Self-attention is an attention mechanism that
relates different positions of a single sequence in order to compute a representation of a
sequence. Transformer was the first transduction model relying entirely on self-attention
to compute representations of its input and output without using sequence-aligned RNNs

or convolution.
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Figure 6.5: Transformer architecture [1]

Diploma Thesis m



Chapter 6. Theoretical Part

The architecture of a transformer is built upon a sequence of encoders and de-
coders. The encoder initially transforms the input sequence into a vectorized represen-
tation, known as embedding. Specifically, it maps a sequence of symbol representations
(x1, ..., xn) to a sequence of continuous representations z = (zy, ..., z,). This sequence is
then fed into the decoder, which generates an output sequence of symbols (yi, ..., Yn) one
element at a time. The model is auto-regressive, utilizing previously generated symbols
as additional input when generating the next one. In each step, the decoder takes as
inputs the embeddings of the input sequence and the embeddings of the previous output,

shifted by one token, predicting the next token in the sequence.

Encoder: The encoder consists of a stack of N = 6 identical layers, each comprising
two sub-layers. The first is a multi-head self-attention mechanism, and the second is a
simple, position-wise fully connected feed-forward network. Each sub-layer is followed
by a residual connection and layer normalization. In other words, the output of each
sub-layer is given by LayerNorm(x + Sublayer(x)), where Sublayer(x) represents the func-
tion implemented by the sub-layer. To support these residual connections, all sub-layers

in the model, as well as the embedding layers, produce outputs of dimension dyoge; = 512.

Decoder: The decoder, also composed of a stack of N = 6 identical layers, introduces
a third sub-layer in addition to the two sub-layers found in each encoder layer. This
additional sub-layer performs multi-head attention over the output of the encoder stack.
Similar to the encoder, the decoder incorporates residual connections around each sub-
layer, followed by layer normalization. The self-attention sub-layer in the decoder stack
is modified to prevent positions from attending to subsequent positions. This masking,
combined with the offset of output embeddings by one position, ensures that predictions

for position i depend only on known outputs at positions less than i.

Attention: The attention function is described as mapping a query and a set of key-value
pairs to an output, with all components represented as vectors. The output is computed
as a weighted sum of values, where the weight assigned to each value is determined by a
compatibility function of the query with the corresponding key.

Query (Q): The query represents the element in the input sequence for which we
want to calculate its significance or the relationship of dependency with respect to the
other objects. In the context of the attention mechanism, there is usually a query vector
associated with each position in the input sequence.

Key (K): The key represents the elements in the input sequence with which the query
is compared. Key vectors are used to determine how well each element of the input
sequence correlates with the query. Similar to queries, there is usually a key vector for
each position in the input sequence.

Value (V): The value represents the information related to each element of the input
sequence. Value vectors constitute the pieces of information that are weighted and com-
bined based on the attention scores obtained from the query and key vectors. Like queries

and keys, there is a value vector associated with each position in the input sequence.
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Figure 6.6: Scaled Dot-Product and Multi-Head Attention Architectures [1]

Scaled Dot-Product Attention: In the Scaled Dot-Product Attention mechanism, the
input comprises queries and keys of dimension dj, and values of dimension d,. The dot
products of the queries with all keys are calculated, each divided by the square root of
dj, and then a softmax function is applied to obtain weights on the values. This can be

represented mathematically as:
T
Vdi

The two primary attention functions commonly used are additive attention and dot-

Attention(Q, K, V) = softmax(

W (6.10)

product (multiplicative) attention. Dot-product attention is notably faster and more
space-efficient in practical implementations, owing to its compatibility with highly op-

timized matrix multiplication code.

Multi-Head Attention: Rather than executing a single attention function with dpoger —
dimensional keys, values, and queries, it has been found advantageous to linearly project
queries, keys, and values h times using different learned linear projections to dy, dj., andd,,
dimensions, respectively. For each of these projected versions, the attention function is
applied in parallel, producing d,,—dimensional output values. These outputs are then con-
catenated and subjected to another linear projection to obtain the final values. Multi-head
attention allows the model to collectively attend to information from various representa-

tion subspaces at different positions. Mathematically, it can be expressed as:

MultiHead(Q, K, V) = Concat(head;, heads, ..., heady)W, (6.11)
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Where each head; is calculated as:
head; = Attention(QWq,;, KWy ;, VW, ;) (6.12)

In this context, the work employs h = 8 parallel attention layers or heads, with each
de. = d, = % = 64. This choice ensures that despite the reduced dimensionality
of each head, the overall computational cost remains comparable to that of single-head

attention with full dimensionality.

6.6.2 VIiT (Vision Transformer)

ViT stands out as the pioneering transformer model specifically tailored for computer
vision tasks [9]. It demonstrated the capability of a pure transformer when directly applied
to sequences of image patches, showcasing impressive performance in image classifica-
tion tasks. Through pre-training on extensive datasets and subsequent transfer to various
mid-sized or small image recognition benchmarks, Vision Transformer (ViT) achieves re-
markable results compared to state-of-the-art convolutional networks. ViT accomplishes
this with significantly reduced computational resources. Inspired by the successful scal-
ing of transformers in Natural Language Processing (NLP), the creators of ViT explored the
application of a standard transformer directly to images with minimal modifications. This
involved dividing an image into patches and presenting the sequence of linear embeddings
of these patches as input to a transformer. Image patches are treated like tokens (words)
in an NLP context. The model is then trained for image classification in a supervised

fashion.

