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Uy aadyd

H Mnxavi KQn MaOnon el val Evacg O TTO O ATOOYUICO T O | [O®
CLULOTNMAT WY Ta TeAegvToia Xpovia AOYyw TNg payoado
ETMIL OTNUMOVI KOI ToOMEi ¢, OmMwWg KOl n QOWITOYPOAMUMETEP
Kupi wg otnv XxXpnon Ve v LawalukoaaNeunlNetwotked®NN)g v W & &1 & n
TNV avV@oErw@w Tou d1 EVKOAUOVOUYV Kal egmitayxo0vouv
OTMWC Kol € 0w, Ta dikKTvao autTd XpnolLgomoloULVTO
OVOyvVwpl ong TPpOoTUTwWYV C¥)I nCNNdgpeavouLKk cOpgomAfl op
OPX!I TEKTOVI KEC EKMHAOBNONC OVOTMOpPOOCT AOE WV, o]
XOPAKTINPIL OTI KWV oMo avOpwmivo mapdyovrta, aAANG
xpetrtaldovtal PBaocli (O6pyeva otTa degdopéva TOUL TOULC

H mapomddwpodtl KR €ecChfaEOUL TTX PN @ITIWO TToOl OV V T Ol o i
uvaToO amMOoOTEéEAEOPMO ylaoa TO TPOPBANUO onuUOGCL OAOVY I
RGB k aRGB-D, ol omoi e¢ ¢€ival EILKOVEC ULMTO OULYKEKDP
OVTI JUEOTWMIWKT XAPTEC KAl EMITPEMOUY VO TPAYyHUATO
auvT &€ CNNTIoow X pnot pomol 6Nk aBegNetUaNettResNeb0e xéati n 1e0ilv
(VIS B aEC&N 1 kqo IDeepLab\8. T'1 «a Kaoe M1 a aTmo T1 ¢ TTapaorT
MTPpAY MABGMKIOM NOTATI OTI1 KEC METPNROCELC O€ €1 KOVEC,
Taiirvopunon Twv d1 AQOPWYV KOAOTNYyopPl @W®v ToULu €Tl AEYX
OLVUT WV ETIAEXONKE N OPXI TEKTOVI KR HME TOOWOAOADTE
KATATpPunon Twv opboowtoypa@l v TOUL XPNnol JOTOIL N

Enmi mAédov mapouvaol alovTal ol puvBpui ocelr ¢ TMOUL TPOAY
KaBe CBINKOOGI N OonNpMOAVII KOTNTAO OULUT WV OTOV IK@ON KA T
emMi Avon ToOULU TWMpPpOPBARPMATOC.

Me Paocn Ta amoteAldéopdoata mapatnpeitTar GNNonuav T
Kal TMOoc0 OonpaviIlKOg €ivol o0 avlBpwmnmivog Tmapayo
EMOAVI ON TNC OCNPAOCI OAD YA IKK|EGYV K@.TATPNONGE TN¢g KA



Abstract

Machine learning is one of the most important areas of computational systems of the recent years,
because of its fast evolution. This happened because many scientific areas, like photogrammetry,
are based on machine learning hoets, and especially on the use of Convolutional Neural
Networks (CNN), for the development of models that can reduce the amount of time and optimize
surveys. Specifically, as in this study, these networks are used primarily for solving problems of
patternrecognition in Computer Vision (CV). CNNs are categorized as algorithmic architectures

of learning patterns, so they do not have the need of a human aspect for learning, but they extract
automatically the characteristics based on the data that they mene g

The current diploma thesis examinegich of the CNN architectusahat is used gives the best
output for the problem of semantic segmentation of RGB and-RGBhoimages of monument

sites. Orthoimages arenages of specific scale, which can berseas maps and accurate
measurements can be made on them. The architetitatavere usetbr this researchre SegNet,

U-Net and ResNet50 and 101 with FCN and DeeplLabV3 backbone. For each one of these
architectures statistical measurements on imagge made on which were alreadylrawn the
chromatic categories that atsed on this research. Based on those measurements the best
architectursfor solving the problem of automating the categorization of the cultural orthoimages
used, and many other in tfeaturewere selected

Also the best settings used are presented that were used for the final architecture selection and the
importance of those for the optimization of solving the problem with the use of a certain algorithm.

Based on the resultme can omprehendhe importance adelectinghe architecture, of the human
choices and the selection of settings used for the semantic segmentation of every image



1.5 0Uosvoe

H Texvntn (Nrofigig tntelligengg e i v a1 HDoodBPpOWEYVN TAEOV
avweyliew al avo@opa OUVINOwICa OK Guuoayol K@@ olv TXXayna@ |
¢fuvunmva ocvotTnuata (ouvvnBwWg VLMTOAOYI OT I KAG)

H peAétn yra tnv dngdloupyia TETOI WV OCLOTNHMAT W
(MachineLearning. H avagopd auvtn €ylLveE ylLaoa TOV TIpoacodl
mTouvu odnynoav o0& aUTAE@ TOo €umva OCLOTNUMOATO OT OV
ITNGE Mnxavi Kkng Mabnoncg ¥YOwoenmMKAVLOM NOL VOYTOW T M
195 2to vArtlour Samuelov a @€ pO nkKe atp wawnt apyd]pdait a&@p @ d 0 Vv aTC
oL avonoOei Kaveig¢ Tnv O povtonpuy NI@@V NE Sanio&E A 1 EEKITT OTI IE C
HaBnonc.

Ol MTAPATMAV W TEXVOAOKXKULOPEC W PN OO OAMVOA Aovdovit a D € d 0
OVOYyVWPl on eTM@EREIPpY,aci a PLUOEREEPYADIOOACOTTI KO

| OTPOQPOAPHUHAKEUTI KEC EQAPUOYECT P OVIOKWTVIOKAKINE, @A (X0
ML O CNUWAVTII KO Yyl O TNV CGUOYNKPI 0HY TTOI NEWEWET €K

1.1 EUheced Udd ws aveUUsoed

STOX0C OUTNC TNCOOEPAWMMNAUNKMN Q@VEDBVO®KTQRPTNANT WV TN
COYXPOVWYV TEXVI KOVINPT MW NY JOMNUTE P (WKW EKROME K | DLE WKIENK
EVOC OULOTAUMOTOC ETONVOPITEPYueaT ryutowa@ A 0 veop navev v
oTO0l Xeia €vOg Pdvnupeiouv mMowoeepomov adNmMAEEOOPOOG
OTTOIl OULONTOT E AVIMPAE (WY ETTNYV XPHON HPNXOAVI KNG HAaCE
APXI TEKTOVI KWV Ba 61 acDeepiegroing IAkchjtectureB ¢ 6 nooin ¢ o o i €
MPpOOCMPWOL AL OUVYV TNV Agl TOoOLPYIi O TWV VEULPWYVWYV TOU I
OTa TMPOTULUMO T WV @En&®IOWawo ITuplue i€, x owwl XotT o OeEdO0OME
OAYOpPlLOBPO. To TeEAL KO 6Boovw THOTT CEPKETI O | VOOE UTMEE QYO QOTOTPTI Ayl T
(semanticsegmentationt N ¢ opOBoOQPWTOYypPO@Pi 0C GEOMOADNPU KPUO €
mTouv Oa xépeahgdodwmomy.



2.dbobaseoy Ulisse UsUlGafh dud

H onpaoci oAoyl KN KOTAT PUNON MOTT OOPOEl iK O O 00 X A MG B DI
KoatTnyopiog @a@¢cKEOKOVE@GU@E TTap OTPoo 1 TOO IXTOEPOEKET nypa o
el val OKOGIIOK KVIA O TEOVMIOX € | 0C NE IEW@MV OKCO UTHAIUX L aTtp T i C ¢
E1 KOV OREoIZysevin®Bi Cetal BEPRBalI a xpenoa Podiwea gOGrReyg
CUYKEKPIL HMEVN €PEULVAAVEOKIXTINYMD P8 ORIOV OOV T BOO KOG
OLVTAWYYV pPTMTOEPE OAVIIKEIi pamd ®AATMEPVYIPHAWPEOAOCT O X E
El KDVl FEOO0O TEANOC TNC KaUud oy nkoont¢n y@mo &i. 6 eMooN A o
KATATHPUNONg €XOULV X PnNoyllpoo TIooM TNIOLEE T WoOTTl 00 NTT ArpagPAOBUOoVI
OMw¢ Texvnta vArtifigatoNeural Betwdrksk ANNY sugfportvector machine

(SVM), 0¢€VTpPwyv deciman@redomal ([B]A No o mTPOOC AT € G EPEULV
avayvwpiocetnagnBafp@donuabnong ylrLa onupaocl oAoyl K
TPOTO Yyl O KoTtnyoplam@li non Twv €1 KOVOOTOLI XE€

H Babi & pynxaviKn pdabnon cei nalo m®LU @l 0XGPINIOK G4 O [ITIo A
VEULP WVI KENNPyitkot otonv( e kKTai devon POVITIEAWYV KOOI TNV
cel pad TOULUG €xouvv ONMiGop oTPrEEW REPHKTN ITEKATOWIl TIKEE T WV
O0CO0OV @O EMATOT €AE€OCMUOAX OTTEK@MA T GICONVE XTPOOWGC , X PNOIL MOTC
omuwxt 6pBwong ypoapRetk Map@poyuPduakng 3t 6pbBwong yp
(Parametric rectified linear Unit — PreLUJ[5], dropouf6] k a1 AQRAEC CLUVAPTNROE
Be ATtaTtooi non¢ dstochasticgradienttlgsceq{SGD)[7], k aAdam Optimizef8].

EvaOo v nNAgmoT e X advemmmi TEel S0 DIOD®QPDUYPWIE A € KIT TR IGDOEQ 0 p A

€ Ti ™Meed oy HaT ®§AMAN] paQy O € SeeTi ETWE@A VTUE A € & TTd iTEGRE 0Oy WY N ¢

Mg 1o v A pIofinmar

ToaCNN mapoéAn 1Tnv OMOTEAECUUAT KRIUNT € TTWTVICL O®W N VK
mpoBARuUaoaT &.i Rwww TMEOPBANPUAEAT WYV auvTwv dnuliouvpyneo
oLV EAL KT IFyllg Codvolutionaldetwprk— FCN)[9]. AuvTtd TtTa Oi KTua ama
00 pMEéEpNn ToOoUuLCcen®wddK kIO TDO YT € Q T odecodersK @ T QUIEPTOEC T (N ¢

Kwdl KOTOIi nong € X €I TOV poAoO TNnC emeepyaoci a
X 0paKkTtTnp feauremapd vk a ( T0O MdEPOC TNg¢ OTMOK WOl KOTIO i
METOMOPPWY EL AULTWWICO TOILE XOPUEC WET PY O Pl WV HE

€1 KOMIeag .aTTO TI1 ¢ OULUVNO EPOXTIETPEEKCT OTVEI TKOEI CO LTR GEUI  OYDAITG W | O
OCUYKEKPI MEVN ReNlD]torg editvdopiopg ¢ PHOPQPEC TNC KOl
apx!l 1e Keephab\B{1d]g

Meépa omMOFCNm @RAFKN yia TaAapoamMAvVwW TANPOQOPIi o K

Ol KTOUWV aUTWV €£€0wo€e TNV 10€a yla dnuiouvpyia o
TO YEITOVI KA AVTIIKEIi MEVA YI MEKANOTEPROPUAY VWP
SuvaTh KOTATPMNON TWV €1 KOV WV . Aut o6 €@epe OTN\

cuvdéEoe wv niskip Gofnkctiapl) ¢ T oTmoi a €xouvuv TNV duva
XOUNAOTEPOUL KAl uLvWNAOGTeEpOUL YemICTE AT Ny INA OK K APInP

~0~



TNV yvyévvnon T rJeNetfllp]xolttnevk toomvolikar) ck a e e mmi me do dn
MTPpOBAEYPEL ¢ KOl HPHE XpHnon 01 a@OpPWV TEXVI KOV BeAT
MOVTEéEAO MdOTI Ba. H apX!l TEKTOVI KN AaUTHR XPpnot o
COPWOEWYV KOl @& YPOPKKIQTWHXNEL € MK advorvkopmgggAam@yl!l T
MTouv PaciotnkKke oOoTtTnNnVvV AavVvATTULEN TWV OCOUPHUETPIlI KWV C
eivar n opegNefld,k TnovoiTkolji o BeEATI woe TNV TeEplLypaon
MTOPOMPETPOULE ETMAOVEXYNHN@TWAMAUTOKDODOE O€i KT € (.

~10~



3.0Ux1 dUsah 3 hHbUd) e

Tnv ocl0yxXxpovn €moXxnN O KAAJdOC TNC TeEXVvVNnNTNANg vor
KAAdQCemnaoTNRNUNC ITNg MAnNPoO@OPlLKANC HE TepdAdoT! a
Katnyopieg avtng €ival :

T H cukkploXiexXvntnNn vomauiow YyMN ol yomol §EVpRopapl 6

KOl AOYyl KU @ ROwWDeEa@ APt v T ENXQY NKA)IC VONMUO«
T H vmoouvpPBOoOAIL KR TEXVNTHN VOOQUOOYRPMWE @MV BptwT 1av
AOYIl Kl HME XpPpNnon apl OBPYNITI KWV POVTEAWVY TOUL O
avOpwmi vou €yKeE@AaAouL.

H rkavotTnta €vog¢ VvVoUWEVOMO KTAd yu 0@ P @ Glw@ T OQU
MpoOTUTO N/ KAl X ap atkat nopel dooT Il EKvAD (ag ne VERI o v oyTeOqp 0 M@ O |
(Machine Learning ML).

STOX0C TOUL Kege@oaAaiouv autolL ecgivaoalMnmMosmMKE Ty N
MaBnonc K ol KLUpi w¢ T wv (BeeNeusalNetwoeke—MDOIN).I K wv A
Ta otol Xeia Twv 01 KTUOUWV OAOUTWV OAaTMOTEAOULV B dc
cLV EAGNE)K@I( TNV XpPRon autwv oTnv €TiAvon TOUL
y ITon vV K a T€a Ko Pemgntichegmentationf Images.

rr

31 Ao UUox¥yoe GUd zdeUssse zYddid

Xadpn otnv €&€A1&n TnNnNg¢ MPnNnxXavi kKnR¢ pabnong kKol 1
ETMI OTAPMEC YVWOWPI O&KWT O AyASEWI Tao i oav adfETkeoEeqraiyowy 1 €1 O I
TNV TANPO@OPL KN €dWCEeEANAWIVK (BVL VIO@ O NIT 0A TEWVI Aaweo
cuvoTnNMOTA XwWpi ¢ tTNnv avbOpwml v gee mviop Boaroong o oki alBoww
ylra Tnv mopeia e€mi Avong.

