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MepiAnyn

O1 rerepacpévol TTOPOI Kal Ta KAIJOTIKA ¢nTHPOTA £XOUV KATAOTACE! avaykaia Tn eTapaon
OTO HOVTEAO TNG KUKAIKAG olkovopiag. Adyw Tng paydaiag aufnong Tng Tmapaywyng aoTIKWY
OTEPEWV ATTOPPIMMATWY TTaykKoouiwg, n EE €xer Béoel véoug oTOXOUG QTTOOOTIKOTEPNG
QVOKUKAWONG TOUG. 2uvhBwg Ta acTIKA atmoppiduata atroteAoUv Pia apkeTd TTOAUTTAOKN por)
OTEPEWV UNIKWV TTOU TTEpIAaPBAvel uETaAAa, EUAO, TTAAOTIKO, XapTi, YUaAi, UNIKG KOTOOKEUWY Kal
Kateda@ioewy K.a. H atmmoTeAeopaTIKA SIaAoyr) TwV UAIKWYV ATTOTEAEI Kpiolun TTpoUTréBeon yia pia
EMTUXNMEVN AVOKUKAWON, OUVETTWG N EPEUVNTIKA KOIVOTNTA £Xel OTpagei TTAEOV  OTIG
QUTOMATOTTOINUEVEG TEXVIKEG DIAAOYAG PE OTOXO TOV EKOUYXPOVIOHO Kal TNV Wn@lotroinon Tng
QvOKUKAWTIKAG dladikaciag, OTTou aloBnTApeg XpNoIYoTToloUvTal yia Tnv avixveuon Twv
QVOKUKAWOIMWY UANIKWY OTa atmmoBAnTa ue oKOTTO TNV GvATITUEN QUTOVOUWY CUCTNUATWY YIia TV
Tagivéunon Toug.

210 TAQioI0 QUTAG TNG OITTAWMATIKAG €pyaoiag £yive n avdmTuén evog alyopiBuou,
Baociouévou oe TeEXVIKEG BaBidg paBnong (deep learning), o€ epyacTnpIakd BIopnxavikod
TEPIBAAAOV, PE OKOTTO T dnuIoupyia VOGS QUTOUATOTTOINKEVOU CUCTHHATOG SIaXWPICHOU SUAIVWV
OTTOPPIMMATWY. H ektTaideuon Tou POVTEAOU TTPAYMOTOTIOINBNKE €Mavw ot Oedouéva TTou
TTpoépxovTav atmmd duo TToAuacuaTikols aioBntApeg (multispectral sensors) kai pia Blopgnxavik
Kauepa. Me autdv Tov TpOTTO ATAV SUVATA N AvVayvVwEIon, O XAPOKTNPIOUOG KAl I KATNYOoPIOoTToinon
TwV O10QOpwY €I0WV {UAOU, OTTWG £TTIONG KaI O dIAXWPICKOS Toug aTTd GAAa attéBANTa, pe Baon
TNV OUVOECH TOUG. 2Tn OUVEXEId akoAouBnoe n avtioTpo®n dladikacia TNG £maugnonsg Twv
EIKOVWY TTOU €iXape OUAAEEE! yia Tov EAeyx0 UTTAPENG BeATiwong oTnv akpifeia Tou JovTEAoU uag,
agloTrolwvTag Ta RON uttdpxovta dedouéva. Evw, 0To TEAOG, UAOTTOINBNKE pia €pguva TTAVW OTIG
Qaopatikég  fwveg, oOTa TIPOTUTTA  TNG €AoY xapaktnpioTikwy (feature selection),
QATTOCKOTTWVTAG OTN MEAETN TOU QVTIKTUTTOU €vOG €EOTTAIOHOU KOTWTEPOU ETMITTEOOU KOl KATA
OUVETTEIO OTO €VOEXONEVO WIAG TTIO EUPEING AGIOTTOINONG TOU TTAPaXBEVTOG HOVTEAOU.

Négeig KAeidia - ZUAiva AtroppippaTta, KukAikry Oikovopia, Texvntr) NonuoouUvn, ZuveAIKTIKO
Neupwvikd AikTuo, NMoAugacopatiky ATTEIKOvIoN.