Vision Transformer (ViT)
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Figure 6.7: ViT Architecture [9]

The ViT architecture divides an image into patches of fixed size, linearly embeds each
patch, adds position embeddings, and feeds the resulting sequence of vectors into a

standard transformer encoder. To facilitate classification, an additional learnable "classi-
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fication token" is introduced to the sequence. More specifically, the standard transformer
processes a 1D sequence of token embeddings. To accommodate 2D images, the image
(x € RIXWXC) s reshaped into a sequence of flattened 2D patches (x, € RN<F©) where
(H, W) represents the original image resolution, C is the channel count, (P, P) is the
resolution of each image patch, and N = % denotes the resulting number of patches.
This also serves as the effective input sequence length for the transformer. Maintain-
ing a constant latent vector size D throughout all layers, the patches are flattened and
mapped to D dimensions using a trainable linear projection. The output of this projection
is referred to as patch embeddings. Similar to BERT’s class token, a learnable embed-
ding is prepended to the sequence of embedded patches, and its state at the output of
the transformer encoder serves as the image representation (y). A classification head,
implemented by an MLP with one hidden layer during pre-training and a single linear
layer during fine-tuning, is attached both in pre-training and fine-tuning. Position em-
beddings are added to the patch embeddings to retain positional information. Standard
learnable 1D position embeddings are used, as no significant performance gains were
observed with more advanced 2D-aware position embeddings. The resulting sequence of
embedding vectors serves as the input to the encoder, consisting of alternating layers of
multiheaded self-attention and MLP blocks. Layernorm (LN) is applied before each block,
with residual connections after each block. ViT is typically pre-trained on large datasets
and fine-tuned for downstream tasks, involving the removal of the pre-trained prediction
head and attachment of a zero-initialized D X K feedforward layer, where K is the number
of downstream classes. Fine-tuning at higher resolution than pre-training is often bene-
ficial. When feeding higher-resolution images, the patch size remains constant, resulting
in a larger effective sequence length. While ViT can handle arbitrary sequence lengths
(up to memory constraints), adjustments are made for pre-trained position embeddings
through 2D interpolation, respecting their location in the original image. It’s essential to
note that the resolution adjustment and patch extraction are the sole instances where
an inductive bias regarding the 2D structure of images is manually introduced into the

Vision Transformer.

6.7 Transformers for Segmentation (SOTA)

6.7.1 Swin Transformer

The Swin Transformer [10], designed as a versatile backbone for computer vision, ex-
tends the transformer architecture originally developed for Natural Language Processing
(NLP) tasks. While transformers excel at modeling long dependencies in input sequences,
adapting them from language to vision introduces challenges due to fundamental differ-
ences between the two domains. Variances in the scale of visual entities and the high
pixel resolution in images compared to words in text necessitate a tailored approach.
Addressing these challenges, the Swin Transformer emerges as a hierarchical model that
computes representations using shifted windows.

Swin Transformer constructs hierarchical feature maps by initiating from small image
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patches, similar to tokens. In deeper layers, it merges neighboring patches, exhibiting
linear computational complexity concerning image size. This linear complexity is achieved
through self-attention computation in non-overlapping windows, dividing the image, with
a predefined number of patches in each window. Shifted windows establish connections
among preceding layer windows, significantly enhancing modeling capabilities. Notably,
all query patches within a window share the same key set, facilitating memory access in

hardware.

Layer | Layer |+1

A local window to
perform self-attention

A patch

Figure 6.8: Shifted window approach for computing self-attention in Swin Transformer
architecture [10]

In each layer (1), a regular partitioning scheme performs self-attention computation
within each window. Moving to the next layer (1+1), the window partitioning shifts, creat-
ing new windows. The self-attention computation in these new windows extends beyond

the boundaries of the previous layer’s windows, establishing connections among them.
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(a) Architecture (b) Two Successive Swin Transformer Blocks

Figure 6.9: The architecture of a Swin Transformer [10]

Every patch in the image functions as a token, with its feature derived from the RGB
values of its pixels. Using a patch size of 4 X 4, the feature dimension for each patch is
4 X 4 x 3 = 48. A linear embedding layer is applied to project this feature to an arbitrary
dimension, denoted as C. The Swin Transformer applies multiple transformer blocks to
these patch tokens, along with the linear embedding, forming "Stage 1." To achieve a
hierarchical representation, the number of tokens reduces through patch merging layers
as the network deepens.

The initial patch merging layer concatenates features from each group of 2 X 2 neigh-

boring patches, applying a linear layer to the 4C-dimensional concatenated features. This
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results in a reduction of tokens by a factor of 2x 2 = 4 (a 2X downsampling of resolution),
with the output dimension set to 2C. Subsequent Swin Transformer blocks transform
features, maintaining the resolution at % X %. This initial block of patch merging and
feature transformation constitutes "Stage 2." The process repeats twice, forming "Stage
3" and "Stage 4," with output resolutions of 1—% X I—“é and % X % respectively.

A Swin Transformer block comprises a shifted window-based MultiHead Self-Attention
(MSA) module, followed by a 2-layer Multi-Layer Perceptron (MLP) with GELU nonlinearity
in between. LayerNorm (LN) layers are applied before each MSA module and each MLP,

with a residual connection applied after each module.