SUVETMWC OlIMLENY GdEIEBMOWIV 0 oaULUTAE@ TOa “€&umva’' ouUc
voa HdoBaiqowwpaywpkn avOpowmivn emnéppaon, VEEC
K6opo. NFNfa mapdadel yWieapgdgqovaxywowpi pogxamopoypa
HTTOpeEil €mMionNng VA €KKAOI XTI EOY VRPNV YW ol £ &l &
av 6 p wma wénu[R3.on

~11~



Communication @

KooBrU dbUllisayd AGUyecoyd?Udd ¢UcsdqUed ?edesliadgd

H Mnxavikn pabnon xwpiletal o0€ TEOGCOEPIC KATNY

91 SupervisedLearning algorithms — ETTBA € TO U E V O I ANy 0 pAOL®Il aviié
OAYOpl BpxiOVvOi volo ctBxeppol quwed ndn oe VvEaQ
BonbBera kKatnyopl omo A £V @Vvo d o @updosyl LyHITAOT TLoVL . € i
MEAAOVTI KEC TPOPRBAEWYE!L ¢.T NTVE TOM CON L CONA YTOWPMU O 1 @ N
0¢dopuEwmwi Jteamioggatasetsk o | VDOTEPROMAPUREPULUT I KA
MpAayPdATOTOl NOoOUV TpoPBAEYPYel ¢ yrLa T1Ta dedopce
HMTTOpoOUOV vaoa Tapéxouvv oT1o0OXoucg VYI deviegelk apoway
TEANOC o011 OAYyOplL Bpol auvToOi HmopoLV VO OUYK
EMIL BUPNTA amoTeAéopatTa, €T01 WOTE va PBpouv
MOVTEéEANO HPHE Paon auTa.

1 Unsupervised_earning algorithms— Mn e M1 BAAXNYQ@ & wol Mdubtnoa n ¢ :

XPNnotLgomotrovvtal OotTav 1Ta decedopéva eKmai de v
pMadOnon xwpicg¢ emi BAeyn €ival Baol copévmnoe
KatTnyopltomol nuéeéva d&ed0MPdEVA. Ta ocvocaqpuomtT o a
mTouv €ival AdBog¢ N owotod, AaAANG €epeuvvolLV T

Ta dedopyéva TOULU TOUC doOBNnKaAav.
1 Semisupervised earningAlgorithms—AAy 6 pt B-gou B He WMd H §) whHicV o |
OAYOplL Bpol 01 OTtOoi Ol OKONOOOWD®i k@1 padic. oX

1M n y hitps://electricalfundablog.com/artificiahtelligenceai-introductiontypesapplicationareas/

~12~



https://electricalfundablog.com/artificial-intelligence-ai-introduction-types-application-areas/

ML KpPO Oy KO KOTnyopl OTTOLl NUEV WV 0edOMPEV WY |

voTnhpUOTAa OOV KOl aouTd@ PmMopoULY va auV&Rnoouv\
MEPL OOCOT EPEC @opEC yivetmnyopprmpam! quwea we , o
cvvduvdalovTtol HPdE TNYyEC ylLa va .pondBRocouvv 1NV
1 Reinforced Learning Algorithms — EviI o XU M€V Ol AANyoplL Bpol M a

OVTIOoOMdOAPBT@Y) : TOU TOMTOULU Ol OAYyOplL Bpuol OAANA

Mpa&el ¢ MOU APy OTePUAAN oK TABymP oY okwaplILAGIT € p N
aovioapgol B N n Odokalanderrad@i voo o@dakXkpail d1 a Yy C

aovtn. H pébBodog auvtn emiTpeEmMel o€ " €fumva’

MopeEia o€ €va oLy KaKAoweOLOWO TMNVa icdudod oywina TWW G
KaAl0tepa duvvatd amoteAéopata. TFTra tnv &1 ad
cApatTo¢ @mowoyxmn¢mpa&el ¢ ToLvg €ival o1 o0pBOT

Mépa amo TI ¢ ToPOTTa@WNNMPAOMPOPITEXLIGA XOTNnyopi €¢
Baon TNV Al TOULPIWI@ AUIPWIOEKITEADPAOWAT MY OPI €C

Regression

Apopdad @u@wl 0TIl KN HMEBODO HMOVTEeEAOTOi nongc TNnC¢

OVEEAPTITNTWY HPETAPRBANTWY HPHE YL A N TEPI PEWVTAE P € C
BonbBdelr TnVv KOoTavonaon TOULU TwWXL U e G0 TOQWES TP T
METOAPBANTNA O0TOV OA€EC Ol LMODPOIPDSI@OEVWELCAPTNT € G

Linear Regression
Polynomial Regression
Logistic Regression
Lasso Regression
Ridge Rgression

E R

Instance-based

Avtoi O1I QOQAYyOpPlLOBPOL Xpnot pgomol oWPBANVTAVY € T OO @A
XPNOl Joymoa €M IKaTnyopl omoi non autwv. Yotepa X
K al TO MEYEDBOC OMOlL OTNTAOQ Ol QAg@PUOMOC Ep O

XO0pOKTITNPI OTI K& va Kparr']oe[16].Kal molL a e€ival TAE

k-Nearest Neighbor (kNN)

Learning Vector Quantization (LVQ)
SeltOrganizing Map (SOM)

Locally Weighted Learning (LWL)

= =4 -4 =4
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DecisionTrees

Al aypduypgyaoata pong Ta omoia xpnotrgomolroovLvVvTAl VYl O
KAGodo TOUC vo oavaTmapl otd €va TPpORBANnUOa  Xpnol
XOPOKTITNPI OTI KOV TwV O0EOO0OMUEV WV.

9 Conditional Decision Trees
1T M5

Bayesian
AAyoOopl Byuappaddgoue @1 0Bayesywapon ytan vt oeuti Avaon TPORBANUOA
K Ol CLVEXEL Ocg.

1 Naive Bayes

1 Gaussian Naive Bayes

Clustering
Apopd OTI ¢ OUTOMOTOTOIl NUEVEC O1L OdlI Kaoieg ¢€U0p
O0EJOOMPMEV WV .

1 k-Means
1 k-Medians
1 Hierarchical Qlistering

Artificial Neural Networks (ANN)
MOVTEAO QaQVvamMapaAOoCTAaONC K ol aVITILYypPpOQEANg TNGg A€l
VEUPWVI KOV O1 KTUL WV .

1 Perceptron
1 BackPropagation

Deep Learning(DL)
Ol oAy ODpm@quyypatomnol RO6NnKav HANN@meEno rpw yd&d Xl &ary AT
TWV UTMOAOYI OTI KWV OULUOTNMAT WV KAl TNn¢g emnmeepya
1 Autoencoder
1 Multilayer Perceptron (MLP)
1 Convolutional Neural Networks (CNN)
1 Recurrent Neural Network (RNN)

Ol oAy ®pbg Bwou Kol ooroorcoxi 0 ATrioowo LBNIOK T O THWP ICAW V € X €
MEAETNC HME KULUPILOULC AAYyOPi BUGNDY. vVveELPWVI KWV 81 K

~14~
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32 2Ug}1 ¥395aY¥Y @aalUgU

Ta Nevpwvi Kad AiKtTuva €ivaoal TPOYPOMPMHUOTI OTI KA [HO\N
CUOTNMOATOC TOUL OV O P WVOILT.G DO FOWENBOED VEETEXIEKPOY O O i
OV O PO Voow .e YEVENPIO ATVEOTLOTO 0 ¢ A L H 0 p W

T AevdpDentrde§:Zfpei o MOAAATAWY €1 c06dWV TIPOC €TE

T Kvttapi Keellbadgp)kad pt o cwpa OmoUL Vyi veltaomdkdomy € 1e &
aomo@oaci (etoabanmpaepywfgTroaaool nOei

T Ne v p 1 AEOOQV (@pn): Ekei METOQEPET AL n MTANPO@ODP
mMpoaypdatToTmOYMBebmaEe €1 EvVveEpPpyomoinon TOULU VEU
Bonbegra tng puveAivng Ba yivelr n pdeTa@opa a

T Nevpoalowneg&yngpeeGAmo T1 ¢ OTOi e€¢ n TMAnpo@op
EMOPYEVO VEULPLKA KOTTOApPpAOA MEOCW TWV VEULPOMUET

Soma (cell body)

Dendrite

; \\\i\ | ~ (M i
Axon hillock XD
\ /4 \
1 BN \
\ \
/

p

Synapse

Neuro-
transmitter

Axon terminal

Postsynaptic cell

AKosoaB2aU peee ?2Ugy®woaci FTgUUY,aeg

MnynRQ: htps://www.khanacademy.org/science/biology/hushaiogy/neuronnervoussystem/a/overvievof-
neuronstructureandfunction
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https://www.khanacademy.org/science/biology/human-biology/neuron-nervous-system/a/overview-of-neuron-structure-and-function
https://www.khanacademy.org/science/biology/human-biology/neuron-nervous-system/a/overview-of-neuron-structure-and-function

H BroAoyl kil auvtn o1 adl Kaoi o oo &Iyorj e X GEMN QDY 11|40 BTrp
TNV €&E€AL &N TawWy ewEePw Vv &Yywn 61 KTOwWV. To HPOVTIEADO
TIC €1 0AYWYE€C OTOU &)TdoE VOOrpoii Tae ¢t 06ACA adreAdoaop €av(oo V(T a |
i d1a dedopéva (HMeE KOAUIDII (OO TAMPIKOKVA | (0Q] EUAXNA VDY ETQ P
Ol aplt Bpoi auvtoi mapouvol dGlovTal w¢ PBdadpn KabBwg
VEULP WV QA H 11 pég auteg e€mi dpol0V TMOAAOTMAOGC!l O0CT

(Wi*x). Z&€ 00UV U O OUIOOT NUUED TK Khiag co@diawvieor a(t n € i ocwan
TIL U emMi dpaong PHeTAa&ED TWV Veuvupwvwv. TEANOC 0O&
. x. Ziypgoelr dn¢g), n omoia €eAEf€yxel TNV ponR T
i cowoQCogPERP Ul KEC OXEORIWEAOY I OYPFRE I TTWMOAOY I ¢
aOmmoe €VvO: VEUP WV A

O Q e o
Me TNV TMaAapATMAV®W AOYyl KR A€l TouvupyouLuV KAl T1Ta TEZYX
3213 <! ' ° Backpropagation
O onuavii KOTeEpPpODQV ORNpOPPAUPQTI CPO VeEULDak | KOV ¢

propagationlp wt oe p@eavi ctnke T1TO0o 1960 Kaper ©Rumehart d1 G o n
etal. (1989)u € o0 v d'learmongrepresentationse backpropagatingrrors[17].

O aAyoépr Bpog autodC¢ XpPpnolLuyomol €i Tal ylkwour nv ¢
Ol KTOOUL MPdEOCW TNC WeE OB O Odaainrule)oA T AVOOTUOOI LN PTENVGO , O AOU GO A
OLVTOC KOwEa Twévmaopa oamdé TO Oi KTuLuOoO, KOl UVLOoTEepa
Kal Tl ¢ AaTMOKAiocegel ¢ (mapapgetTpol) TOU HPHOVIEAOUL.

T0 0pBO mMeEpw@guapE MEAY V@l & 1t oAoynoet tnv €&o09d
Tnv mMpay daT!l KA €&o0do. H mpaypattl KR €&o0doc¢ B
OAyopi Bpouv. H ai oAoynon auvtn yivetamMSBie 1Tnv
crossentropy K . N Balocopyévog¢ otnv TI PR KOOCTOULUC O aAyodp

MPOCOPUOOCEL TIC TMOapapéTpoucg yliLa va €pbBer o600
To péyebBog OUTWV TWV TPOCOAPHOY WV T eogvadiemte p oy € T ¢
TN¢ OCULVAPAUENXGE KOYETonNn Pe TI1 ¢ mapapétpouveg. Tl a
TOU VOMOU TNCg OaAvoi dacg.

Qw Qo

Qw QAQw
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3.2.21‘/\h’ wr gt rlAK’J"—V=|\|

Ol cuvoapTtnoel ¢ e€vepyomoinong mpoaodl opi ouvv TO
dexXTeMeuvu@EmwI KA Oi KTudad TO ATMOTEAEOMUOTO OULUTA AV
ML O GCULUXVEC cuLvvapTNOoEl ¢ e€vepyomoinong €ival :

3221 wUdestyUe ESjepRupctibd)d q (

H Babpuyi dwtnn ocuvvapitnon Asgittoupyei pethreshold. Aoy 1 K
Av imun TmTouv €1 c€é€pBel o€ ooummd) OTUNTVO OTUOV OKPOTTNGDYNA 1€ [ TVO
Nttt punR 1 cwggéeédodaptnong, OAaAAlL W¢ n ovvdadptnon €&«

I.E rrrrTra LI IIIII IIIIIIIIIIII

L0 =

04 =

0z

0.0 —

] I
-2 -1 i ] 2
KooBa UG, Ulsee BU;YaUPWg tddgde stirUed FEgsY

BEBalrl a NNoovVAUPTHEEL T O GUCE IpEyWoETTOT MWE | O TIOVE ITEE V I
eEi®a ToOV OomEvVEPYOTOIl NOEI Xwpi ¢ va oivel TTE P I
MTPOBARUOAT A OC€&€ TMEPI MUNATEI T@W TI1I§ PETICTHDATIE AUy .~ K

3222 @iy Usgeooae Fyres Fudidy (

H ypapgpul KB ocuvuvaptnon €ival n mTL O OmMAR amo T G
HoOPEN @w To PEIOVEKTITNHUMA TNng €ival 0TI el var vy
MTOAAOI YPOUR! Kaili vadepwveEa aAAXAE el MOTE TO QT
mapoapPgei vouv ctabepa. AuvTto CLUMPBOai vel 01 0TI \
X P NOol Joatoa XV Ghaakfrgpagation o oTmoi 0¢ XpPnolL gomol €i T
(chain rule). SuveEfdogn TWAPAPEVOULY OoTOBEPA HPE OATOTEAE
ouvvoegdHPovw aUIDPIOPEVOULY YpPOAOPMHUIL KOI dev Ba dnul ov
gavV VvVa Xpnoirgomol eiTtTal POVO €vag VEULPWVOC.

~17~



3223 FKEooecagUsitued SHuadEyndionfi d (

H ot ypgoel dmMce iowwid prinoc P n Oyl KO PO1UKVAG pKTonio nu N Adtwa €
TNg | oeiovtoitowga PTmopeEl va €Xel TMaAapATMAVW OTO 2
Koatnyopieg €mi AOyng) Kal emiong va pgmopei va )
TETWITOTOO &Y 0a EXxel TOrLAQPHPRAPNKAIY®AC T nNC
Qw KOmapaTnpepwvitog TIMPAIPFOaPER Gl TQQYTI ANTTO O
OTMO TAa MAEOVEKTNANHUATA TnN¢g €ivarOd6éral o1l pme pydmgo €
va dnv uvmdadpxouvuv TtvaEaégneipaopowdv wamoDHEAQAOY!I OTC
MTPOPBANRYOTTOOL AOeyywe Bouv ¢ TOULC.

1-

)
o

l n I |
A"

-6 -4 -2 0 2 4 6

KooB4a Uiy UGssee “~UpvyaUUGd EosoegseUsiled Egsyy Udladd

To MYOWPAMEPO TTOUL TAPOTNPED EAdIVAME OOUT IPTTION VI KPUWY OO
Ba eival OVUOKOAO Vva €T AEE e Kamotrt o TI1L MR 1 6
emeepyaoctTt KR duvvatrtotTnita TOU OCLOTAMOAOTOC OTOV
emeepyaoctei. Tra 1T@ePodfPasenoa | U OAIoU EEKP YEWY 6 a
Houvvaptnon oauvtn ¢€ival ML O amo Tl ¢ mTIL o Ol G0
mTpoBARAUuOaTAa TAa&i vounoncg.