Abstract

Finite resources and climate issues have necessitated the transition to the circular economy
model. Due to the rapid increase in the production of municipal solid waste worldwide, the EU has
set new targets for more efficient recycling. Typically, municipal waste is a fairly complex stream
of solid materials comprising metal, wood, plastic, glass, construction and demolition materials,
etc. The effective sorting of materials is a critical requirement for successful recycling and
therefore the research community has now turned to automated sorting techniques to modernize
and digitize the recycling process, where sensors are used to detect recyclable materials in the
waste in order to develop autonomous systems for their sorting.

In the context of this thesis, an algorithm based on deep learning techniques was developed
in a laboratory industrial environment, in order to create an automated system for the separation
of wood waste. The training of the model was performed on data received from two multispectral
sensors and an industrial camera. In this way it was possible to identify, characterize and
categorize different types of wood, as well as to separate them from other waste based on their
composition. Then followed, the reverse process of augmenting the images collected to check
whether an improvement in the accuracy of our model was possible, using the existing data. In
the end, a research on the spectral bands was implemented, in the standards of feature selection,
aiming to study the impact of a lower-level equipment and consequently the possibility of a wider
usage of the generated model.

Keywords - Wood Waste, Circular Economy, Atrtificial Intelligence, Convolutional Neural
Network, Multispectral Imaging.
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EuxapioTieg

Kartapxdg, Ba nBeAa va guxapioThow Beppd Tov emBAETTOVTA KABNYNTH Wou K. MNavayiwTn
Toavdka, 0 OTT0i0G JE EPTTIOTEUONKE yIa TNV EKTTOVNON QUTAG TNS OITTAWMATIKAG Epyaciag. AKOUN,
oQEiAw éva TEPAOTIO EUXAPIOTW OTOUG TTAvTa TTPpéBupoug K. ZABBa Zigvaio kai K. Mewpylo
ApBaviTdkn TTou ATav KABe £BOouGda TTapAVTEG Kal OTABNKAV apwyoi oTnv TTPOCTIABEIa Jou.
Xwpig ekeivoug n Tmepdtwon TnG OIMMAWMATIKAG Wou Ba kaBioTavrio apkeTd dUCKOASTEPN Kal
adlap@IoBATNTA AIYOTEPO EUXAPIOTN EPTTEIPIAL.

2Tn ouvéxela, Ba nbeAa va euxapioTriow Toug TTaIdIKoUg Pou @iAoug TTou dev ETTayav va
mOoTeloUV O€ Péva, TOUG OCUM@OITNTEG POU -TTou TTAEoV yivav @ilol- kal pgou €dwoav Tnv
aTTOPEAITNTN WONOoN yIa TNV ATTOTTEPATWON TWV CTTOUdWYV HOU, TOUG avBpWTTOUG TTOU PHECW TNG
OXOANG atTékTnoa TN duvaToTnTa va yvwpiow, aAAd Kal GAOUG 6GOUG CUUTTOPEUBRKAE YIa KATTOIO
dIAOTNUA Kal ETTEITA O KUKAOG HAG EKAEIOE.

TENOG, XPWOTW APEPIOTN EUYVWHOOUVN OTAV OIKOYEVEIA JOU YIa TNV aviOIOTEAR aydTTn Toug
KAl TN oTAPIEAH Toug OAa auTd Ta XPOVIa.
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Eikéva 1. lMpoBAemouevn mapaywyn amoBAnTwv avd mepioxni (EKaTouuupIia TOVoI/ETOG).

2TOV EKOUYXPOVIOUO Kal TNV aoTIKOTToinon TNG Kabnuepivijg {wnG, avatTOQEUKTA TTAPAYETal
MEYAAN TTOOOTNTA QOTIKWY OTEPEWV atToBAATWY (AZA). Ta améfAnTa {UAOU atToTEAOUV Tnv 6N
peyaAUuTepn katnyopia AZA. Ztnv Eupwtrn padi pe tnv Kevtpikr Acia, 1o 2016, TTaprixénoav 392
EKATOMMUPIa TOVOl AZA, o1 oTroiol JeTa@pdlovTal Ot TTEPITTOU 23,5 e€KATOMMUPIA TOVOUG
atmmoBAATwY {UAou, dedopévou OTI Ta aTToppipydaTa gUAou kKaTaAauBdvouv oxeddv 10 6% Tou
OUVOAIKOU TTooooTOU Twv AZA [1].