6.7.2 SegFormer

SegFormer [2] represents a straightforward yet efficient semantic segmentation frame-
work that seamlessly integrates Transformers with lightweight Multilayer Perceptron
(MLP) decoders. This framework introduces a hierarchically structured Transformer en-
coder that eliminates the need for additional positional encoding, yielding multiscale
features. Departing from intricate transformer decoders, SegFormer opts for an MLP de-
coder, which strategically aggregates information from diverse layers, incorporating both
local and global attention. This approach results in powerful representations, and the

simplicity and lightweight design of SegFormer prove instrumental in achieving efficient

segmentation.
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Figure 6.10: The proposed SegFormer framework [2]

As illustrated in the figure above, SegFormer comprises two primary modules: Hierar-
chical Transformer Encoder: This module generates high-resolution coarse features and
low-resolution fine features. Contrary to the approach of ViT, which employs patches of
size 16 X 16, SegFormer divides an input image of size H X W X 3 into smaller patches of
size 4 X 4. The use of these smaller patches is particularly beneficial for dense prediction
tasks. The hierarchical Transformer encoder processes these patches, producing multi-
level features at ;11, %, 1—16, slz of the original image resolution. Lightweight All-MLP Decoder:

This module fuses the multi-level features obtained from the encoder to generate the fi-
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nal semantic segmentation mask. The image patches serve as input to the hierarchical
Transformer encoder, resulting in multi-level features that are then passed to the All-
MLP decoder. The decoder predicts the segmentation mask at an % X ‘Z—V X N resolution,
where N represents the number of categories. The combination of a hierarchically struc-
tured Transformer encoder and a lightweight All-MLP decoder distinguishes SegFormer’s

design, showcasing its efficacy in addressing the challenges of semantic segmentation.

6.7.3 MaskFormer

MaskFormer introduces a straightforward mask classification model designed to pre-
dict a set of binary masks, each tied to a singular global class label prediction [3]. Its
fundamental insight lies in the versatility of mask classification, offering a unified solu-
tion for both semantic and instance-level segmentation tasks through a shared model,
loss, and training procedure. Notably, MaskFormer demonstrates superior performance
over per-pixel classification baselines, particularly in scenarios with a large number of
classes. While many deep learning-based semantic segmentation approaches frame the
problem as per-pixel classification, applying a classification loss to individual output pix-
els, MaskFormer adopts an alternative paradigm. It disentangles the image partitioning
and classification aspects of segmentation by predicting a set of binary masks, each as-
sociated with a single class prediction. Leveraging the set prediction mechanism from
DETR, MaskFormer employs a Transformer decoder to compute pairs, each comprising
a class prediction and a mask embedding vector. The mask embedding vector facilitates
binary mask prediction through a dot product with the per-pixel embedding obtained

from an underlying fully-convolutional network.
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Figure 6.11: MaskFormer overview architecture [3]

MaskFormer computes a collection of N probability-mask pairs, denoted as z = {(p;, mi)}ll.\i T
Nlustrated in the figure above. The model consists of three key modules. The Pixel-Level
Module extracts per-pixel embeddings, crucial for generating binary mask predictions.
The Transformer Module in which a stack of Transformer decoder layers computes N
per-segment embeddings, contributing to the subsequent prediction steps. Finally, the
Segmentation Module which is responsible for generating predictions {(p;, mi)}li\i , from the
obtained embeddings. This module ensures a cohesive integration of class predictions

and binary masks. MaskFormer’s architecture showcases the synergy of these modules,

Diploma Thesis



6.7.4 Mask2Former

demonstrating its efficacy in addressing both semantic and instance-level segmentation

tasks within a unified framework.

6.7.4 Mask2Former

The Masked-attention Mask Transformer (Mask2Former) [4] is a versatile architecture
designed to tackle various image segmentation tasks, including panoptic, instance, or
semantic segmentation. Key to its performance are masked attention mechanisms that
extract localized features by confining cross-attention within predicted mask regions.
Mask2Former outperforms specialized architectures in diverse segmentation tasks, en-
suring ease of training across different objectives. Comprising a backbone feature ex-
tractor, a pixel decoder, and a Transformer decoder, Mask2Former introduces several
improvements for enhanced results and efficient training.

The first improvement involves utilizing masked attention in the Transformer decoder,
restricting attention to features centered around predicted segments. This localized fo-
cus, whether on objects or regions, contrasts with the cross-attention of a standard
Transformer decoder, leading to faster convergence and improved performance. Second,
Mask2Former leverages multi-scale high-resolution features, enhancing its ability to seg-
ment small objects or regions. Third, optimization enhancements, such as reversing the
order of self and cross-attention, making query features learnable, and removing dropout,
contribute to improved performance without additional computational cost. Lastly, the
model achieves a 3x reduction in training memory without compromising performance
by calculating mask loss on a few randomly sampled points. These enhancements not
only elevate model performance but also significantly simplify training, making universal

architectures more accessible to users with limited computational resources.
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Figure 6.12: Mask2Former overview architecture [4]

Mask2Former adopts the same meta-architecture as MaskFormer, featuring a back-
bone, a pixel decoder, and a Transformer decoder. Notably, the Transformer decoder
introduces masked attention instead of the conventional cross-attention. To address
small objects effectively, a practical approach involves utilizing high-resolution features

from a pixel decoder by feeding one scale of the multi-scale feature to one Transformer
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decoder layer at a time.

6.8 Metrics in semantic segmentation

As indicated in [24], semantic segmentation is a challenging and complex task that
considers the relationships among classified pixels. Throughout the discussion, any
mention of "class" is interchangeable with "category." The pixel-wise accuracy (pACC)
serves as an initial metric to assess performance and it is computed with the following

equation:

(6.13)

where ny is the number of pixels which belong to class i and were labeled as class j, k
is the total number of classes and t; = ZJ’.‘: 1 Ny is the total number of pixels of class i.
Nevertheless, this metric can be misleadingly high in datasets where extensive regions
are dominated by a single class. In such instances, the model may have merely learned
the prevalent occurrences of certain elements in specific areas of the image. This issue

can be addressed by considering the following metrics:

mACC Mean accuracy is the mean accuracy across all classes:

Kk
1 le'
mACC = — — 6.14

IoU Intersection over Union measures the overlap between the predicted segmentation

and the ground truth segmentation for each class, providing insights into how well the

model’s predictions align with the actual boundaries of objects or regions in the image.