3224 HKEgs3YyUdad KiGU  Us ¢hypeddic tangdotfunatian)e d  (

AAAL w¢ oV o putanhfupciorayi wooit OoULV Ol 0CTI KA WLy UOCEAaTA[AaC
cuvvaptnon pde P d1a XapaKITNPIOTI KAG aAAG 1L o €¢&o|
Touvu mMPOPBARAUOTOC TNC OlLydoel do00C.
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3225 FKFg3yYyUdid oe) dreysdd Regtilkd dimeare Pnit 7 8 3 Y U |
Function)

FVvwoTn Relmg i W@t n ocuvAaApPQDM oG ®aimock a o pOEIVEE | X TNV T I
OV XE@MvV BeT1T1 KO aAAl wg 0.

10 |

6

rn

1 I i L " " 1 i A " " 1

-10 -5 5 10

KoaB&UIO), Ulsse ~UpvyaUUGd Egasyy UdGdd woeydyveyasdd zeavild
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Ei voa pn ypoappl KR W0pw apuE@@nl KM aprpdy gy g doT aon
TO TAEOWGE K& X|§II00 ULUTI OKAPOOYTIECPTNI KN aVv Ay Kn ¢aeh oXEpy® e
I O OTAVKOTPp Gey@igpnu) ¢ @0 ong¢ 1TnN¢ E€EVeEPYOTOIl €i ALy
opi Cewv aamoxnTmPTI O, 01 maipwel apyrgIok@ENNO0 Kot O
EVEPYOTOIienNBEIf@owl a aEuXTEN TKAOIME L OV EKMQ UO P BE X KL AC
[0, n ocuvvapTtnon PMmopeEi Vo CTOPMOTNAOEL VA AEL TO!

33 EgaUasoalUsayY 2Ug)¥3sa¥Y w@aalUgU

€ auvTtTnh TNV TWMoapaypa@o OBa yivel avaiAuvon T wv
CUYKEKpwEpERXN@TMAAYXOANOCOULY OTNV OGULVEXEL A TNG ME
XPNoltpgomolr o0vVTAl CAMEPUI K& IOY ETVNWNV  00VED Y&V IO A o ¢ |
OULUT WV .

Ta ZuveAl KTlL Ka BN pwmorgdodyKawoaamfo TOAANA € Ti
OO T € MNETIOT CEIVOAV Oapl BPuo vVeELPWVWY, Ol OTOiol O¢€XO0"
aouvtn TnVv €iocodo pe KAamolr a Pdapoc¢ Kal(ouwnh@moT €
MN ypag@wu &p)non evepyomoinong. AVAAoOoy xoWwe T G
ONulL dePpyrptTo TPWWTO IETMIIMEDIOKACOIPD XAMPA € TOHPUEVO €T
ef0do0ULUC TOU TpPpoOoNnyoUL@E®V OTLVE AegToITTod O veE. TTi TieeE DD T O
cuv de dFQLE Fully ConnectedLaye) Ta dedopdéva ULVMOKeEDNTO OEF
CQ@AaAApPaToOC.

Input Feature Maps  Feature Maps  Feature Maps Feature Maps
48x48 O@44x44 6@22x22 1260 18x18 12(@ 9x9

%}% L

Convolution Max-pooling Convolution Max-pooling

Outputs

Classafication

Features extraction
AooBBUFKEg3UasoalUsohI®RUgy vy3aosah waoalgs

Ta emimeda o€ KABe TETOL O PYOVITEAO €XOULV KATOI
TONQPVU®DI K@ENWBOPIi €¢ 01 OTMOi €¢ TMepPplypa@eovial OT
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331n" " T ¥4 7 Conwlytienaltaygr o6

Ei var ocuvvnibwg T1TO0 TNMPpOITOYyETI WM 00ePROYVE X 00PPHAOKLT ENTPOI

OO Tl CGEILELTKDOYLEC. € 0O0ULUTO TO e€mMmimedo TMPOYMPOTOT
CLUVEALENC avdadpyeoa o1TnNy ETEOQOAKOEO TWEPECOOI QO XD
ITNG¢ €1 KOVAOC K@ TipiovaOVAl TO TEAI

Filter

KoaB&U poUloaUfelU Egsyeszdd

H dr1adil Kkaoocia auvtnh OmMmwg¢ @aiveTal KOl OC6TO TapaT
yil a TI ¢ ywvieg, TIC OKMEC KAl OGAAAd xXoOopoaKTNnPEI
El oayeTol O0€ GAAa emimeda yrLa Tnv €&aywyn VeEw

To emimedo OcLVERTMENUAPREETPOOWOEPI C

T Tov apt Bpod Kt wv @i A1 pwv

T To péEFegiBoKpwy. KdadbBe QiMRTOOcE KOVOOITOOKAO OV
Deival 0 apl Bpgo¢ TWV KOVAAI WV TWV €1 cayoup
T TSeivalr 1o PBAPA TOWI VKA WEINVAIE ITTKO V@I AT po ¢
T Kat T€é€A0C TO YyEUIDPOUL PETTUEDEIVY Kol TO VY EU
ELKOVAC ME POAULPO €1 KOVOOTOI XEIi O yia va dT
CLUVEALENCE O0€ OAOKANPNn TNV €1 KOvVO.

e KAOBe €1 KOV O Ot qUiceWEDO oV VEAL Eneg eomIiTpé el
O,6mov:

‘ @ 'O ¢b
) ~ p
o O O ¢O )
~
O v



332n" " T s 4n "W >'h _ Poeolingdydy, o

STI C TEPLOOCOTEPEC TMEPIMIWOEILC €va emMmbmwddo 0ovL
el ypockdApWwdog okKomoO¢ auTtTol ToOUL €Ml MEGOKWOOT QI
AT O TIpOYy UOE OTIPU EM eTiawon OCULVOEOMPMWY HPHETAEUL €T TE
o KOBe xaptn frauwmmap. Any@IA®YIOK PVE (TNWVU SIBAdo, Tma
VTEde 1l yyatToAnuyi acg.

T Ymdel ypatoAnyMaxPddiing:1 ottoovp e(yaAOTEPO OTOL XEI O
XAPTN XOPAKTINPL OTI1 KWV
T Yrmdel ypatoAnAveragePhldingo vyl vetal o uvUmoAoyl opo(

EVa KOMUMATI T név & | |KEOWeoBoque oplLl OQ
Max Pooling Average Pooling
29 | 15 | 28 | 184 31 | 15 |EZBEEe
0 100 | 70 | 38 0 100 | 70 38
12 | 12 2 12 | 12 2
12 | 12 [ESaNEE 12 | 12 EanEG
4 %2 2Xx2
pool size pool size
Y Y
100 | 184 36 | 80
12 | 45 12 s

KooB2U zydeipdde o2 URRElady aUd

SuovnNoOwg ToO -Aemmiyrueadta@ DWTPE &K € va € CINEDOT OUTMERP
cuvvdoe JECU € v o

To emi MADIOYy YamwoAnyYi a¢g €Xel OUVO ULVLMEPMAPAPUET POU

T To pEFTBOOC KEAL WV, n €1 KOvVO €ival O(®p1 ocpgeEvV
EILKOVOOTOIl XEi w
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T To BRpa o ka8 NVl X WPl OPEV ASETIOK 0EVWOOO TAOTI O €Tioa . & A A

e KAObe €1 KOV [P péoOyeogedo OCULUVEAIWEN® eTI o1 p
O, omov:

) w O
w Y P
. 0 o
eV P
O ©O

333[ <" 1.4/ 1 8 W A~ (Fully’Connected Layer)

To mnAgewge depeP@eidvaxmvovfnobwg TOo TeAevTtaio €1
VEULPWVI KOU MENMKT @M.l a A ypaupul Kn cuvaptnaon K Ol

Evepyomoi noncg. Me aRCK & orpy 10CTT 0 LEM O PTTI NGO €EIICK OTVOE G |
0l davuvopya peyeEBouvg N, omouv N e€ival O aplL OBpoCg K
Tou €X€l KAnOBei o0 aAyopi OBpyog VvV aVTITI PETWTI o€ .

Flattening X2 Qutput value

Xm

Input Layer Fully Connected Layer Output Layer

Koo B3U Yav) vdakgAuau Oaip

V4

34 | 1 6o UUsUs3s0yd bUds¥Yd odddcUsgooe
A  s0dUeed Udd zdeUsssed yj UGdd

SApepa n Babi a Meepleamning, ik a Md & p @hHNsEx ptnoct pomol €i T
EKTEVWC OCG€&€ UVUMOAOY!I OTI KA OCULUOCTHMUOT A TTOKUT OEVXI OKUEVC €

3N n vy hitps://www.superdatascience.com/blogs/convolutimmairatnetworkscnn-step4-full -connection
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https://www.superdatascience.com/blogs/convolutional-neural-networks-cnn-step-4-full-connection

ITN¢g BabBir d¢ Mnxavi kn¢g Mabnong aeopolV oTO €TIi T«
EKTEAOUVTOAIl Yyl O TNV ATMOTEAEOCMPMATI KOTEPN AV TI PHE

H emiotAaun 1tTn¢ KompaterVisko@TOrReadg oct1nv dg mvAuvaon
OMWE N OoOvVoyvwplong TPpOTUMWV,N NKAaWVaya@pwen oea v
EMI MEPOULGE OTOl Xeia. Avtd mpoomabei va meTULYXE!I
MOVTEéEAQ TIL OBAVOTNANT WV, OAANG POoOOCI KOTEPOAEUTNAiTONV
Xpovia €ivar n €é€vitaé&n tn¢g BabBi a¢ Mnxavi kng Ma

Ol MPWTEC OAPXITEKTOVIKEC OUVEAIKTI K®OV VEULPWV
mepi odo 198MWTWeE PboYITZE.A oMa pryConvdNet T oKvol TKOIPOIKEEKVE T O
1989 oamMmeGuNrkavdel1 &€ peyadaAn e€mITUXiOo oTnvVvV aAvoyva
TOXLVLOPOUI KHMPAKTND I K O@P X! TEKTOVI KN ¢0eodl Dot @
aOpX1l TeKTOVANNGYopgeyyeGuMamToedol g va e€&eAi el 1TnvVv
ONUIOLPYWVTOC HMi o TavaipoXXIUTPEENK TYOWIVA KHNVUIOB MEYXII AU E
OpOOCNg UTMOAOY!I OCT WV KOl avaoayvwp!l belNeb [22ftioaiv Twu &
MTapeég TIC €TMITUXIiEC O0TNV AVAYV®@PIL ON OTMTI KWV X
o GAANO TPOPRBAAPMATO AVAYVOPLONE €1 KOV WV .

Ta 1T€An 1n¢g dekKkaetiag Touvu 90 KOl Ol OApPX€EC TOUL
MnxXavi KA¢ Mabnonog¢ ATmfnexawvy apPppruokabya otol xei a
T WENNK a1 N UTMTOAOY!lI OTI KEC MPdoOVAdEC TNE e€moXN¢ N1
eEKMToai devon Ppe TOOO XpovoPopeg KAl ocuLvvBetTteg ap
NTav Aiya Kol ydeow TOVK O®O®MT N EKTAi devaon €VOg(

OTMOTEAECHPUOA TNV XPNon T 0 oTA wBuppokeaop Maéhineov 0 TTw
(SVM) Kabwg nNtav Pdioom@AGT oPindmICK No weddr & pq A G

VTTOAOYI1 0T[23Kk 6 KOOTOC

A Ta TEAN 2006 «Kale TEMVED grqug Bropboiyquco TMrpoa Veli KTIEC M
véa TL O oO0yxpovn pdopoen 1Tn¢GRUEY 1TON VT Nxvp AECT) TKAOXPUTV
eKTMOoi devong TWWCNNapPx! RORVIDIANE B®wWAE ylIL o TPpWTN
TTATOQ O CYUDA. AuvTn €METPETE TNV TMAPAAANAN Xpnon T
KapTtT wv Y2dloa@l KWV

To 20&)5p1 K armp ag/ruoec@artol o0V T Ol ol HEYOAULT EPEC K
CNNKal Kupiwg n dnuirouvpyi o apXIGT ETKOTPOOVHU EKTGPVO LOCI YO
EMI AVOTUEWPNIOVO LV OB ET WY TIEADPARIKATUEWQ A EICVGEBIp X0 IT € K
ResNetSegNetU-Netk . a. & HPHeEPI KEC OaTmMO OULTEC TIC OPXI T:¢
TNV MeEAETN, yiveTal €eKTevEOTTEPN avVva@opa oT O €
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4.3 26 sadud

H cuyvKIEKwmM HEAETN AQEEMAECTIQNOOGUOV OPOAT HNO@MOVWE TTI
MEBODdWYV PabBl ag¢ pnxavi KNg paOBNnong Kol OoT10XeLe
cpaApaTa o€ 0 RBBK@RAGBDYIppodpA mua Mnxavi kKRg Opaaonc

>¢€ QOLUTO TO KEQ@AaAmWwy Yiewddamsey omlv d X w@n Aoyl OPI K
XPNolL goTmol ROnKaAv yl a TArpPVE oT@wE X | K@ X | & ERNT Dy &K @iv o
XPNOIL HOTIOIl RO NKIOKYA AYITCE PENTEL AECEY NMMU T WV Y1 KA @YV OU Y K €
OAYOpPl BYywy TOU XPNOI HOTOI NAVKONR UG OODO X OTYWWK B A K @ 1
EL KOV WV .

~

41 pUleey3U oaUs a@8oBRWpa»FialUd

Ol ELKOVEC TOUL XpPpnotyomolNOBNKAO Yyl o TNV EKTOI
opoBlpwToypa@i e¢ amod tTawni@ApPpxaxwRnoy! KA Ewpral €1
CUYKEKPIl UEVINOG AToEypTT@OXEHCY. a © i o ¢ labelme WO E Kk Q1L av ol X
AOYIL OML KOO yla tTnv Odnuploupyiaoa KOAaTnyoplomol né:
BaBou¢ o Adding DepthwoRGB, 0O omoio¢ avamtuLuxOnke yic
Ol TAWPHOTI KAC €pyaci ag.

4118 B' "> T <" L0

H MoAir oxvn €ival Evag apXalrloAoyl kKO6¢ TOTOC OTn
0Tl Xtiotnke o011 ¢ apXYdlxirAnetvaoXxtu. XL RR¢g Tmeplt 60

O OIlKILOPMOCE OaLUTOC OVAKAOALEONKE amMd OVAORO@EEC T
1930 pe emMIL KEQPAANE TOV TOTE OlLegvbBuvin AAleocodvrt

M p [R5

Mept BAAAET Ol aTmoe M1 PAYYT I KHowopwyauLWTO TNV dULTI
HMEYOALTEPN N AaVAYKN TpPpoOocCcTOCi a¢ Twv BepeAdi wv a
MTOAN avBovLoe €vag €1 PpNVIKOC TMAnBuvopgocCcAxXONi wv
KOTOOKEULOIOQ Evloo K@Bagdpgdvg@mowu PpmopovoaAv va Tad
YyIiO OKAYlI yo TwWwvVv @epeadTi wv, HPdE KTl otn emévduvaon,
KOTOOKEULUN KOI N ocuvinpnon 1Twv ToLRAoynNt ®wvopaeé
ITNg PpoxNnNeg, n dameédwon TAATEI WV OTOUL OCULUVAVTIL O
XPOVO TOULUC N HME. TNV E€ULKALl pi a €0pT WV

Enmi ong pe TNV KAaTepyooia Kol O1 aKivnon HeETAANA
Kal ¢ TopImwat»Ol gvio tng Evpwnng. Ta eguvpipuoata
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vnolr a TtTou B.A. Al yaiouv amoteAoloav €vav Tpoil
yvwotol¢ (KukAadi ko4 Mivwl K6, Muknvaiko).