O1 metmrepaopévol TOPOI Kal o1 TTEPIBAAAOVTIKOI KivOuvol €Xouv KATOOTAOElI avaykaia Tn
MeTABaon oTo POVTEAO TNG KUKAIKAG oikovopiag. Adyw Tng Taxeiog auénong mmou TTPoBAETTETAI
oTnv mapaywyr AZA TTaykoopiwg kai yia Adyoug BiwaoiydTtntag, n EupwTraik ‘Evwaon €xel B€ael
QUOTNPEOTEPOUG OTOXOUG VIO TNV avAKUKAWGN Kal €XEl apxXioel va evBappuvel TIG KUBEPVAOEIG va
QVOKUKAWVOUV Ta aTeped amoBAnta. Qotéc0o, 0 diaXwpIouos TwY ATTOPPIMMATWY UAOU PECW
TEXVIKWV TEXVNTAG vonuoouvng e€akoAouBei va rapapével va avegepelvnTo tedio.

O Tahiég TTapadooiakdg TPOTTOG dlaxwpIcHoU TwV ATTOPPINUATWY gival n PéBodog TNG
XeIpodiaAoyrg, Katd Tnv oTroia atracyxoAouvtal AvBpwTrol yia va diaxwpioouv TIG OIAPOPES
Katnyopieg UAIKwv. QoTtdoo, AOYyW TNG HAKPOXPOviag £kBeong ot Togik& kal TTaboyova
mepIBAANOVTO €pyaaiag, n XEIPWVAKTIKN OlaAoyr €xel TTOAOUG TTapdyovTeg Kivouvou, uwnAo
epyaTikd KO6OTOG Kal xaunAn amdédoon diahoyng. O atmmoTeEAECUATIKOG BIAXWPITHOS TV UAIKWV
atroTeAEl Kpioiun TTPoUTTO0ECN YIa TNV ETTITUX AVOKUKAWOT, yI' QUTO KAl N €PEUVNTIKI KOIVOTNTO
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EXEl OTPAPEI OTIC AUTOUATOTTOINUEVEG TEXVIKEG DIAAOYAG PE OKOTTO TOV EKOUYXPOVIOWO Kal TNV
wnelotroinon Tng dladikaciag avakUkAwaong, OTTou XpnoiydoTrololvTal alioBnTApeg yia Tnv
QAViXVEUON QVOKUKAWOIMWY UAIKWY OTa attoBANTa, TTPOKEINEVOU va avaTrTuXBouv auTtévoua
oucoThuaTa dlaxwpeiouou.

2uvnBwg, Ta AZA cival éva apkeTd oUVOeETO peiyua oTepewv UAIKWV TToU TTEPIAQUBAVEI
METOAAQ, TTOAUPEPA-TTAQOTIKA, EUAO, XOPTi, YUOAI, UNIKG KATOOKEUWV KAl KATEOOQPIOEWV K.ATT.
EmmAéov, Ta amoppiypata {UAou €xouv PeyAGAn TToiKIAia, TTOAUTTAOKN oUvBeon Kal TTOo00TO
QVOKUKAWGONG TTOU £6apTATAl OTTO TNV KATAOTAOT KABE PEPOVWHEVOU TEPAXIOU.