The metric IoU is a per class assessment on the intersection of the inferred segmentation

and the ground truth, divided by the union excluding pixels labelled as "void":
TruePositive;

IoU = — — . 6.15)
TruePositive; + FalsePositive; + FalseNegative;

where TruePositive;, FalsePositive;, and FalseNegative; represent the numbers of true pos-

itive, false positive, and false negative pixels, respectively, for class i.
mloU (Mean Intersection over Union) It provides a measure of the overall segmentation

performance by calculating the average Intersection over Union (IoU) across all classes or

categories. mloU is then calculated as the mean of IoU values across all classes:
1 &
mloU = — IoU; 6.16
- Z; : (6.16)
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where k is the total number of classes or categories.

F1 Score: The F1 score is a measure of a model’s accuracy, balancing both precision
and recall. It is calculated as the harmonic mean of precision and recall:
precision X recall

F1=2X (6.17)
precision + recall

where precision is the ratio of true positive predictions to the total number of positive
predictions, and recall is the ratio of true positive predictions to the total number of actual

positives.
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7.1 Datasets

7.1.1 Cityscapes Dataset

The Cityscapes Dataset [19] is specially crafted for autonomous driving applications
within urban settings, offering a diverse collection of images showcasing road environ-
ments across 50 distinct city centers throughout all four seasons. These images come in
both low (8-bit) and high (16-bit) resolutions. The dataset encompasses pixel-level and
instance-level annotations, categorized into coarse and fine groups. Fine annotations
meticulously label every pixel within polygons of instances across 5000 images spanning
27 cities. Conversely, coarse annotations, applied to images from 23 cities, prioritize
speed in polygon selection, resulting in slightly less accurate labeling. With a total of
30 classes, 19 of which are utilized in evaluations, this dataset provides a comprehen-
sive depiction of inner-city roads, considering factors such as traffic and diverse climatic
conditions. Its uniqueness in the realm of autonomous vehicle driving lies in its broad rep-
resentation and wide variety of classes. Notably, in terms of instance-level annotations,

Cityscapes stands out as the sole dataset including instances of people and vehicles.

7.1.2 ADE20k

ADE20k [23] was developed in response to the recognition of a need for a compre-
hensive dataset that encompasses a wide range of scenes and common objects. Prior
datasets, such as Cityscapes, were limited in scene diversity, while others like COCO and
Pascal focused on only a few or insignificant object classes. ADE20k addresses this gap
by offering a dataset comprising 20,210 images in the training set, 2,000 images in the
validation set, and 3,000 images in the testing set. Each image is meticulously anno-
tated with objects, and many objects also include annotations for their respective parts.
Moreover, the annotations provide additional information, such as whether an object is
cropped, along with other attributes. Notably, parts can themselves have subparts, and
these associations are appropriately labeled. This comprehensive approach in ADE20k
ensures a more detailed and nuanced understanding of scenes and objects, distinguishing

it from earlier datasets with more limited scope and coverage.
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7.1.3 Coast Train Dataset

Initial Data Description

“Coast Train” [25] is a multi-label dataset of orthomosaic and satellite images captur-
ing diverse coastal environments, complemented by corresponding labels. Each dataset
within "Coast Train" is specifically associated with a unique image type and class set. In
terms of spatial resolution, the class sets exhibit a horizontal range from 0.05m to 1m
for orthomosaics, while satellite imagery encompasses resolutions of either 10m or 15m.
Notably, the inclusion of orthomosaic imagery provides a fine-grained representation of
specific coastal environments, boasting an impressive 5-cm pixel resolution. The dataset
features a variety of imagery sources, including NAIP (1m), Quadrangle ( 6m), Sentinel-2
(10m), and Landsat-8 (15m), collectively offering a continental-scale perspective on the
diversity of coastal environments. This diverse array of pixel resolutions ensures a com-

prehensive representation of coastal features at different scales.
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Figure 7.1: This figure depicts one example image (a), corresponding label image (b), and
image-label overlay (c), of one of the orthomosaic datasets. This particular example shows
imagery from San Diego, California

Class labels within the dataset range between 4 and 12, contributing to a detailed an-
notation of the images. In total, the dataset comprises 1852 individual images, compris-
ing 1.196 billion pixels. This vast dataset represents a total surface area of 3.63 million
hectares, providing a rich resource for studying and understanding coastal ecosystems.
The dataset’s geographical scope is extensive, spanning from 26 to 48 degrees N in latitude
and 69 to 123 degrees W in longitude, as illustrated in Figure 7.2. This broad coverage
ensures that the dataset captures a wide spectrum of coastal environments, making it a

valuable resource for research and analysis in the field.
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Figure 7.2: Geographical distribution of (A) orthomosaic and (B) satellite imagery

Each data record has a unique set of classes; however, labels are easily re-processed

to map multiple classes to a standardized set of “superclasses” across all data records.

Superclasses, as shown in Table 7.1, are broad class names for a collection of component

class labels. For example, ‘buildings’ and ‘vehicles’ are a subset of the ‘developed’ su-

perclass, and ‘sand’ and ‘gravel’ are part of the ‘sediment’ superclass. Seven superclass

labels, and between four and twelve class labels depending on the dataset, are defined.