4128 ° .. _ 1 "h, s
Ol ELKOVEC TOUL YXpnaenhpgamnoled MK avo pYIOW WTPY PR OIi €
OTOIi € caveaxxobuevi d1 a@opl KA ylL o Tnv €&aAlelr yn Tmapa
opei Aoviov OTWHRVKATMDODdmuEgnoavw @y EK@@EW K .CAa A O0a TIA
OULVT WV €ivaol n civa ik KAN ryEoE@qg p ino Mmouv TeEPL € XEL
aomTeAei EVEALKTO UYUnoeirakodé T1poiov. H mTapaywyn
gvTopMaATOTOIl NUEVN YNl aK HPOVOEIKOVI KR QWITOYP:!
amel KOvIon ToumpyP@PbHPocoygkOPPNUEVEG OpBOQPwWTOYyPpPaOA
To Epyaoctnplto dwitoypappuetTpioag¢g o1to TAAi ol o ox
Epopeia Apxai[@getntwv A€ocBovu.

%

KooBiURBelrvrUsoy UlGaU oDEM) clrgyUddrdéaga () cUseaco908i L) ag

413 1 " SHUCHK LI EBE vE "1 h

Ta AOY K@Ul KAl TKAQuW | KEPQI ol JoTol OnkKav yl a Tnv
OPOPWTOYPOA@PITOWNI KAl eUPVVI 0N Twv O0edoOPEVWY €iva

LabelMe

To labelmee i v a1 AOYIWPK ®®I KW OT X T O TT OKi LOP i Xupcn Oyl 1JoD T A € d
0 ¢ ¥wudatasétt o omoi a XpnrR{ouvv 0N POUoV EOTAWCG,I KA)TCW CK O EdeT

AMAnpog@ophitetgpsand el . wi ki pedia.org/ wiki/HDoAht 6xvn
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https://el.wikipedia.org/wiki/Πολιόχνη

Ovopd TOUL,
KOoTaAatpunong

€ X €I
TTO L

dUVOTOT
KAav el 0

L RY

§2X]€ 1

nta va
XPNotng

QT ANYOYEICO T

TNV TPOKEI WAV K ammenpyiompt eaxn mouv el A€ XOnN&ovory! a
Kowdwiwaepa armo d1 € pe UV NIONU TKOWS I TKPoD PBoAvioladammpcd KAaa vy |
ei val ol €&N¢:
Tipyn Xpowp
AKooahsU aUU|l BaegeUGaU TUamod Kangaqy
(R,G,B)

Label: GCP
npeia yvwot w
CUVTETOAYMPMEV W

Label: Ground
KaBapo €da@oc
OMWC TETPEC

Label: Ruin

Epei mi o
I BaVv wg

TO0

TOUV

Bpt ok
CmpEE MO KpnN

Label: Wall
Epgeavng A1 6009
CTEPEN WOTE

doun 1Ng

ué

Label: Shadow
SKI G n omoi
ao@al peBei pe
emeepyacoci a
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Label: Dock
EEEOpal/ Pa XD pT
TTOU UTApPYXEI

HMEAETNC

(128,0,0)

Label: Rocks
Meétpeg d1L aoma (63,0,128)
ocnpeia tng Tme

Label: Weeds
Zepoxopta di
Tuxai a aon i

HMEAET

(0,192,128)

GU0eosclUars aUUYUedidd Uxs Usafhars

IrfanView

To AOYlL OMI KO QAQUTO XPnot PdoTioOl NONVKEOWYIAA TTON K PP
T WV € 10KRGW®eV o@roundirdth),o Lk a B wW¢ KOl Yyl o TNV AaTOKOTN
TNV dnul owégpwdhw ek Mainidgedatasgtqu 1 K poTeEpPpOUVL OYKOU Yyl
puvBpuyi cewv otTov KULPI O KWOI Ka.

KooHBaUTeeeYUs tUUGe yGauadTritle diWdIU gl s@ilddggr @Us ~jJ UoegUUsored Usatf
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Adding_Depth to RGB

OaAyopl BuoC aLTOC OUOCT LAY BIMAKKEY A T &K AT@A CWivaineg Yy I
€1 KOVE CT &ETVAOOP T OUL K adviavie 1o UT, 0 TG Bati omuv 1T WV . ALVTO K
amoe emeepyaocia ToL Ynol ak@bBM)uy xwt € X Lo PEA @A P @
oeg €Vva KoavaAl T ograyspaethannet M awwow Kpav (T pPOTO dnN|
OoRGBDe1 kb6veg ToOUL XpnolrLppgomol OnKaAav ylr o TNV €KTOA

g, N
o ST

w5 Ny

S Z P
4 0 RS
5
e
i

KooHB3d cslidead RCBAsglys U Us URGEDImad @ Uda U

4

42 116900 0NN3 sayd

H Baol KA Bt BALOBAKN avol XToUL AOYyl OMdI KOUL TOU
apX! TekKGNNRKIOR@YV TNV O1 ApkEV ytorcmd EFipoivagikn avrt
VYVAWOQE@ TpoypoapPyhor mo@ppPatoTol €i aQpeaon EKTEANEON
(tensojy teamt Ttaxuvvon tTnNg povadGRU,x@mplecpymol @aLe ypio oo
o OX€Oon HPME TILC TMILoOo ypnyoRel.ec Br BArobBARKeEC HPNnxa

H Bir BRI oaBnK nmpdoeoaggxgpnomyg KATMTol wv €1 ENNIwv ap .

mpo¢C¢ Xpnon yiIxadkwgoikda v amlayerfpgoling cpnvdutianapd .p a.v)
TOoa omoi o i walxp@mi € Toa Ppp iy d oppuw EKTETEDEDPQY. TTE PO T

Onmwc € X €I non aovageepObei, CNINadop g A eTiova 1l o pma €
cuvvdedepyéva emimeda Ta omoia emeepydlovtal T
OmMOoOTEAEOCPNOATO Yyl O Tnv opbotepn KatTdatuno®n, ot n

OPXI TEKTOVI KEC TOUL X pnoit uo nSegNatb-Net, ResNebOtfapy pe A €
ResNeb0_dlv3 ResNel01 fcn,, ResNetl01 div3.

4.2.1 SegNet

AT n OPXITEKTOVI KA dnprouvpynodnke yra TNV KOT
TN¢ ei vawo ¢ wawd 10K gemaden metwor) K a i€ v a aviiotol xo
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OTmOoOK wWd I K odacodemetwony) . ( To Sdi KTLvo Kwdl KOTOI NT wv €
OpX!1 TeWEEGERKIMIi KTULVLO KWOI KO TMaTrpredng ecdanoa Eoied Taxil v
oXe€dl aopgeéva yI1 oKAKBET NEYOOP | 00TTDHO KTEOW INOKTOOTM OX ENITOW VT WVp € T
Kal €va avITiotol X0 O0TOl X€Ei 0 amokKwdl Komwi nongcg,
omotTeamOTHB oToOo1l Xeia. TEAOGC TO TPOT OVTO TOUL TE
ouvapITnNnon KOTNyopPl OTOIi non oftmaxy A @v ved omguée 0 w v
ML Bavdédtnrteg¢ Katnyopiacg yI(ld4. kabBe €1 KovooTol X¢ei

Convolutional Encoder-Decoder

Output

Pooling Indices

5 et

RGB Image I conv + Batch Normalisation + RelU Seg mentation
I Pooling M Upsampling Softmax

KooBsUuBUJdrdi U) | 6 o BdgNebl @3 8lped e cadidd vd ~3ed UU tUOueeysU UstGUox

Onwg¢ @oi gemEailkadmt apx! TSegNeme pk A apypBaver e€mi medc
CLUVOPTNANOEL ¢ €VEPY O RMOEINyoUNOQIcokKAan P ie i me da YO

4.2.2 U-Net
H apX! TEKTOVI KnNoTOOUL TENV a0 TOOUTOETAEEAIATOOMIE V O K O | Eva ¢
OUVUOTEAANOUPEVDO KOMMUMAT I |, OKOAOULO WV TOC Tnv TULTI

MeEPlLAAUPBAVEL E€MOAVOAQ@IUBOEPOW EDWEVE X iQOEPTP\0 ,YNE Ga & D&\ oW
amoé pira ouvvaptnBaeltUkwie pydaoiympmano Anyi o. >¢€ K G ¢

OUVUOTEAANOUEVOU KOMMOATL1L 00 yivetal Ol TAAOCI A0 YO
EMEKTEOVEPIUATI aOTO ETNVIONQQYENE A DRI | & & TOWVX € 0N
COUOCTEAANOMPEVO KOMPUMATI , TEL OO EXTL € TLalyl 6@ aT @y Kyurg

KaGBe e&nvritatetTpabéol o o1 dvuvopud appVT EEKTI BWIPKIT
OTMOTENODVODAL KA oT1d@. Mida eymipmpend o0 VT A TNGE OPX!I TEKT
oT IEV K d5. a
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1 64 64 #offeature maps 192 64 64 1

2D output
= e afe  segmentation
map

96 x 96 spatial dimension

% 128128 384 128 4

48x 48
ki

gl 2
B feature maps
o ¥ s s 768 256 & conv3x3 Rell +
] dropout
A al = conv 3x3 Rell
o ¥ sizosiz 153 512 4 concatenation
; If} l % > ¥ max-pooling 2x2
o ¥ 024 4 # up-sampling 2x2
: = s final conv 1x1

KooBm UUYU; YGUUGd Y-NetslU Wy e 385 e *d ~jJed UU ulOilieeysU

e
(O]
Co
Cc
(&
3

4.2.3 ResNet

Eumvevopyévn n Bdon 1Tn¢ anvieGaAd30lap R P KE @ReBNetl) KO PO
XPNOolL YJoToOl €i Oouvuvdéoel ¢ ouLUVTIOPELONG TOU HPETOAT
avtTol0. Ol OUVTOMPEVLOEI C TAULTO MOINONCH POOPdIDWO:
vo e€vioaxol0Ov amevBeiag¢ OTioqu Odolla cETEGoodeoll ¢ THoEl PTI 1A
VLTTApP X €I avéinon TOULU MPdeyéEBOULC TwWVv d1 a0cTA0CE WV T

HNndevi KA yLUpPpw amo KAabeg EIL KOVO ooV TKNWO I KM, €\
XPnNnot pgopuoa ey gapg i (Wsjo TTmpvo Beotdam o p av T omoi nong, HE
va Sl oapop@oet@l @ yia va Tolplaiouvy Ta HPEY.
TNV Xpnon Ve Xiodewwt 1 ¢ duvo Tistrped BT WAE Il 2, T 00T |
mapouvaol alovTal X O pfeature mago2pUcEKYTENPPU VO TA TKOWV E YO | G U € O
OLVTOfLGE.von
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X Xi Xi X] X]

x Y Y v v
e | o
BN BN BN ReLLU
RelLU RelLU ReiLU BN
Reitu Bfl

BN addition

BN RelU

hd ¢
addition BN RelU BN
¢ A 4 A4 A 4
RelLU RelU addition addition addition
v v

Xie1 X1 Xi+1 Xi1 X1

(b) BN after (c) ReLU before (d) ReLU-only

(a) origina addition addition pre-activation

(e) full pre-activation

KooB&Uscgosoee Uvs @eReshBdBgs Uhe Uglidd Udd

T oResNety wpi CetTal € E€TMI PYEPOULE APXI TEKTOVI KEC TO
OOMEC N OOMEC OLPEOPNONCG TIAP OWVOE TOG{CO VITA | TTW@WA M VE
omapti ouvv TNV KABe pra €& auvtwv. ZReasNeb0E pe v Vv a

ResNet01 50k a1 1 00 ¢ m1 T éDeaplab\BeResNeb@ Deeplag\8:ResNet0L T o

DeepLab\3[11l]e i val Pl a OKOGNNNOaPROTEOKEPYOEKPOMOUL SOOI
T IResNeb0k aResNetlOlk a1l €v T docoel o atrousanvaluoncav é6hoE e ua
B | pkoodatrousspatialpyramidpooling(u T € | ypaT oA N Yi a peE TORMA)ATIA € Q

(a) Atrous Spatial

.{’ Pyramid Pooling
] 1x1 Conv
Rate =2 E:E ate =6
Convl ate= n rate = 6 Concat

+
Block1 Block2 Block3 Block4 Lk = 3x3 Conv |1x3 Conv
EEE rate =12
' output , 3x3 Conv
Image OUPMT 4 8 16 16 E = 3 rate = 18 16
|

I\I (b) Image Pooling |

[

G 000 d Degpleab\a) UsardiisSpatiaaPyrgmidPoolings UAgrousConvolutione U Uy 6 "6 " sad G d ¥
Vi

eey3lU UstBUorvoed aUs UzUovoed [32]
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43 FLlUsaUd Us UauUgtdd

O Kwdl kKoo LaVAoOlY I AP ITK®L o0pBOBNR KoatTdATPmnon dPe PBdaaon
oplLoTei peTa@opT OWOregkanimMoar THar € Ip TI@wWD e rovagytyica n ”
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oceANGithub( 1 ctToxwpo¢ &1 dBesaong €Ae 00 KkEodu KOEIO &I OX 0
HMOVO YI O €pewwrgTmuoOK) aYAM®@N,0 XK WOl KOC XPNOolL JOTOI
Epyaqodic@ae pa oamo PdeEpPl KEC UapseRamoTr N gengqQapmeEe RdAaant

H avamtuoén auvutol0 TOULU KWOI KO FipOyWia 19 T a0 upd 6 K I€ K
ceg PBdadBbog¢ ymaAwao@npngnav_ailvonuv TMOAETW VO KOET | KKOLXIVN

H péevva auvtnh €d0e1 e mMOOCO KaAaAn e€ival N AELTOU(
Ol KTUOUWV 0€¢ KOBRHYHUOQOQULEOKNU WY EMI ROJFOKREE, anadwcg
oei &el TNV OTMOTEAECHUOATI KOTNTO Twv &1 ogeomp wv
OLVOTOTNTO OEVITKOOUV evqo CEIE QAVEQ IUE K@D W Q I K KO T@T AT I OT
ylaoa TnvkomeappfRemgeov, UVoTepa amo Tnv e€Kmai devaon
eivalr AaAANo €va oT1To0ol XxXei o mou TOV €KpLvVve 1 daAavl K
4_3_1Iu’h‘_w’, rl'BV"J"' jh“<.‘_/\‘_"“ts’
Ol Kwdl KEC TOUL XPnolLpgomotroOvITOl Vylo Babir & Mnyx

Ta offonh@GolvV otnv PBeATi ocTomoOinon TOU OATMOTEAECDT
KATOI 0 XOPOKINPI OTI1 KA Tovdatasgtu@d npeaxogdanamn wv O

zyoUded -~ Windodvisizés g (
Apopd o010 peEyeEBOCE TMouL Bao Komei OoWAEAO®| KXKWEO WY