AapBavovtag 6Aa autd uTTOWn, TTAPOKIVAOAKAUE va avaATITUEOUUE £VA QUTOPATOTTOINUEVO
oloTnua TToU gival o€ B€an va avayvwpidel TIG BIAPOPES KATNYOPIEG aTTOpPIUMATWY EUAOU Kal va
dlaxwpilel Ta EUAa atrd To TTAAOTIKA. AUTO TO oUCTNUA dUvATAl VO ATTAITEN AlyOTEPO XPOVO YId TN
d1aAoyn Twv aTToBARTWYV Kal Ba givail TTo akpIBEG oTnv TagIivounaon atrd Tov XelpokivnTo TpdTTo. To
véo oUOTNPO dIaxwpICHUoU TTOU TTPOTEIVETAI OTNV TTAPOUCa DITTAWPATIKA TTEPIAANPBAVEI OTITIKN
olaAoyn Kal dlaAoyr PE BACHN TNV TTOAUPACUOTIKA ATTEIKOVIOT. ZUYKEKPIYEVA, N EKTTAIOEUCH TOU
MovTéAou Ba BaacifeTal oe dedopéva TTou TTPoEPXoVTal aTTd dUO TTOAUPACHATIKOUG aloBnNTAPES Kal
Mia Biognxavik kauepa. Me autdév Tov TPOTTO, N TAUTOTTOINOTN, O XAPOKTNPIOWOS KAl N
Katnyoplotroinon Twv EUAwv Ba yivetar Xwpic k61TO Pe Pdon Tn ouoTtacr Toug. Me Tnv
XPNOIYOTTOINGN TOU CUCTHUATOG, TA dlaXwpIohéva atTORANTA TTOU BPiCKOVTAl O£ KOAA KATAOTAON
Ba ptTopolv akdéun va avakukAwBoUv Kal va PETATPATIOUV O€ eVEPYEID i KAUOIUA yia Thv
avaTTuén TnG olkovopiag. AAMWOTE, N €vvola TNG KUKAIKAG OIKOVOUIOG CUVOEETAI OTEVA WE TN
dlaxeipion Twv EUAIVWY ATTOPPIMUATWY Kal pia TETola TTPoofyyion TrepIAauBdvel Tnv egelpeon
TPOTTWY ETTAVAXPNCIKPOTTOINGNG Tou EUAOU avTi TNG aTTANG aTTOPPIYNG TOU.

EmmAéov, €vag akdun oTOX0G auThAG TNG £peuvag ATav va €¢eTdoel To Babud oTov OTT0iI0 O
uWnANG TexvoAoyiag eEOTTAIGNOG eTTNPEAlel TNV ATTOd0aN Tou dIaXwpPIoTH. ZTOX0G Pag fTav va
aflohoyooupe kKatd TTOCOV N agloTroinon Kopugaiou €EOTTAICHOU Ba amé@epe ONUAVTIKEG
BeAniwoeig otn diadikacia diaAoyng. AuTtr n Kareubuvon €psuvag ATav CWTIKNAG onpaciag, d10TI
€av 0 €€OTTAICNOG UWNANG TexvoAoyiag dev TTapouaiale onUavTIKN €TTIPPON GTNV atrodoacn Tou
dlaxwpIoTA, autd Ba oruaive 6Ti n dlaxeipion Twv EUAIVWY aTTOPPIMUATWY Ba PTTopoUcE va Yivel
TIPOGITA O€ £€va EUPUTEPO KOIVO TTAYKOTHIWG. AuTo Ba dvolye EUKAIPIES VIO TTEPIOXEG KAl KOIVOTNTEG
ME TTEPIOPIOHEVOUG TTOPOUG VA UIOBETAGOUV TTAPOUOIEG TTIPOKTIKES BlaxEipiong atToBAATWY. ZTOX0G
HOG ATAV va atTOKAAUWOUNE TIG dUVATOTNTEG VIO OIKOVOUIKA aTTODOTIKEG KAl ETTEKTACIUEG AUCEIG
otn diaxeipion amoBAATwy EUAou, oI oTroie¢ Ba pPTTopoUCAV VA ETTNPEACOUV BETIKA TIG
TTPOCTTA0EIEC TTEPIBAANOVTIKNG BIWCIUOTATAG TTAYKOOHiWG.

To olUoTnua TToU avaTrTuxenke yia Tov OIaXWPIOHO TwV CUCCWPEUPEVWY aTTORAATWY
Bagiletal oTnv évvola Tou GUVEAIKTIKOU veEUupwVIKOU BIKTUOU. O1 e€€AIEEIC OTNV TEXVNTH vonuoauvn,
1I0iwg oTov TOHPEA TNG MNXAVIKAG MABNONG Kal TNG Opacng UTTOAOYIOTWY, €XOUV BEATIWOEI
onMavTIKA TNV aKPiBEIa KAl TNV OTTOTEAEGUATIKOTNTA TNG TASIVOUNONG TwV OTTOPPIMMATWY,
BonBwvtag épya OTwg autd. Me Tn xprion oAyopiBuwv Kal VEUPWVIKWY OIKTUWV TToU
eKTTAIOEUOVTAI O€ JEYAAA OUVOAQ BESOPEVWYV ATTO EIKOVEG ATTOBAATWY, O INXAVEG UTTOPOUV TTAEOV
Va avayvwpeifouv Kai va TagIvopouv dIapopeTIKOUg TUTTOUG UAIKWYV TTOU ATTOPPITITOVTAI JE JEYAAN
akpipela.
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Alaxeipion AtroARTWY