Superclass Mapping

Superclass Names

Aliases (component class names)

water water, sediment plume

whitewater whitewater, surf

sediment sediment, sand, gravel, gravel/shell, cobble/boulder/ mud/silt
developed developed, dev, coastal defense, pavement/road, other anthro, vehicles,

buildings, development

natural terrain

bedrock, bare ground, other natural terrain, other bare natural terrain

vegetation vegetated, vegetated surface, vegetated ground, terrestrial vegetation,
marsh vegetation, herbaceous veg, herbaceous vegetation, wood vege-
tation, woody veg

other other, unknown, unusual, nodata, people, ice/snow, cloud

Table 7.1: Mapping from per-set classes to superclasses.
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Dataset Preparation

The coastTrain dataset comprises ten distinct sub-datasets, namely Landsat8-11-
001, Landsat8-12-001, NAIP-11-001, NAIP-6-001, Orthophoto-12-001, Orthophoto-8-
001, Orthophoto-9-001, Quadrangles-7-001, Sentinel2-11-001, and Sentinel2-4-001. These
sub-datasets present a diverse array of coastal environment images, varying in resolution,
size, and content. In order to create a dataset tailored to the specific requirements of our
semantic segmentation task, a detailed inspection of each sub-dataset was conducted.
In this process, we excluded images with dimensions below 300x300 since their smaller
size could compromise the model’s ability to capture crucial details for our segmentation
task. Additionally, images deemed irrelevant or non-contributory to the objectives of this
study were excluded from the selection. For instance, the NAIP and Quadrangles sub-
datasets were excluded because they would have a negative effect on the training process,
increasing the training time of the models and not contributing to their results. With the
above process, out of the initial pool of 1852 images, we kept 645 images. All selected
images were resized to a uniform dimension of 512x512 pixels, for training purposes. The
above preprocessing pipeline ensures that the coastTrain dataset employed in our study
is optimized for training transformer models on semantic segmentation tasks related to

coastal environments, striking a balance between inclusivity and precision.

Initial 1852 images of coastTrain
(multiple sizes)

Lh a ! ﬁ o o ; e - Fes
g _7 : j.-:"-:;- Image Selection # Image Resizing

Selected 645 images of coastTrain
(multiple sizes)

Resized 512x512 selected images

Figure 7.3: Preprocessing pipeline of coastTrain dataset. Step 1: We select the best images
according to size, resolution and compatibility with our task. Step 2: We resize all the
images to size 512x512.

The final coastTrain dataset consists of 645 images, each with a resolution of 512x512
pixels, accompanied by their respective masks. To ensure consistency in the dataset
for effective training, we have mapped all classes to their corresponding superclass (Ta-
ble 7.1). This mapping helps create a uniform dataset tailored to meet the specific re-
quirements of our semantic segmentation task. The dataset encompasses seven distinct
classes, as outlined in the table below (Table 7.2). Each pixel in the images can be as-
signed to one of these classes, contributing to the richness of information captured for

accurate semantic segmentation.
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Classes
Id Label
water

whitewater

sediment

development

natural terrain

vegetation

OO WIN|—=|O

unknown

Table 7.2: Id to label table for the final Coast Train dataset.

7.1.4 Greek Coastline Dataset (From Greek Land Registry)

Figure 7.4: Example image from Greek Coastline Dataset

Initial Data Description

The Greek Coastline dataset consists of aerial images at 25cm pixel resolution and it
was provided to us by the Greek Land Registry. Data files are in raster format, thus we
used the python Rasterio library [26] to read them and process them. More specifically,
each image consists of four separate files (.tif, .tfw, .aux, .img), the combination of which
forms the final three-dimensional image (longitude, latitude, altitude). The .tif, .tfw and
.aux files contain elements that compose the two-dimensional image, while the .img file
contains information about the third dimension of the image, namely, the height. In par-
ticular, the .tif file includes the spectrum of the two-dimensional image in four separate
spectral bands (Red, Green, Blue, Infrared). The .tfw file contains the transformation data
that needs to be applied to each pixel of the image to derive the corresponding geographic
longitude and latitude. The .aux file includes all metadata related to the two-dimensional
image, such as the coordinate reference system used by the image to express the geo-
graphic longitude and latitude of its elements. Finally, the .img file contains the third
dimension of the image, i.e., the data for the height of each pixel in the two-dimensional

image, while also including the corresponding metadata related to this dimension. The

Diploma Thesis m



Chapter 7. Experimental Part

height and width of the image may vary slightly from image to image. We choose to crop

the extra pixels that may exist in some images to have a uniform dataset consisting of im-

ages with dimensions of 3200x2400. The pixel resolution of the .tif files (images) is 25cm,

while for the .img files (height) is 20m. So, we have a 1/4 ratio between image and height

files.

Therefore, to achieve alignment in the coordinates of the two images, we reshape

the height matrix to have dimensions 3200x2400 instead of 800x600. We achieve this

by using the Kronecker product, multiplying each element of the height matrix by a 4x4

neighborhood matrix.
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Figure 7.5: 2D example image Figure 7.6: 3D example image

From the .tfw file we acquire the coordinate transformation that transforms the pixel

coordinates to actual geographic coordinates. More specifically the structure of the trans-

formation is shown in equation 7.1 below.

A B
D -E

C
F

X

y

+ (7.1)

[XI
Y1

Where:

X, is the calculated x-coordinate of the pixel on the map.

y; is the calculated y-coordinate of the pixel on the map.

X is the column number of a pixel in the image.

y is the row number of a pixel in the image.

A is the x-scale, the dimension of a pixel in map units in the x-direction.
B and D are the rotation terms.