EKTOIiI &€ vtomu AWeyywd Aouv OYKOUL MHPVAUNE TOUL Xpelalert
MOVTEANO O&g KABe KUOUKAO pe OAOKANPN TNV €1 KOV

j1oadefd Usoafhsa¥ys ~ egBawhsizas} dliosecas 8addasi 3 (

H kabBe €1 ké6va PEOTCOOET @V Kp @dvendavsize@p iAo mple me 1
ETI Aex0Beli 0 KO@Be KULKAO @RUOOiB@E vxopMol uoapl GAO
€ KToi otrainm)rk o T1 ¢(teshnd.kMepg €guT 6 TOV TPOTMO ML KpPpaOaAi
MpPpoOOCWPL VA PVAUN €EXKTI@ i & a)wondGl,d prI@ OPBCEVATTEI ACOT,0 TTR O
dnulouvpyei onueia avagopag Lotepa amd kKabBe do

de e U 7z Y deafnidgRate)

e KGOBe KOUKAO ¢ Komvad vocem@oonEv piip,.€ ML v ¥ mwiparning By a
ralgBonbaectl €101 WOTE ALTNH N HeTgLBEEPAV ITHKOY PBEIPywo,

aopyolu¢ pubpolLC €10l WOTE VO ULVLTAPYXE.I ML O 1L ocopp
aKOpPNn KaAOTepn Xpnon tTou PBARpatTog pa®gong PrIEape)
ME TO TMEPAC KATMTMOl WV KUOUKAWV e€Kmmai degvaong. AvTtad

TI1I ¢ MeEBOdoOLE ovopalovI[M. duvvapgl KA BARPgatTa pabdn
g3 U} UbWaldafa U e(Optimizkils)d d

Sl cT00€é0n K I hkps:/géthkiocany/rskawdDgeetsForEO
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https://github.com/nshaud/DeepNetsForEO

H ocuvdaprTtnonn ofnogptimzeper iowmmoli | cw¢ To ool KAyOPO Bk o

AOyw TOoO0O o7V @mi Aoyn oauUuTtTnAC¢ €&aptdTtal n o1 ap
MTpoBAEPYPE WY TOU PYOVIEAOU. OvoclrLaocTl1 KA €ival ol a
Sl avOouOoOT@NM®Ii VPpWTEE PTRY TWOPAPWHRONG auvtng. Av

CLULVEXEMM OMAVAANPYEL ¢ TTOU € XaAWMET O)MICKHWITEEXEA YO DTO
Kavova aoaUwWRveETwmonNIioTopl KO TPONYyoULPEV WV ETHKWIOA R Y

Kamolp@mua@pouveg @, Exoviag TAVITE [Eow eampy) KPP UE
YEVI wuvaptnon f(@3BJAtT1 octomoi nong

‘0 0 YOh
A’ ¢ cBpathy(

Mi a eepocRgi Yal 0o Opo¢g Tiyolua Xvpon od guioxmoelic ior aapt 6 P O«
MPOYyMATOTOIl NONKAV O0& ONORIMMPAGEC AE @ AWV AW 0 KE@ GIDKDYD.
At 6 oOouvpdBaivel 01 0T 1 o L Ydatdset veor aK o TTooA aoppBXdEVi ocv v ¢
XWPO OLVEMWC Xwpi ovTichatchesg ol sapovndmwg ROPPWOTI
a@eopPdad OTI C TILO OTMANODPI XODOPp WO EGIKET@ i @BWOENE &vOog
KOUMAT I O.

4-3-2rl>j h ¢ . /\[‘BI! v ~ ‘_J 4., I‘h‘-' h

OKwdIl Ka eamapwiné pnkOp1 a

1 Ko
€A

GUovoe uwUleeys3¥le addwt @ gde akl®dppdTtti VyviveTa
EYX0C TWV OEOOMPUEVWVLUMBY ,UIKAOBTLPCOTHAITIPP B O N
puvBpuyi cewv TMoOUL OBa xXxpelOaoTEi 0O KWOol KOoag¢ VyI a
MOVvTEéAoOULU. O1 puvbpiocel ¢ auTéEC aeopoedwloove |
KaBe emax aii fepohsizggt o BN ua (shidekiapy wovi 0 PEYeEBOC
KaGBe KOPMHUOTI OU TnNC windewsizedi¢ TPpO¢ €KTOAai € LON
T )36 U0U0o0NMNsBE®d del cdyovioal 01 OapX! TEKTOVI KEC
MEAETN, K a1 yivetal n e€mMiLAoyn TnNg KAabBe pi
OCNUMOOGYIIOKNoC KOoaTdATunong amo KABeg plrLa amo auvurTe
T psUcy)stehd ulliseysys aU uGUUeeysU Ao Uaul
Ol O WpEILoTO&C yi veToo PODOMACERMOPBEHEI WOV T NG €
T datchsizemouv 6 a xXpnol yomol nNBow@v MPwWa BOA PN | K@
yira Tnv €ekKmai devan. Avtnhl n dtrtadtkaoia vyi\
MOVTE&E€AOUL, TnvVv -Toprmoocpoupyyerfittingd. (v Te p

f deeU Koe Yddgisdw Ubdltied b Vo Ed WU e i @ & droaBdj:@m mICA 0 v A
EKMUOO RamMgratd, ToocamomM@Pokel pévn TEeEPIiPlamond €i v
ytra tnv BEATLOTN e€KmMoai devon, KAOBwW¢ KAl n o
TOUL HORETARO OODEPIi Tmwd gy Gnk§g SGO36Juv dpTtnon

T EgayYy Udad Uosa Ua riim)tid d c wiwddipgn ouvTtnh €ival
ETMAVAANTTI KMO W I TO@A KT @Ol €i TAal Yyl o TNV €K
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TOU HYOVTEAOU T EGKAEPDOWIONTI AT PICE @we T EIO WK O
apl Buodgepochp oL (6o TEPWy wawo TallvnEx mai de vaon
T Eg3yY; Udid Ucdesy:AgoinabisNevtaio ot1dd1 0o 1TO0OUL
yivetalr do0KI YR o0& €1 KOVvVEC, Ol OmMOIideE K Gdgipo OV
PUOIL KO TIPOOCWTO KOl OULV EANIKO vl o(grouredirdth)ya won a v T
omoi a ouvykKpiveTal |(pedcta)y! a1l KqQvaecapoepPNeE U

TNV omoia €ylLve n TEAIL KN Oavoyvwpl on.

H ekmai devon Twv MTPOYQO@ITOMOUGOTN&KEWWE ULVIFOAOY I O
9750H®, Tt p 0 0 WPV YW Y € B6migabytek a1 K A p T ORTX207G.¢ll BDOVPpKE L O T
Kabe ekmai devong €aptnepathge aonmpl a0 apoRPaeao &m
Ewg 3 wpecg¢ KawmYl ® ZT@ce ntatxyawpeg¢. H d1 dpketrt a do

MAnpo@opi €¢ Ehttpss: fagk pntelacanwcgntent/www/us/en/ark/products/191045/oaeti7-9750h
processorl2m-cacheup-to-4-50-ghz.html
"MAnpo@opi ¢ K dahptps:dvevw.Avidie. gomieriigeforce/graphiesards/rtx2070/
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H ekKmai 0&uiokna TTOowv KUV T € A wv X wpi (eT1Ta@m@o @E @T NOVT (
EKTAai devon TOLU KWOI KO O0& YI KEGT € yn oK Xiopy xkKid,e QI
ETMI Aoyn Tou pleamningratg, NEDTEMEE Vo Tedkomop & e VICQ T & AL |
EMI AEYHUEVEC pPpUBPIOCel ¢ avaANdatpgEtkimgea TU GE OWXWR DG N
VTTOAOW I AW XPnNnolt dgomol RO6nkKav.

51 EUYUuUpeUGd

H ekmai &€ L 0oaT CO&EIl 00 VETYOI VIEOK @B € S5a @ YIOXE KT /v 1K 1], K a
datasettou X pnolt yomol NONKe Kal ME PBARua pabnong O
BnNudtwv auvtTwv €ylrLve O1 0TI 0 KwdIl Ko dyd ban KTEN VL
KATATpPunon TWV €1 KOVWY Kol €mel o PHEOCOA OTOV K
OAANOYNRC HRMMomMaEE Vv e mdbg p die vV Ou L UK@Ei 6otTeoptoa IB R MO € KTTai
auvTHTIi ong Aovew TEEK QOTEIE ad € QO p POy N K desMetya pax 1 T € K
KAT AT PN omRGED kwTeé@e T A cT NKBGBepn &awo € @c¢

Katd t™n 01 adl KOOI O Twv €KTAal 0eV0O0EWYV Yyl a TNV
MPpWTOUL oTadiouv ARebnkay vmoéWYn o1 €E&Ng MAPAMPET

T H dractaupolpevn okptiod e adievkeTonil d eoLTOON CT O T C

aOvVayvwpl ong¢ ot cpredictionmageg emTo PO OYURE (1 ¢ €1 K
me O igoound t{uth imagey, yi a Tov ULVUTMOAOYI OMO QAULTNGC XPTr

OTTWAE L O, n oOToiao ULVTMOAOYIi gTNKIENCUENl RPMaAanQp al
€ vV T p ocrossentgopy[37].

T H dractavpovpyevn akKpiBera d0KI pywv, n omoi a
TOU MOVITEAOU, OAAG Yyl O TILC €AEYyXO TNC KOTAG

T H opyaoaAdTnNTo WEWOY@O@@WKROVIOW Onulouvpynenkav
OTOl X€i wWv TNg MPMEONC ATMWAEL OC OAVA OCULYKEKPI

OTTWAEL WV, T WV TOTI KV OKpPLlL Betl wv K a1 TNnC¢
eEKToai devaoncg. H opaAdTnTa dLUOPTOAPRPOOITUE@IV NWA K
TeEi vel mpo¢ TNV Tlun 1 KATA TO TMEPAC T WV
Ol agopoOTMOl NoCegwVv O0€&€ OAO TO €U0pPpOC OGULTNAC, K aob
oOopaAd Teivel mpPpog¢ TNV Tl Pun 0O Xwpi ¢ amokKAi o
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5.1.1 SegNet RGB

Al 0T aU P (
AKpi Bet
eKToai &¢

Al 00T OUL P (
aKpi Bel €¢

Ap X!l K

n &

Ei Kawaqoe
medi ov

Bnua
0.001
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Bnua
0.0001

b a6

78.85036 81.4204%
80.27540 82.058%0
72.35780 74.740%
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Training Loss and Validation Accuracy
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 FRITTITT)
TETRRTY TN
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Biua paenaong = IWHNI”“M

Iterat Cross.val racy

dasUp OgUliseyd "~ U3 BiEVEWsdUBpBOUBgE o Us SegNetr B U B R&Beall i 907} cosllblle U
5 U 86l 3

Me PBdadon tTa maop(dimdoeXd oo oxkecd mt Aoy TmTouL yiveTal
M &GO nEeamgngratd TI@WoOVIw POV TEAOUL eH@ooao vy tTa poit o0i. x0e0ila
0TI € X €1 TNV TMILO KOaAN akKpiPera ota, TEADOWQ arm
OKpPpiBereg €xouv TIC LYNAOKeEPE E MEN D¢ Ny Iy aKpa &Ker
Ei VAIO PUDOCROPEPAPATWOWAEI EC WHOACTOUPOOPEVOY K
ST1 ¢ AGAAe¢ Ovo ypoma KEEO UMATPMIC TWNEOE A e qn MTioK Ai ©
Kupi wg o€ auvtn MemoPAOy aa piyoro pudednNOoon® koeek aonAenk Bronivo €
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ETMOX WV OCE&€ aAULTN B

¢ MAOBNONC, ,OWMO0 HE KPIOTI ®E | O T C
g

0

J
MTOAU HPdILKPOUL PApa
pMdoOnomov (o1 o0 ap ON EMOX WV NV@e WA QEXAF OO € C
mouv Tapat(mipwadi).ad ¢ TmMapaTnpPpwWvVIAC TILC €1 KOVE
MOVTEAOUL YyIa 1Ta o061 Geopa PAYaTa n €1 KOva pde BN
TO HeEyaAUTEPO TMANHBOQVTIWME XM TMy OPL W& OT WV O ULO
mMmapouvol alouvv KaBoAouv tnv Oomapén Ai 6wv.

€
TO0
| 6
& A

5.1.2 SegNet RGB

A'GGTaUp‘Alactaup(
El KOV EC AkKpi Bel Akpi Poika g
EKTOi & & |

ApXl KN ¢

Eil Kawaoe
medi ov

Bipa Mabd 76.436%% 78.36300
0.01

BRnua pac
v 76.7548% 78.7184%




a3 U Udg UUaye UUU Usa’
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79.9021% 82.463%
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Training Loss and Validation Accuracy

—— Running window loss

Wean loss
—— Running window accuracy
Cross-validation accuracy

0
Iterat
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Training Loss and Validation Accuracy

l I|||| |

—— Running window loss

Mean loss
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0
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Training Loss and Validation Accuracy

Bnpa padnong

2
&

o —
Iterat.

Running window accuracy 8000

Cross-validation accuracy
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CoC
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Co &4

TNV OUYKEKGPIEEIVNE YITEETPO ITT TTwoPnB ) yaxo a V0Tl po aTTOT E
oKpiBerag avnkel otnvkatamqQqiRgyoepgooeuPppaaq. 0
KOTUWYV HI KPOTEPWY OTMOKAI oe(@V va®,gyo ey paxpd &Ky MEea pl

K ol KUPI W¢ OTIHOT eéeqaaq BKMOE 0 € Mo nNe TOEYX €Te pAw o T
KaA0Ttepo va e€TmmlI Aex0Beli n TMILo octToaBepn mMepi Nt wo
mMapouvol aletTal oO01TnNVvV oKpiPBei1(Ai paB,aGov cexmMOAjuEe 0 6N

TO MILKPOTEPO TMOOCOOCTO Ol a@OoOpPAC akKpHMPieampg T1dIivaml

To Pfumaeonong 0.001 epooavi el O6Aeg¢ TNC KAatTnyopie
(ground truth), KabBwg¢ pe TNVoEKPeNEHI covwaPaPoac(
yroa GAANa xXOoapaKTNPlLOTLKA&G TOUL MPdToOpE:i va XpPEL At
KatTatundoovv.

5.1.3 U-Net RGB

Al 00T OU P (
AKpi Be
eEKTai d¢

Al 00T OUL P (
aKpiBetl €¢

Apxl KN ¢
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Eil Kawagoe
ndi ov

Bapa Mda6

0.01 80.35900 81.626P06
BRnua uydaé

0.001 74.3414% 75.3913%
BRnpa pdac¢

0.0001 80.8388% 81.505P0

tas3 UeUde U0@FW Ue " Ua b UgwiNledt ofllb Uisseofoseligs RGB e U lUsyYy, aUsU 5

Training Loss and Validation Accuracy

BAnpanpqgg O.
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Training Loss and Validation Accuracy

15 .||||

Bipa pdaénaong|™ . AM sk
. BRRIRTIY ”I““

—— Running window loss ‘

— Mean loss
—— Running window accuracy
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Iterat
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aaaaaaaa

2000 4000 unning window accuracy g000
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HosU?aOQgU Gosayd " UyUaU0yaGU0sd ta U0 U0uaysiz UzsaNetlpgableowgs 8de RGB ¢ U
5 "8Gl

Co

Kat edw T1TO PApei viiold OtkomdAN @ yETE@I VOLILTING TMA aaTmw &
MEPI MT WAPIOEIAOT OWTTWAEL €EC KAl TNV oKpiBera Kabwc
g OA0O TO €U0poc¢ TnNRi WEHAAWN K MO @ @O VAI®ITE A€ OPOAT
MTOAU Ked@ogianow oOoKpiBera KatTdtpunong otnv &1 adl
Mi va®,acauvt o Opue wiwgveatidie von o0& TEPUH O@CT APy €
XPHonNneg duUVOMPIL KOU PAPMOTOC HEBMOMECOCEMDOXEQPOT KA
MEL WVETOAl HPE OCULVETEIL A TNV TII O OTaDBre Nk qupbotoin , t
MTOIL OTI KNG MHMEAETNGE TWV €1 KOVWYV TNE OPXI TEKTOVI
Evag Kwdl Kag¢g pe moALVauTEaeODeifnea PpaGO®oong eavkeé
Kabwg @aivetal o011 TO HOVITEAO aduvvaTtei va ava)
Ta epoédxopTtT .
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5.1.4 U-Net RGED

Eitl KOovecCc

Al 0T aU P (
AKpi Bet
eKToai &¢

Al 00T OUL P (
AKpi Poika g

Ap X I IKK])O W

Ei Kawaqoe

mediov
Baipa Mda6
0.01
BRua uydao-é
0.001
Bnuao pdac¢
0.0001

a3z U PgeUUay e UUU Us UNetlh g UeRgHBE disvjoalsU 5 0O

73.0717% 74.043P0
74.90280 75.6790%
75.3108% 75.8109%
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Training Loss and Validation Accuracy
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el val TOAOXXAUOUA®BF® TNnNC TOAU oOapync HMabnong T1oO
mapoacomrav PBARpatog 0.0001 dev puymompap’ vVa@roiwaw
KaAl0Tepa TMoococH@I @mvmig®r@ | @md@litv ol TE@ pkoduvoel ¢ ((0 V T C
MTpoBARAUOTAO WC TPOC TNV OAVAYVWPLON OPKETWV KO
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BApatog O.
Ol Ao PWY €0 WV ,

mPpoOPBAe YN

MPAY HATI KOTNTA

0001,
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OTMTOU AOYy®W TNC Oapyng MadBnong

ME ATMOTEAEOCUO TNV YN opbN mMeply
BApa 0.001 o6émouv n TMeEPlLypaAaOn T
map’ OAO TO @GOl VOMEVI KA HPI KPOT

5.1.5 ResNet50_fcn RGB
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Training Loss and Validation Accuracy
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STO OCUYHOKPDMTEAO TAa OaTmMOTeEAECHPMOTO O&ev €ival ¢
0.01 mapovaocl adcel Ml a 101 OoOPdOpPOI a e TTOMND TKOOAQ:

ool OMOpPOQI a otnv (VipvaoE)kegs vimai@ad e ANE@ @M o 0T NV KOTC
EIL KOVAOC( ExKuod powoaogmndae!l TOo ,@@OVO ap@P a8 G % C T 1
MV akldg pta 0AN TNV PdIL KPR TOI @RweaiEd op ugandmeua 0. 0
MOAU OMdOAOAN VYypPpOA@I KR mMapdoctTaoaon WKXpd Ba! HOAKAR @Xx ¢
OAAG OXI TOOO KOAOG 000 oT1ToOoVvV PBRApa 0.01. Zuvvemw
or ¢ et PIaQLU TO OMOTEAECUOHOOmpE@RVmua T WA ETHAPW V '
BEPBalr a pe la TTPWTN PHATI & OTO OULUYKEKPL UEVO MO
Ta omoia TANolL al ov v Adyou e T pkl EKPOO XTOUD DONAYUoRCa in\g € |
EAANEL YNCE OTOL XEI WV ylLa TNV .OMOAOTEPN €KTOAi dewv

U
A
T

5.1.6 ResNet50 div3 RGB
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Training Loss and Validation Accuracy

15

BApua padnong

Running windaw loss
Mean loss

—— RuNning window accuracy
Cross-validation accuracy

000 000

Iterat

Training Loss and Validation Accuracy

15

Bhpa paénaong |-

0o ‘ — Running window loss
— Mean loss
] 2000 4000 —— Running window a:curacy
tterat . Cross-validatio

bas U8l Ulsayd Uy 0a80yaU0sdg GosUGUU g;eieUResl‘mﬂOldim; 9000 sBGRs fslld U " ¥ o
Ueay,aUsU 5 U 66l 3

8000

Me Bdon Ta MoapPpATMAV W OTOLl Xei a Tvo KB poou Trmo LE ievma 1A €
Kabwg mapatnpeital opgolopop@lilov al®xampd ¢ TEY ARPE
OTMOKAI o1 ¢ o0l omoi €e6¢ €eaAldei QEVTTI @INCK®D®T & TT @ETME @
(Mi valoei val OPKETA 1 KAVOTOI NTI KEC OaKOUNn Kol O
@Qa ppmopovLOE KOl To PBNpa al.i00IN owm XM K WEPALECSTTNE
Ol AKUPMAVOEWY TWV OTMWAEL WV BewpnbBnke 6150 dev

EMOXEéEKAaOB W dev pmopei va mpoPre@ebBei oav ot 50 ¢
ovopuol OOlapmPOEQTI KG OTOLl X€Eiad TOU HPMOVITEAOULU OAUTO.!
OLVTEC TOUL TMpPponyovLPevouL. AUVLTO €giyvoOl HOWYTIEKA@D WVICE

OpPXI TEKTOVI KR w¢ PBdaon.
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5.1.7 ResNet101_fcn RGB

Al 0T aU P (
AKpi Bet
eKToai &¢

Al 00T OUL P (
aKpi Bel €¢

ApX!1l KN &

Ei Kawaqoe
medi ov

0.01 85.406%0 86.144406
BApua upac

0.00L 84.040%% 85.187%%
Bhua pacé

0.0001 81.6572% 83.3282%

Bas U#yYd e U0y e UOU Uos ResNeing fenjigd) oURERBEsEog s ¥ po Us U 5 U 86l 3

~51~



Training Loss and Validation Accuracy
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TOTI KEC O1l OKULUMPMAVOEIC KOl OpPpynNmnmoeeovaoap pwWowd A€ R N
yla Ta TOIlOTI KA XAPOKINPI OTI KA TWV Gl HKOKR@NCG T
vpopgeTpPpr KA Odl1L oa@opac, OAANG TMlLOoTebLET AL 0TI 0 a
MEPIL COOTEPWY ETIOX WV .

5.1.8 ResNet01_dv3 RGB
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Training Loss and Validation Accuracy
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eKmai devon kK@i valoekcad ok morp Oa fépac¢ wPepl KOV TO
ETOX WV €KTOIlSEAUAEE dUO TAIYEKCD PMOOVPOONU OO POKOEATVA  Ua no
To 0¢€eé&i Gkpo, OT1 ¢ €TO P EéQO LOCTOY ECQ KK £CQ XXpg pvepqTV§
VO ouveEXioouv O0TO0 €HNOKOWWMWCOODNUI ®UPIYQUNE MEYIHQ N
MPpOC TI1 ¢ MEOEE WUENG THWPpiTEQ i MT wWoN TOI OT 1 K&
MEPL OCOCOTEPO XOPAKANHI OT K@@ ATIOO CAWN IO &©Piav al Tapo
€Ed0a@oc K al XPWUHOTI KA KOl VLYopdeET Pl KA. SJUVETW
eEMavaAnRPel ¢ Pmmopei va vmapg&el KOl ML a KAAOLOTEDp

52 EUYuUuse Ui U0y @

€ 0OULUTO TOIPTOAOPOD PV VME@PE!I TEKTOVI KWV HPE PBdaon 1
OTMOTEAEOCPHAT WTMQ@AU ODXKW@EAEY, HME OIL OQOPETIKEC €1 KOV
OTMOTEAEOCHPHATKOTAP XWEPUW AOymvogyvrnw !l oN@i Keamtoa Katd
ELWKWYV TOUL VOO NK@BeE TROYVDUXNA LT NTA TWV YypPpaA@l KWV
MAapoOULOL Al OoOVTAl Kydllo TKIG OTEO | PDOIVITKEGA OO T O X €i o TOU T
ElL KOWAIVO € | aKOameDpPpOPMe gRqaai devon ToOUu KAOBEeE POVTE
KaBe apxIWEE Rer1@ap KKQ) eRmouxowvp kBonion¢ TNV ynloapik deu
HMOVTEéEAO OTO.OM@PTI®UOTKATIWY €TOX WV ETIAEXONKE Ka
OKOTOUC, KabBwg €va HPYOVTEAO HE MHIKPO OYKO O0€edo
AOY € pe ¢ ¢ Tlow aRAUAPeaCe.pa o101l Xeia mouv e€&etadlovrt
HMOVTEMNEBR: i val

1 )] 3YooRetaliMapov oiod JNOITO®YTOT Ol XEI WV UEOT N&®i @O N
TO&1 VO UIHOOUL K aa TTIANaA®deni amd T1TOo OGUOUVOAO T WV TIO
OVTEC €XOoOuv TMpPpoPBAe@bBei amd TomgoaayovoplrL OBpo o
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negativga Mo 1T € A R AT wV B
* o YO
B
1 ) o) afPi@asBNEl viooi MOT@OG T OTI AEYyUEVWY OTOPEED WV
TNV opbn .tTafnihoddmonamo Tov apl OBPO TMapaTnpn
ammé auvuTd €Xouvv TMpPpoPAe@bBei amod ToOov AaAyopl By
CLULVOAOULU T WV @NepPESEMOHXOTEROO P AT WV O1 a1l POV YEV
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5.2.1 SegNeRGB

Training Loss and Validation Accuracy
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—— Mean loss
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0 20000 20000 80000 100000

Iterat

KooBiU Gy Ulisee ~ Uy viaUMdanjosy y&8dd s Ub 06 ¢ géossvalidatipriccitacy a b 880 Y6
e83Uyas U)SeeNefl® UsReBpeld

~56~



Ap X1 KH EEIK(’I\A@GS El,K(')VCAV(']K)\- AKp_i-BilL();io_é
medi ov MNpoPArey Recall PreC|S|onA
ccuracy
42.1616% | 51.54186 | 84.5858%
27.53826 | 30.9805%| 67.6598%
45.1213% | 50.6398%6 | 67.2612%
Bas UBUd  eUUayteU0U U SeghleciUz blkje s BV IGBH s Aed
STo0 ypEenKWHd)a (MTapaTuqpoe i awopol opop @i a |0 p I TO
emoavoAqQyeowmoi a 0Ootepa opaAlAomol ei Tal ME TNV GULV
OTMWAEL €¢ voa Ot.e i2vtolbivwoadBcpaEa gdtnpei T al ML O OVOMJO
TI ¢ €1KOVEC KAl TNV TEAL KN KoatTdatpgnon. Auvuto ov
o€ Opul GOWMéUve i a OTOUL WP XWip O & T @Y plaDVdT ™ 0 WUTES) dtdop O L
EL KOV A m Ooolve Pa@Eoop AUET PNTIL KA cTol Xei a K al €
OVOMOlL OMJOpPOIia otnv avakAnon Kal Tnv okKpiBetla -
METPIiOUL pPe ATMOTEAEOCUO V Ad QUKIUIEQIAWAT PIE TIK A T @T 0N @IP
ElL KOXYTmEVY OO0KI Yy 3 TO ATMOTEAEOCMUO TIOU ITKOOPVOELCO I &
EKTOiI devaong OTEWC 00 LIVEOYWOTAWN TYIK P € |ioo prontva , 0 TuoEP & a)TT ouTE
OTIOT € AECOTUNAVT cbww A KA aon Kal @oumpoiokpl Breala,o Ka Tu 1Tdat
Tnv do0oKI MR 1, n omoi@oppuul @O0 DPWADEK Kwa | p
EILKOVA eKTMOEKDELDOCKAAVTEPA ATMOTEAEOHOT O, KATI
ML O €1 KOVAO n oTmnodilamkK poPagol €deixapaktdnplt otl KAa
ekmTai devong.



5.2.2 SegNet RGB

Training Loss and Validation Accuracy
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A LK EEIK(’x\)\des Eit KOVJgAVAKA AKpi-BéEViO_E
P X n medi ouv MNpoPAey Recal Precision P

Accuracy

46.5852% | 49.06386 | 79.297%

29.0094%6 | 32.0057%| 67.398%%0

43.4352% | 51.83536 | 67.1016%
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ST0 YPpAomEUK GR)WT da @ o Torya ioTyoIip @i a oc&€ OAo0 TO €0p
KXol €¢ TOTI K& NMPOQPP.2QUIQaddiegn flogrp(a T npeg ot al
aovopgoOolOpMOpPOQia oT1 ¢ TILMPMEC TNC OO0OKI PWNANGE 2 o111 ¢ T

METO@QE POVTOI K al TTO1l OTYUOKWT 0QT NIVOi DK QV 0w TT AypKOpL
VYVKpepYyi opata w¢g €da@oc. ML o mapopgol a ocuveOnkn
OTMOT E XODONA @O YK PpEYIi opaTtTa Kal TouLug TOi YXouvg. A

KATATHPUNON TWV €1 KOVWVV2aRodeBAOpwdOIMmegquopudeo 60\
3 AOxypuw) ong Ml KPOKPp EQA @RATA@WY WI 0H TN AIeEKTTIaa B p L

mMapouvol Gl g1 Ml O OpPKETA KOAAN OMOlOMOPOQIi O KAl

OKpi Emti ong n KoatatTuynanotopv BdoKDMDPV 2e KL K3 000
K Ol T YKpepdiopyata Tmapouvocl alouvv €va gvolag@ep
KOVOAL OU mapatnpeitTalr o011 TO POVITEAO TpooTabe
Kol Hde& Bdon TtTnv O0cD@OPOMOl n@amo TOD® Kd®@oC Oi vel
CTO YKpPEUKORA@®LaKal OTOULCGC TOiYxouvug o1 omoior ¢€i

pvnueiov

5.2.3 U-NetRGB

Training Loss and Validation Accuracy
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T —— Mean loss
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Iterat Cross-validation accuracy
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A K i Eil Kawagoe Et KOVJgAV AKX AKpi{SiEVﬁé

P X d medoi ouv MpoPAel Recal Precision P
Accuracy
A C?LK L 46.256480 | 44.114446 | 80.5712%
A 02K l 31.443% | 41.5346%| 70.81926
A % K1 42.9459% | 49.4065%)| 59.768%%6
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TI MEC TEAL KNG OKpPpiPBerag Ba I |KTEXH O WEOW NV K O i wal
TOOCO uvumoyn TnNnv dI1 KAaloAoynuévn XaMind ny ssWIVOA\T &
MTAPOAOTAPNON T EAVTEIi V@I JOTI mpooTmanei v a

ML KpOTEPA YXwpia TnNg KAabBe €1 KOVOC KATI TOU
eEVPEOCN HPILKPOTEPWY OAVIIKEI HEVWY O€ 1 AaTPIl KEC
KOTNY OpPKIPOO TEEEP AU IOV T I KETI HEVA TWV €1 KOVWY O0TW(