C and F are the translation terms, representing the x, y map coordinates of the

center of the upper left pixel.
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e E is the negative of y-scale, the dimension of a pixel in map units in the y-direction.

For our dataset the values of fixed parameters A, B, D, E are shown in table 7.3 below.
Parameters C and F are different for every image as they correspond to the longitude and

latitude of the upper left pixel.

Transformation Parameters
Name Value

A 0.25

B 0.00

D 0.00

E -0.25

Table 7.3: Transformation parameters to convert pixel coordinates to HGRSS87.

Using this transformation, the coordinates of pixels in the image are mapped to the
corresponding geographic longitude and latitude. The resulting geographic coordinates
are expressed in the Hellenic Geodetic Reference System 1987 (HGRS87), as indicated by

the metadata in the .aux file.

Dataset Preparation

To ensure the suitability of images for training in accordance with our model’s input
restrictions, we implement a meticulous preprocessing strategy. All models utilized in our
study employ a consistent input size of 512x512 pixels. However, for the Greek Coastline
dataset, we adopt a distinctive approach to preserve the maximum possible resolution,
given the intricate nature of the coastal segmentation task. In order to achieve this, we
opt for image splitting rather than resizing in order to maintain the highest resolution as
it is crucial for the demands of coastal segmentation. The specific preprocessing pipeline
we follow is visually depicted in Figure 7.7, and it involves two key steps. Firstly, we
initiate the preprocessing pipeline by zero-padding the original images, which are initially
sized at 3200x2400 pixels. This zero-padding is applied both horizontally and vertically
to ensure that the dimensions are precisely divisible by 512. So after this step the size
is set to 3584x2560 for every image. Secondly, the zero-padded image is splitted into 35
512x512 images.

Greek Coastline Image Zero-padded Image 35 512x512
3200x2400 . 3584x%2560 . Images

zero-padding

Figure 7.7: Image preprocessing: Zero-padding and splitting to patches
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Figure 7.8: Example patch

The objective of this project is to segment the Greek Coastline dataset, which was
initially unlabelled and comprised raw images. To enhance the quality of our results,
we chose to manually label a select subset of the dataset using the Segments.ai tool—an
effective training data platform for computer vision engineers, offering a powerful interface
for data labeling. We decided to label 420 512x512 images (which corresponds to 12 full
images) utilizing the same set of labels as the coastTrain dataset, which is illustrated in
Table 7.2 above.

Figure 7.9: Example original image with corresponding mask (black: unknown, blue: water,
white: whitewater, yellow: sediment, green: vegetation)

7.2 Architecture

7.2.1 Introduction

The architectural framework employed in this thesis aims to achieve semantic seg-
mentation in coastal images of the Greek Coastline dataset described in 7.1.4. Semantic
segmentation in coastal images holds significant importance for various applications such
as environmental monitoring, coastal management, and disaster response. The objective
was to utilize state-of-the-art transformer models, namely SegFormer, MaskFormer, and
Mask2Former, to classify each pixel in the images into one of seven distinct classes: wa-
ter, whitewater, sediment, vegetation, development, other natural terrain, and unknown.
However, the significant challenge was that the Greek Coastline dataset was entirely unla-
beled, rendering it unsuitable for direct training. To address this challenge, three different
approaches were pursued, each aimed at adapting the models to the characteristics of

the Greek Coastline dataset.
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Figure 7.10: Overall Architecture

7.2.2 Stage 1 Training

The first approach involved searching for a pre-labeled dataset of coastal environments
sharing similar features with our dataset and containing labels relevant to our segmen-
tation task. In this pursuit, the coastTrain dataset [25] was discovered. The dataset un-
derwent preprocessing to align with the requirements for training, a process thoroughly
described in Chapter 7.1.3. Regarding the transformer models, pretrained models tailored
for semantic segmentation tasks were sought to enhance the performance of our models.
Given the resource-intensive nature of transformer models, pretrained models trained on
expansive datasets like Cityscapes [19] and ADE20k [23] were identified. These models
were subsequently fine-tuned using the coastTrain dataset, resulting in the development
of stage 1 models. Stage 1 models will be employed for inference on the Greek Coastline
dataset to visually evaluate the segmentation results, which are displayed in Chapter ??.

These models will also serve as backbones for further training in the next stage.

Pretrained Models Finened Models

Stage 1
Segformer Seglormer-coastTrain
Finetuned ) Result
MaskFormer » coasiTrain > MaskFormer-coastTrain
Dataset
MaskZFormer Mask2Former-coast Train

Figure 7.11: Stage 1 Architecture
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7.2.3 Stage 2 Training

Upon evaluating the stage 1 models on the Greek Coastline dataset, it became evident
that further fine-tuning was necessary to adapt the models to the specific characteristics
of the dataset. In the second approach, the results of stage 1 models were improved
by further fine-tuning them to a subset of the Greek dataset that we manually labeled,
as explained in Chapter 7.1.4. This subset contains the same labels as the coastTrain
dataset. Thus, the stage 1 models fine-tuned on the coastTrain dataset were further
fine-tuned to the Greek Coastline dataset to adjust the models’ predictions to our own
images. This training process led to the creation of Stage 2 models, which we also use for

inference to visually examine their results compared to stage 1 models.

Finetuned Models Finetuned Models
Stage 1 Stage 2

Segformer-coastTrain Segformer-final
Finetuned - ) Result
N grCoastling
’ L

MaskFormer-coastTrain > MaskFormer-final
Dataset

MaskZFormer-coastTrain d Mask2Former-final

Figure 7.12: Stage 2 Architecture

7.2.4 Direct Greek Coastline Training

In the third approach, pretrained models were finetuned directly on the Greek Coast-
line dataset for comparison reasons to evaluate the significance of using the coastTrain
dataset in the previous approach. This approach aimed to determine whether the step of
searching for a pre-labeled coastal dataset to first train the models played a significant

role in our results.