1 n KatTdtpunon TOU €XE€l TMpaydoTtTomol nbBei amo
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5.2.4 U-Net RGED

Training Loss and Validation Accuracy
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20000 40000 —— PRunning window accuracy 80000 100000

Iterat Cross-validation accuracy

KoolaU i) Ulisae ~ Uy YO UMeadlosy y ®d)d ©sU&0a g gaeossyalidatipmfaccliracy a b ¥ &)U dJ@
ee3Uyac UjwNetlls Uecrkesmeld

A K EEIK(’x\)\des Eit KOVJgAVAKA AKpi-BézVio_é
P X n medi ouv MNpoPAey Recal Precision P
Accuracy

48.3714% | 43.30760 | 77.32@%

30.7358% | 31.1126%| 61.7942%
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43.188306 | 47.56726 | 59.6646%

i

T

quvoza;tqu 'G.E-J"éyﬁsUUU lgtJdNete Uz bblg 8o UBRBGBB 398 UsoafhaUgd

Onmw¢ Kal otTa Tmponyouvpgeva HOVTEAO €TORI kK@ua € O c
54 HpE TOTI KOG AKVQIGOVAIENTEGP@IT I THEX OTNMWAEZT OV KOV O 8
O00KI fwvoX)aguovoscorm@WMoPeEi va mapatnpninoel KaAaveig

MTpoPBAAPMATA OTNV KATATMPMNON VYKPEMI OMVT «fva, 01 XIOB O .
CTOIVXETIOW GCULE& VI WE TONH PKXOO | XOUAPOO . O TEOTTI E0AéCO ITA T a T N G
oKpi BeawugkAraongekaol arpABexagnAd O0TO0 OCUYKEKPIL |
Sevno&kaiOoAouv uvmOUYMEI 1 OKE PO ®B. dOKI PR 20 mapov
OMOTEAECUO TOVO MOVWAAE WY Kal T,0cwafl @qove la@rovic e
Koatatpuynon o€ OMo ook phHo 3¢ W@®C CUYKEKPL WEVO W
EVOlL O@EPOV KabBwg o1 oa@oai veTtTal BGBDg | kKoBegNett {v T1p
RGBD) piraoa mpoomabBelr a TOL HPOVIEAOULU VO TPOAOYyMATOT
OTO0O TETAPTO KAVAAL Eexwpi oviag €101 HE APKET
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5.2.5 ResNet50_fcn RGB

Training Loss and Validation Accuracy
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00 M— Running window loss
—— Mean loss T

20000 40000 —— Running window accuracy 8oooo 100000
Iterat Cross-validation accuracy

KooB5sU Gy Ulsse ~U) YtUNEadosy y g U5 0& 04 g gaeossyalidatipmaccliacy a b 84U g
ee3Uyac UjResN&(fartals sheeed) 0. 01

A LK EEIK(’)(\)\@GS Et KOVJAV AKX Alpiﬁ-eéﬁvio_é
P X d medoi ouv MpoPAel Recal Precision A P
ccuracy

48.26980 | 54.49320 | 86.716%0

29.9369%0 | 35.436806 | 70.2288%

44.73096 | 51.87500 | 61.084%90

Yas U2U0(d GUUay J U Reshld0 fone Uy 68 U0 0cBdoed
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Training Loss and Validation Accuracy
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00 —— Running window loss

—— Mean loss

—— Running window accuracy
Cross-validation accuracy

20000 80000 100000

Iterat

KooBeU Gy Ulisee ~ Uy YiUMEadlosy y @dg @08 04y gaeossvalidatipmacclracy a b 8 40 i@
ee3Uy o UjResN&Qfaritals heeed) 0. 001

A UK T EElK(’)O(v)\O(r']es Eit KOVJgAVAKA AKpi-BéEVio_é
P X n medi ouv MNpoPAey Recal Precision A P
ccuracy
48.01836 | 49.39526 | 84.98900
31.1544% | 33.897% | 79.2893%
44.16520 | 50.340846 | 58.4593%
UosU28:g’j ’UUayﬁsUUU U Resbldg0 fene Uy 68 BUo0c86aded
uykKpivoviag T1Ta Oduvo OULUTAG ypOaAaENREMATO ULVUTAPXE.I
ypaeiuatog¢ JEI kB@Gog @ oO®EL( mapoatnpeital poévo
OmmwAel €¢ o0& OANO TO €U0pPOC auvtoUL. ATBI RV A dA AN
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MapoLOlL A€l OPKETEC 1 OIL OPYOPOYPI €¢ MIKPPUINAOK,O01 0ICTO
oOopaAoTmoOol o0V TOlI MHETA TO PEOCO TMEPIiMoOuLv TOUL €UVPOU
001 (li vaoxXagmapovaol al g1 MTpoBARUOATA WE TPOC TNV (
otTnNnvV €1 KOva 2 Oomquwgpygapiefid coprBoddgd1 K& dev
KAmol a GAAO TPOPBANUa, TEPOAa amMO TNV HeETAQEPpAON 1
OvVAaKANnong Ol Z0KQi paoXol me¢ OO0OKI YJEC TMaAapoaTnpouv
XWPpi ¢ VaOTAYEPDHYdAo Pabpo T Nvo LD OPKEL YUAA 030 AYOKYPLE Ui O |

mTpoava@ee poOnkKe. ZTOoV W1 ivvook@8) quoe a Prip@d va.ad 0 1oy a
OTMOTEANHOPUTA@POP @V OAYV WOPLICAE I DIl KOTEWPOD OKI Yy 2 T1C
KoaoooT!l K&, Xwpic¢ peydreg 01 K@o p oormol 1OCLEO CA UCTTA C

mapatnpeite 1To PBaocl KO TMPORBANMUOA TNGE €AALTOUC a
Aiywov dedopdévwy KOTAG TNV €KMToi deguvaon Tww TIOVTE
omoia €xXO0uv HPI KPR dl1o@opomoinonAwnd To STHEGUQ
cupypBai vouvv «KuLupiwg oO0Tnv TMepiMTwon TOUL PAPATO
BeBraopyévneg ekmai devong (PdeydAo PARApa ekmai dewv

5.2.6 ResNes0_div3a RGB

Training Loss and Validation Accuracy
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—— Running window less

— Mean loss

—— Running window accuracy
Cross-validation accuracy
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e83Uyoae UjResNE(aVicsdobgecU 0. 001
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A LK EEIK(’I\A@GS EkOova |AvAak X AKpi-Biﬁvio_é

P X d medoi ouv MpoPAel Recal Precision P
Accuracy
A o X! 50.8489% | 48.39196 | 84.268%%
A °2K ! 36.0671% | 41.1594%)| 77.6019%
A oK 44.9941% | 48.20626 | 58.9724%

Yas U2a0d) ~ e W otydiedled 3 ResNaO 8 Ug 2o deg U
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TTOl OT 1 KWV X O PIOCK TONOPK IOTEI K o oalv 03 | KNOWKPT 8@ a.a
KOANR ouvoxétiogAfe@eitooqv E8 &XWVEQgPOBOULY T1TbOOO

EMdQavi ovTal
OpPXI TEKTOVI KNG
MIL KPp®WV OTOIl XEI wvV
0edOPEV WV .

ET Ol K Ol € d

0.001

W TOol

0TI
T O voormod waydvewp | gt wad v

K &

VoLV

Tda

DTTO YT
e pl COOTOWCE PR ALY KGE @I aypoomoy.o 0 4 € Vv a

mapoOTNP
K WpoXo |



5.2.7 ResNet01 _fcnRGB

Training Loss and Validation Accuracy
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Cross-validation accuracy
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Ap X1 KH EElKu\)\ges El’KOVCAVGK)\- AKP.I-BGKpi-E
medi ov MpoPAey Recall Precision

Accuracy

A °1K ! 47.5398% | 51.6928%] 85.9088%
A oK! 29.407% | 32.59886 | 72.3898%
A %K ! 44.43566 | 49.73986 | 59.0259%
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Training Loss and Validation Accuracy
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20000 40000 —— Running window accuracy
Iterat Cross-validation accuracy
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ee3Uyas UjResN@Cldods @ sbegU 0. 001

A LK EEIK(’x\)\@es Eit KOVJgAVAKA AKpi-BiEVio_a
P X n medi ouv MNpoPAey Recal Precision P
Accuracy

49.6265% | 51.159406 | 85.254%

33.70520 | 41.7966%| 81.2188%

42.608806 | 48.26120 | 59.0355%
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TNV AapXI TEKTOVI KN autn Kal €M 0TI OKCAOE Ookt@gBya (y p a @ 1
VDLTTAPXOUV ONUAVTIIKEC Ol A@QOPOTOIl NOELC MEXPI TO0
OMAaAOTOIl OUVTOI TNV OUVEXEL O. S THN kyoEdmou K1 T
Ol aQop@momMauwe mapaTNPOUVTOI el val TOTI KEC OE€

amwAel €¢. O1 dI1a@opomMoOl Noel ¢ aLTEC emnpealovyv
Oy € ocekCp i [Keall e @ TeE @ | BTWOOODEVI C,PQPPWETEC TIL UECGE €1 val
OTMWAEL €C. StTov TivVvakli va®REiqukow! pejipdoutwe OT. PVl
mMapouvuol GleTal TOILOTI KA OTNV €1l KOWAOAUOBOOIOPE XL &
Y, MTIOTPEOAY HWOT OTIO L NN OE L KOTOT HOMOINK QM EK OT NY O poiwxo.T
METOa@PPAleTOl KOI TOOCOTI K& OTI1 ¢ TIlLPMEC OoKpiPBela
AAANECC o OdO0KI HEC dev mMapouvaol GletTal KATol o

cLUVAVTATOl TO KAOQOI EPATT@U B KA W o T oVl CRpE0T aPy0peKi € TT odil
l KAVOTIOL NTI KO ATMOTEANECMUQ. Tov [hiiwoBso¢ deow Y
mapaTn@Eigaamol oT I KA, OUTE TMOCOTI KA KOATOI O TIpC
MTPOPBANPYA TWV VYVKOPEPTIOPWATWHKOVE!I doK dOoOKI PRA¢g¢ 2 Ta
KOTATMPUNON KOl Pl o mTpoomdadBel a opbBOTEPNE KATNY O |
vo emepaoctei TO @paypa, ToOUL €ixXxe TEBei PEXPI
Touv 8§@%o0c¢ mooépialtempnong OTI OT1 ¢ €1 KOvVveEg TOUL BN
OVTI KEI JWEV WV TOPEA YEUVOOT OUTI OKI P0G nPkoe® u 6 o€ oxé€on HPe T
OTMoOoUu OTl1 ¢ OO0OKI MEC 2 Kal 3 Kupi wg o1 MeEPlL 00OT ¢
cupdBlOiNVEYyO Tn¢g Mapoépolag LONGE TwWv dUuO OTOl XEI

5.2.8 ResNet01 div3 RGB

Training Loss and Validation Accuracy
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A LK EEIK(’I\A@GS Et KOVJgAV AKX AKpi-BéEViO_E
P X n medoi ouv MpoPAel Recal Precision A P

ccuracy

AolK ! 51.93606 | 52.1215%)| 85.62486
oKt 33.00836 | 42.7554%| 78.792%6
A%K' 44.1406% | 47.27426 | 59.25486

] ~ Uay e UUU U Reshetal ghvdUjedls hea We Do Ddd
To POVTEAO QULTO €ival Kol TO TeAlAevTtaio

KaTdatpunaon T WV

Ol ATl oTWOnNnKe TMOAUL KOAOC Pabpog opgolopop@i acg
oT1 ¢ MEOEC TI PWEC, Kabwg akoAouvbBoloav TOo MdoOTIi [
BéERBamag @Pmopei va dirakpiveli wad)a, ¢u TOIMPOEVE T VIOrK
KoTnyoplomoinon TWV YyKPEPYIL OPYATWOWVY Yyl a ToOLu AOyo
KoTtTnyopltomoinon A1 6odop v otouwe & 10@a wifjoo@vun vélia p & o
OVAKANON KOOI OCWOPKETKpPIil Keiveo T oqa | KiERe tne  vion v Boi
ctnv Odo0KIl un 2. Onwg Kal CTO TponNyouvPdeEvVA HPdOVT
OpX! TeResNet D k néTo1 Kol € 0twn TUOppoofuion pdal €TTNOG  KKOOTI A T M
Al BodopéEC, KAl TNC¢ PN KAaTnyoplomoinong T wvV
aOVAYyKNg Yyl o TeEpPLl 00 EKempmd .0&vdapéva KOaT A& TNV

€l KDIYWV .y p EE ek i ¢ anvotdod qr O Seld)n

HOVTENA
aQUTOC



53 ¢ Uaasoe K 9acoe

AoapgBavoviag vmoyn TO TOpATIONE&EYX Brrwa X®d aT T OTIIJ@® VK
TNV KOTAT PnoRGBeww aResNetbl fanvue PBARupxad. Qo kKatat
EIL KORGBD € i v al T @Gegedb v OEAGE TI AOYEC OGUTEC €Y1 VvVav
MOVTEANO TIOWEKO LUEIOCHDC 0OVPp 0 T 0K GK OOATUOTI EXpeai  OTT OOOVOOTKIA N o N ¢ ,
CLUVAOIXI KOKpi Bel acg. Emmi ong TmTo1l oTttuinkvd KrtaoA O @ \p M€ Adav
KATATpHPuNnNnon TwWV €1 KOV WV 0OTen o XK aotnn ydoep i taag &t AoAvog , 4 OV
SlLopBbod@ounpOPBANUO TNGE pPpMVOPAIPOIDW@WYY O@ITTONE AL T
Eni onuwo vit&eaNetOlfcnpye PBnua 0. 0fidu skoendoamea ova ¢ eT
eppaypya mMoocooTOUL 0pPOBNC KATATMPMNONG TNC €1 KOvVAC
2 . TNV AQYn autnNg TNOQOocOaTMOgOdn feWokmainBe
MEYOAAUVDT EPOAOYPW BARERAAOL XWPiouv yKpeEPicopavagomp
TIRGBel kKOovaiq AapPBavoviag¢g uvmoyn PBe€Bara TO KOWM
mapaTtTneNOnke APTI a K OETPAIVY NTOING TEURKW ANTHD@.O N Ty [
TWRGBD €1 KQU WO U T 0 SegNelKTCETAPE pe X apn otnv UOmapg
MTAnpo@opiag TOU KAVOAI OU BdaBouvug va KATOTMNROEI
660Onkav aKOUN K Ol T@W WIVRMAET € PTWVP O@DWO X DV T A(
MPpOoOBAAUOTA OTNV KOTNYOoOpPlOTMOinon TWV YKPEMPL OPA
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6.Zge Ul YGeUUOU

To Ke@AaAalr o auvuto €ival ML o avagopda otnv ol
MTPOPBAAPMAT A TOULU OVINUETWNMODUNORAVUNKOBEPN AN OV DICK KO
XPpPHnoeir ¢ mMouv HBa pPpmopovLOE VO €XEL 1N €peEuLvVO ALTIN

6.1 | 398ahodud

&11t5v"’<' o 1’ >'1"‘ﬁ%GBJ'TT'hBth_ h >

To TeAlL KO pdOVT A oRGBe W weeTCIvARegNaiikfenp e pBAya pabno

0001, BD®UOE TO KAAOTEPOA OATMOTEAEOCMHMOATO OCULYKPILT
0Kl pdotnkaov oTnv ouvvbnkn Twv 50 emoxwv. QC pc
Kal emnmeepyaocia mapovociace pPrLa 101 OPOPp @I MOWC

aomoodoei xOBnke Aoyl KOG 010 OUVOAO TOULU KOBWE n €1
EKMTOi devon OAWVYV TWV HPOVIEAWY OTNnV OoLVOAKN T WV
oto0ol X¢(EBa KaB®)DEOTOIiNC O0TnNV MTOP @T EEEKIOVRNI KAaTnyopi a T
aovamapi ctatal ME TO XpPWPMA KOAaTnyoplomoinong T
Al BoOOOMEC KUPLOPXOUVYV OTI C OUYKEKPLMUEVEC €1 KOV
XOPAKTNPIL OTI KA KOITT@WOa TOQUETIpJd cvu W €T rpw TX01060d 0 v N .