Pretrained Models Finetuned Models
Segformer Segformer-grCoastline
Finetuned ’ ) Result
MaskFormer » grCoastiine » MaskFormer-grCoastline
Dataset
Mask2Former Mask2Former-grCoastline

Figure 7.13: Direct Architecture

7.3 Results

In the following tables we present the results of the training process for each stage

and for all three models. More specifically, we present the values of all the metrics
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7.3.1 Stage 1 - coastTrain dataset

described in chapter 6.8, but we use the mloU as the evaluation metric which is the
most suitable one for the task of semantic segmentation. We examine different versions
for each model concerning their size and dataset used for pretraining. For each training
stage we compare the different versions of the models and also the best version of each

model with each other.

7.3.1 Stage 1 - coastTrain dataset
SegFormer

For the SegFormer we trained in total 4 different versions of the model. As mentioned
in [2], there is a scaling approach for SegFormer which has a series of models from
SegFormer-BO to SegFormer-B5, reaching significantly better performance and efficiency
than previous counterparts. For example SegFormer-B4 reaches 51.1% mloU on ADE20K
while SegFormer-B5 reaches 51.8%. On Cityscapes, SegFormer-B4 reaches 83.8% and
SegFormer-B5 84.0%. We chose to finetune SegFormer-B4 and SegFormer-B5 pretrained

on both Cityscapes and ADE20K in order to evaluate their performance.

Stage 1 SegFormer
. Mean Accuracy f1 score
Model Pretrained mloU (%) %) %)
SegFormer-B4 Cityscapes 79.20 86.09 93.54
SegFormer-B4 ADE20K 76.15 85.69 92.83
SegFormer-B5 Cityscapes 82.69 90.60 94.23
SegFormer-B5 ADE20K 77.37 85.45 92.45

Table 7.4: Stage 1 results of SegFormer models

As expected, SegFormer-B5 performed better than SegFormer-B4. Furthermore, the
models which were pretrained on Cityscapes achieved better results than the ones pre-
trained on ADE20K, which is also justifiable as ADE20K is a more complex dataset com-
pared to Cityscapes which suits better the coastTrain data. The best SegFormer model
on Stage 1 is the SegFormer-B5 pretrained on Cityscapes and achieves 82.69% mloU on

the coastTrain dataset.

MaskFormer

For the MaskFormer we trained 2 versions of the model concerning the size of the
backbone that they use, both pretrained on ADE20K. The MaskFormer-base utilizes a
Swin-B encoder while the MaskFormer-large a Swin-L one. More specifically, we finetuned
on coastTrain the MaskFormer-base and MaskFormer-large models, both pretrained on
ADE20K. According to [3], the MaskFormer-Base achieves 53.9% mloU on ADE20K, while
the MaskFormer-Large 55.6% mloU.
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Stage 1 MaskFormer
M A fl
Model Pretrained mloU (%) ean ( OZ)C uracy (soz;)re
MaskFormer-Base ADE20K 81.4 89.64 93.96
MaskFormer-Large ADE20K 82.18 91.76 94.79

Table 7.5: Stage 1 results of MaskFormer models

As expected, MaskFormer-Large model pretrained on ADE20K performed better MaskFormer-
Base, achieving 82.18% mloU on coastTrain.

Mask2Former

For the Mask2Former model we finetuned the one with the Swin-L backbone (namely
Mask2Former-Large). The first version is pretrained on Cityscpaes while the second one
on ADE20K. According to [4], on ADE20K Mask2Former-Large achieves 57.7% mloU while

on Cityscapes it achieves 83.3% mloU.

Stage 1 Mask2Former
M A f1
Model Pretrained mloU (%) can (0;;;: uracy ;Z;)re
Mask2Former-Large Cityscapes 84.06 93.42 95.45
Mask2Former-Large ADE20K 83.92 91.14 94.67

Table 7.6: Stage 1 results of Mask2Former models

The Mask2Former pretrained on Cityscapes performed better than the one pretrained
on ADE20K. This outcome is justifiable for two main reasons. Firstly, the mloU scores
of the pretrained models differ substantially, as the Mask2Former achieves 83.3% mloU
on Cityscapes and 57.7% mloU on ADE20K, mainly due to the complexity and larger
number of classes that ADE20K has. Secondly, the Cityscapes dataset is way more
similar to coastTrain dataset than ADE20K, as it shares some classes and also the type

of content is more compatible with our task.

7.3.2 Direct Training - grCoastline dataset

Continuing with the direct training with the grCoastline dataset, we utilized the same
models as in stage 1. The results followed the same pattern as the same models performed

better. The training scores for each model are presented in the following tables.
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7.3.3 Stage 2 - Both datasets

SegFormer
Direct Training SegFormer
Model Pretrained mloU (%) Mean Accuracy f1 score
(%) (%)
SegFormer-B4 Cityscapes 72.21 77.96 94.29
SegFormer-B4 ADE20K 72.07 78.64 94.37
SegFormer-B5 Cityscapes 72.46 78.87 94.56
SegFormer-B5 ADE20K 69.51 77.38 93.81

Table 7.7: Direct training results of SegFormer models

SegFormer-B5 pretrained on Cityscapes achieved the highest score with 72.46% mloU.