Ground Truth Prediction
1]

00
a0
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00

KooBiU KooahaU "~ jebeoaed UsUlGey 13 ARHGes UlGey ¥ Uds aU0Udoeyald o0}

AOYywwV TPOPANPATWY AUVUT WV TO HPHONT EAQV O@maatpipo
MHEYOAWOTYsH@@OO O ME VWY KATA Tnv 81 adl Kaoia Tng €KT
TETO0OlLOUL €idoveg mMpoOoPBAAUaAaTO, HPE TNV €VOILAUueEOTNn K
MEPL OCOCOT E€EPWYV X OopT eaturennagpPuack TTNI PG odTIIKIXAVK o(ci € ¢ T N ¢
TOOWTEAO OUTO Yyl O TOa Pacl KA XAPOKTMNMIOO TXIGKOD TT
OLAEUVEIl L KAvVOTOIl NTIL KA, OdNUIOLPYWVTIOAC MeEPL KA
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Yas U280dKkoohsUd Ueoasctl 3 67v) ad RasNetpdl fercd) th¥eled) Va W oU) s UUsUe3ssoe

N o tnv KaAodtepn a&ltoAoynon TOU HPYOVITEAOUL E€VyI1\
OX €01 GOoT N KEA NOTEOPogcd proeod iTonuy € Eay wy N TNEI @@wo ya @Mw
TO PMOVTEAO. Omweg mapoatnpei tfiiv odoqmaoapidwamoa @O T
a1l 0Aoyn mpoomadel a KOTATUNONGCUATTWY €8 IVKDKQA V 0w [ ¥
Il KOVOTOI NTI K& Pde pepl KOG @mp otPfuhvh prai T6ao dooTunwvv , 0 pKBaN!

MTPWITN €1 KOVAO OmMoOUL O&EV €XEI TMPpOAOyPdaTOTMOIl NOBEi TATX
mapoatnpolvVIAl TaOa TMPpoOPBARPMATO TNC aAQvoyvwplaong W
Al Bodopég. Auvtd wppBadyEOULABdFDOPOHVWUI KAl wC €
vmepmnpooaverfitmg ¢ Hl vme pmMmpoCcapPUOY AVAOPEPETE OE

TTOL €XOULV TMOapaxBei AMO OAPXI TEKTOVIKEC VEULPWVI I
Eva OVTI KEegIiWeEVOTme gpumpopEdiouv v aGAANQ M e MTapopol O
XaopaKTnpl oTl K6 mapadel ypya €dw €ivalr kKat ot Ai
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612BV' Y <y USh 'Y <Yt ¢ RGEPH_Ch'_pE ‘K
To TgOIVKEAO TOoU ¢ RGBIEgIOMNKEE ¢ySegNepa I mo e 00OV
a@opd TNV KOTATMNON TWV €1 KOVvwV Taoa WNetbocoamavpa a
covbnkn Twv 50 emoxwv. Emnmiong oto pPoOVIEAO QLT
mapoatTnpnoOnkav KAMoOl a a&l oonMei wtiok 6xvaupvo, K TKNApOI Gt
oplrLopgeéva mpoRBAAuaTa TO omoia O6pwg PMmTopoLV va

0edOPEVWY Yyl o TNV €KMTOi devon TOU PpovIEAOUL. To
ETMI TUXIi O O0TNV KAOTATHPMNON VYKPEQ@U OQTAIOYO N K@® WK A IT (
VYVKpepPyi opata ATav Alyootd. Auvto miLoteveTal OTI

EKAV E ouvartn Tnv 0l agopoTmoi non Al Bodopuwv o T
Ll ao@opoTmMoinon OUTWV KATA& Tnrv cseetEceipdeauod rp T aow
Emi on¢g n Omapén kKkavaAil ol PBabouvg @aivetalrt va
ML KPOTEPWY OAVTIIKEI PEVWOY O0TNV €1 KOV O, OMOUL T
Eepoxopta dev e€Pd@avi CovTav IKKP OEATOIVK ENT CE PAQIaBva &L 00}
0coVv a@oOpa ToOoUug AiBouvg. EniongqOmwuoi ¥yEitTam!1 o viog €€
MTOAU KaAOTEpPO OpPpl O O OX€EON HPME TILC OOKI PMEC T W
EKEDI n oOuwo@ByYaOwAPIETe oNUOUTBDC KOOI pROADVES KaBITUE AL OT
MapOTMAVW CcuPdmepAdopPaTa TOAi pvouv pdopoOn Kol yivo

RGE-D Image Ground Truth Prediction
e — [
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Koohz KosohsU i oo )mselidich) o Uish BleeleyddlgrolffiTrut) i a e g (

Kal EOW OPywWE TOo TMPOPBAAUPAaTO TOUL TOAaPOULUOCIL AloOVTaOadl
1 i wg oT1T1 ¢ A1 BoOdOMPMEC O@EeEi NOV TEI OO QOEEGD ONIE W10 . A
UV ETMAEA T ETONPKOOKVA T W € 1EKO WePQqy oa i oarmoain®nkav wq¢ d0K
ELKOVEC aAnNbel ag uTEAdPIKCEA 4D 0 D T IGEKLHVE TUPROOBROMENY € WV
mpay pdaTt! KEMRI vwoa2@®Bq) K € ¢ (
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ApXt kKn €1 KoO6va Ei k6va mpopAely
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Yas UBAdohaUg UBooecl 3 Gvy agd BegNdeals eb ebeYli d0 .0000UL Uj c o UUo Ue3 oo e

ST1 ¢ mapamdlv®aRWpogdvagpi(vovTtal OAEC Ol KOTnNYyOof(

oplL oOoTei yla TnV EKMTOVNONETUINNKE TE@QY 0OOTilOCC EWCK Ox @
SUYKpivovTaog OaQUTEC ME TIC OAPXIKEC €1 KOVEC TIA |
KaAda Oopl a Kal Ol aXwpl opd Twv Al Bwv KOl T WV Yy

cuoveOnkn pag dei xvel TnuedEigg REBEDK GWM&WY up! & a @ O |
onNdMeEi a TnNg €1 KOVAOC TOU XOpPOKTITNPIOTI KAG oT1O0l X€EIi
XPNOonNn TOULU HPJOVIEDOQVAOKUODOAT POgRAGEDAQPOULCE amd A

KAaTAatpunon O0€&E€V €XEl TWPEYNVN@DIORDIYNMEKDI K@OWICa TOT@p
TWV Al BodoOpPwWVY Pe TOAO YyKpPpeEPMiopatra TOoaOpAaMPEVEL, o€
eai vertal o€ TMILO OMOI OPHJOPOPEC €1 KOVEC, 6c0co0VvV ao
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mapoatTnpeitTe pPILAaTREASONL AP TOTRY VROTAOY!I KO VA OV
BdBouvg O0TO TETOAOPTO KAV AAIL ev epdeavi ouvv d1 a
HMOVTEéAO.

6.1.31,J¢ﬂ*FkBJ>WA.A fB"-l.I\ 1I>RGB!hV!<v-|"
RGEBDs “ ¢ ' A

Ta d0Lo pdovIOXNKaAamMmOWCe MIEAE X & Yy R@GBKTIaORGB-DkddG Bveo bwa T n
OPKETA a1l OAoya amoTeAE o Reshetdifcnwo kKmoapha yuaiomd € 1
MTPpOPBANUA TNE PN OVOYyvVWWPIONGE HPILKPWV OTOLl XEi wv
VKPEMUI OMAT wV . SegNet € THiOVME A aTapoULOi a0 € TO TPOPBAN
KatTnyopltomoinong YKPEPIL OPATWV, 1N TNg €vitaing

ResNet101 fcn SegNet

Ug i bdh o é ResNapa EipalEegNet

Mapatnpwviag Tov MMep@a8xa@edv oai vaik® EOKOAO va vy
OTMOTEAECHPHAT WY OTI1 C KOIVEC €1 KOveEg mMpoOBAeYng T
HMOVTEAO. TIKPU TMTIWOEON @ KOTATMPMNnONGE €ivol OapKEeETA o
HMov T ResetOlfcnva pnv avayvwpi (et oxend ovwa koopbi (Ao v Ati
K al YKPEUI opoatli vixqBLEXT! | OKOESTOOU, E LK k@ BR O ET PIL KA

oxXnuaoatt kK& €xouvv id61a xoapaktnplotl kdad, e€@o60cov o0l
Ai OB&m¢ ong GAANO0 €va mMPOBANUAO TNE KATATMPMNnON OE€

KatTdatpunong &CepodpuoudoaTtk xiE Tame 2P wv  (
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Apxt kn Et K Etkova AANRBe Eit kova TMMpof

("

St : LWl =l Chae
Has U UdgdeossgUsay¥Y Y ceboars UURsNcOBithg e hebljc 8008 0cssoed

AuTO TO TPpOPBANUO Pde TNV a€ votlaoEpnd WIVEU Oaff @ BOPWKE T @ a
SegNet AO0yw TOULU E€TMITMTAEOV OTOl Xe€iouv TRHCvVvEeBWOPE KA
OTO0 TETOPE®I kv ddAvaTtTpeéxovTag OTOd TMOGCOTI KA X Of
(Mi val®eaagli vad)acmapaTtnpoLwTmIv K @egiefli v q i) poc
omoie¢ degv OGLPMPBadi ouvv pPe TNV TPAyHOATI KOTINTAA
OAYOpPpLOBUO €ival [ ow¢ Keal oag a@@odndTputhcamE dOKA UENR
K al 3, otnv doKlun 2 n Omapé&n avagagupobt® ¢ Or
Ol AXWPKPEREAL opdaT wv (MNavwao3Rerd adraqE @ ,0ev €xel ANap.
OAYyOplL OBpog daouppd®aEc, dEwWwWOoOTOwWw d0ONKE TMAPOMPOL O
0l oadl Kooia THRgi egaqaddidoocgega TPOPBANMPA TTOU TAPC
eivar auvtd 1TnNg pPn opbBNAC Katdtpunoncg oftiovi oxked Ccwv
e T KETOA 2) .

Apxt kn Et kK Etkova AAnRBe Ei kova TMMpof

HosUQQ:UHG ] ¥ U;ebaeeUL’]ﬁag\Ieteszaeg Uy csUUosaUs3ssaed

tov Ti ResMebtOl frnalvi v a2f)ai@ patT np & kpoa Pw¢ n ocouvoOnkn T
AnNAadn €va TEAIL KO OTMOTEAECHUO Pde. PUWNTWE ITTOTCDO)I0
ETMILAOYN O0€ aAuLTNR TNV TMeEpPpimMTwon d&evVv JPTOPEI va e
EMAPKWE OUVO HPHOVTEAAQI ROECOMHMOPQPEE XOODOOPEMPOUPET OO
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Byeil EVa TEAIL KO OTMOTEAEOCHO € 0w ReaNeldlfgaume Vv a
MepPl ooO0TEPO KOVAAL O yIia Tnv €vita&én kKal TOU Oc
omoTeEAEOPUOAT O O € wpwULKIEI OoTTa Aatn@E OUEWTE A a .

Vo4 ~

6.2 Y1 ebave UUU

Kupiapxo mpoéBANUO KOTAG TNV O1LAPKEL A TNC €pPpEULV
OCNUMOVTI KA OTO TEAILKO OQTMOTEANEOCHO, Kab wg dev
EKMTOi devon TOULU KWOI KaO. EKtd ToON@& 80D QY p AT QY TOa|Y O W
EQomOMpYXOV OO TNV OoapxXn o6edopéva Ba pmopolLoaAvV
K Ol amAoU0OTEeEpPNG MNXavi RandgmFerestRPEHL],Support\éecgtor € i v a1
Machines(SVM)[42] K adat A A 0 U ¢

Eva akopun mMTpOBANUO TOU MAPOULOI ACTNKE KatTa T
UTTOAOYI OTI KANC 1 oXxLg. O wgoAeOyl 6T E TMQU WOEmQEoOp
PEPEIl ENE JUEPMECAAi e 1l MO T NWP EKATPO WVEWW N CE& HPI KpP
OTMMOTEAEOCHPNA Yyl a KAaGBe pPpovieEAOLlD OEIaQ.i OAwDH NOOWO
XPOVOQW!I OLVUPYOUGCET OKQyll O PIONRVA Iypon Yy O pOT € pn €EKTTOVNON
eEMILAoyn puvBbpyiocewv, KoOBwWg ylrLa puvbpiocel ¢ OmMmwg ¢
AnebolOv vmoyn T1Ta dedopPdéva TpPpoOog emeepyaaocia. X
ME PBdon vgotemygiepx0 KOOl 0 X1 ME PBaon 1Tnv PBEA
MTapoOywyrn Tou KaALTepou duvuvaTtTol POVIEAOU.

o

63 zUso63Usoyd jsetaUsd

H ¢épeuvva auvtn O6a pmopovLoe va e€&eAl xbei pe o1 @
OAYyOpPlL Bpouv yI1 o «ovVKooy vxdpealtnomyecagritiofped YOUTOATOID O T € P € ¢ €
HMvnuei wv ylia T1 o OMAEC MPMEANETEC. Enmi ong 6a pm
OAYyOplL Bpouv oO6mouv dev Ba xXperLaletal TAEOV KATOI
pvnueiov, oRam o Kpitvdapal aouvToOpMATO ATO TO N

cuvoduvaopuo MPdE TOV ,K OKTaGOAWCN AKoa 1 o AoyTtonevl Bopwot o paT 0O TTO i N
OTTOU AaULTEC OnNnUlLoupyoULV TPOPRBAAUHAKEOYN nNUEECME UTVOOU
pmopovLoe vgbgpnygtrLpomgyv d1L epeldvnaon €vOog VEOUL M
n omoia ©6a oTtoXeULELI ceg auUTO6 TO TWMPORBANUO VYyI O
MVvnueM @v X piscN éytnn ot nv omoi a O6a pmopolLoe va Xp
Nol1l EPEDNQOKATATUNONGE €VOC OpPXOl OAOYl KOU X wpouv
CTpwWPATOTOi non TMoOULU € XEI onuitouvpynobei oeg aUTAN
XwpadeAog evdodlapeépov B6a e€ixe n afirLoAoynaon Kal

M otve AResNetmtou X pnot po Mo RGBMeKIakvp VKBOLIV ooviTioc P aBog o
KAVoAl @v TOoOULU OoOuUTaG PmopoLV va XpPpnotrLpgomol oLV
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