MaskFormer
Direct Training MaskFormer
Mean Accurac fl score
Model Pretrained mloU (%) (%) uracy (%)
MaskFormer-Base ADE20K 75.55 80.24 93.46
MaskFormer-Large ADE20K 78.79 84.48 94.27

Table 7.8: Direct training results of MaskFormer models

MaskFormer-Large pretrained on ADE20K achieved the highest score with 78.79%

mloU.

Mask2Former

Direct Training Mask2Former
Mean Accurac f1 score
Model Pretrained mloU (%) (%) uracy (%)
Mask2Former-Large Cityscapes 82.42 91.28 96.2
Mask2Former-Large ADE20K 81.91 89.03 93.22

Table 7.9: Direct training results of Mask2Former models

Mask2Former-Large pretrained on Cityscapes achieved the highest score with 82.42%

mloU.

7.3.3 Stage 2 - Both datasets

Finally, in Stage 2 we also used the same versions of the models as in the earlier
stages. The results again, as we expected, followed the same principles and are presented

in the tables below.
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SegFormer
Stage 2 SegFormer
M A f1
Model Pretrained mloU (%) can (0;:»;: uracy (so;‘:);)re
SegFormer-B4 Cityscapes 74.77 83.06 92.47
SegFormer-B4 ADE20K 75.78 83.13 94.51
SegFormer-B5 Cityscapes 76.81 84.19 94.79
SegFormer-B5 ADE20K 72.61 79.41 94.57

Table 7.10: Stage 2 results of SegFormer models

SegFormer-B5 pretrained on Cityscapes achieved the highest score with 76.81% mloU.

MaskFormer
Stage 2 MaskFormer
Mean Accurac fl score
Model Pretrained mloU (%) (%) uracy %)
MaskFormer-Base ADE20K 79.91 86.27 93.46
MaskFormer-Large ADE20K 80.59 89.93 93.87

Table 7.11: Stage 2 results of MaskFormer models

MaskFormer-Large pretrained on ADE20K achieved the highest score with 80.59%

mloU.
Mask2Former
Stage 2 Mask2Former
M A f1
Model Pretrained mlIoU (%) ean (OZ)C uracy (s‘:;‘:);)re
Mask2Former-Large Cityscapes 85.43 94.33 96.27
Mask2Former-Large ADE20K 83.82 92.56 94.97

Table 7.12: Stage 2 results of Mask2Former models

Mask2Former-Large pretrained on Cityscapes achieved the highest score with 85.43%

mloU.

7.4 Inference

Finally in order to visually evaluate the model’s performance we inference the best
version of each model from the training process, on images that do not belong in training

dataset.
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7.4.1 SegFormer

7.4.1 SegFormer
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Figure 7.14: Inference of best SegFormer model on example images of grCoastline
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7.4.2 MaskFormer

Best MaskFormer Model
Stage 1

Images

Direct Training

Original
) WA 1

)

Figure 7.15: Inference of best MaskFormer model on example images of the Greek Coastline
dataset.
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7.4.3 Mask2Former

7.4.3 Mask2Former

Best Mask2Former Model

Original Images Stage 1 Direct Training
WA : 1 . b IR

Figure 7.16: Inference of best Mask2Former model on example images of the Greek Coast-
line dataset.
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7.4.4 Model Comparison (Stage 2)

Model Comparison

Original Images
. A \

SegFormer MaskFormer Mask2Former
f T AT

A

Figure 7.17: Inference of the best stage 2 SegFormer, MaskFormer and Mask2Former
models

m Diploma Thesis



Chapter E

Conclusion

8.1 Conclusion

In this diploma thesis we managed to perform semantic segmentation in remote sens-
ing data of the Greek coastline using Transformer models. With this process we introduce
useful information to the coastal images regarding their content, thus advancing the more
general research in remote data analysis in coastal areas. Through the process of train-
ing the models as well as their visual evaluation, we concluded that Mask2Former had
the best performance, achieving 85.43% mloU on the grCoastline dataset. Additionally,
we demonstrated the value of transfer learning as we chose to pre-train the models on
a labeled dataset of images from the American coastline and then adapt them to our
own dataset. Comparing the results of this process in relation to the direct training of
the models on the Greek dataset, the superiority of the utilization of transfer learning is
evident. Overall, we made an initial, yet vital, step towards the direction of leveraging
computer vision techniques to further assist the ongoing in-situ research. In this thesis,
we examined and preprocesed image datasets, we searched and studied SOTA models in
the task of semantic segmentation and we succesfully trained them, gaining insightful

results.

8.2 Future Work

As mentioned above, this work is the first and basic step in the context of a more gen-
eral research concerning the geomorphological analysis of coastal environments through

remote sensing data. Some of the future steps of this research are:

1. Introduce more classes for more detailed semantic segmentation of coastal images.
For example, coasts could be separated into sandy or rocky, while development
areas into houses, roads, harbors, etc. Most of these classes would provide useful

and more universal information about the content of coastal areas.

2. Utilization of the third dimension that accompanies the images of the Greek Land
Registry, that of the height of each pixel in relation to sea level. This height infor-

mation could be particularly useful for slope analysis in certain areas.
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Chapter 8. Conclusion

3. The aerial images of the Land Registry have a resolution of 25cm, which is consid-
ered particularly high and can also be used for material level analysis. In particular,
there is a need to extract information about the material of the beaches (type of sand,

gravel, etc.), which until now has been carried out with in-situ measurements.
At the same time, the following can also be used to optimize our results:

1. Optimization of model training hyperparameters (learning rate, batch size, etc.).
2. Use more labeled data for training. Open Street Map could be used as a source.

3. Utilization of the 4th band of the photos (infrared) which can also provide useful

information.

4. Training the OneFormer model [57] which is the new SOTA for image segmentation

tasks.
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