H diaxeipion atmoBARTWY TTEPIAaUBAVEI TIG DIABIKATIES KA TIG EVEPYEIEG TTOU £ival ATTAPAITNTEG
YO TO XEIPIONO Twv atmmoBANTWY KaB' 6An Tn didpkeia Tou KUKAou {wn¢ Touc. MepiAauaveTal n
OUuAAoyr, N HETaQOPA, n eTTECEpyaTia Kal N amoBeon OTN XWHATEPT TWV ATTOPPIMPATWY, KABWG
Kal N ETTOTTTEIA KAl 0 €AeyX0G TNG d1adIKaoiag auTtrg Yadi ue oTTolI0dNTTOTE VOUOBETIKO, TEXVOAOYIKO
Il OIKOVOUIKO UNXQVICHO OXETICETAI JE TA ATTORANTA.

Ta amépANTa gvioTe gvéxouv Kivduvo yia Tnv avBpwTrivn uyeia. Ta BéuaTa uyeiag Prropouv
va ouvdeBolv e oAOkAnpn Tn diadikagia dlaxeipiong ammoppPINPATWY. O XEIPICPOS TWV OTEPEWV
atmoBAATWY UTTOPEl va TTPoKaAéoel dueca TTPORAAPATA uyEiag, evw n KatavadAwaon vepou Kal
TPOYiPWYV PTTOPEl va Ta TTPOKAAEDEl Eupeca. H avBpwTTivi dpaoTnpidTnTa, OTTWG N €60pUgn Kai n
emegepyaoia Baoikwv TOpwyv, TTapdyel arépAnTa [2]. H diaxeipion amoppIdudTwy OTOXEUEl OTN
MEIWON TwV apvNTIKWY CUVETTEIWV TWV ATTOPPIMPATWY OTo TTEPIBGAAOV, TNV avBpwTTIvn UyEia,
TOUG TTOPOUG TOU TTAQVITN Kal TV aloBNnTIKA.

Ta aoTIKG oTEPEG aTTOPANTA, TA OTToia TTApAyovTal ATTO BIOKNXAVIKY, EMTTOPIKA KAl OIKIAK
dpaoTNPIOTNTA KATAAANBAVOUV CNUAVTIKG NEPOG TNG BlaXEIPIONG TwV aTTOPPIYPATWY. YTTdpXOouv
O1aPOPEC OTIC TAKTIKEG OlAXEIPIONG ATTOPPIMUATWY PETAEU AVETTTUYMEVWY KAl QVATITUCGONEVWYV
XWPWYV, ACTIKWV KAl ayPOTIKWYV TTEPIOXWYV, OIKIOTIKWYV KAl BIOUNXOVIKWY TOPEWY, AKOUN Kal EVTOG
NG idlag xwpag [3].

Av Kal n atmoTeAeouaTikh dlaxeipion Twv ammopPPIMUATWY gival CWTIKAG onuaciag yia
onuioupyia BILCINWY Kal BILCIHWY KOIVOTATWY, TTOAG avatrtucodueva €0vn egakoAouBouv va
duckoAgUovTal Ye auTrjv. Kar o Adyog tricw atd autod, ocUuewva Je pia épeuva [4], eival To KOOTog
TNG ATTOTEAEOUATIKAG SIAXEIPIONG TWV ATTOPPIPMKATWY TTOU CUVHBWG avTITTIPOOWTTEUEI TO 20% €W
10 50% TWV dNPOTIKWYV TTPOUTTOAOYICHWV.

O1 TTpwTEG MOVADEG ATTOTEQPPWONG, N «KATACOTPOWYEIG», OTTWG £yivav TOTE YVWOTOI,
avaTrToxOnkav w¢ amavinon oTnv atrdétoun augnon Twv ATTOPPIMPATWY TToU ETTPETTE VO
atmoppiPBouv. QoTdéc0, AOyw TNG TEPAOTIAE TTOCOTNTAG GTAXTNG TTOU dnuIoupyoucav Kal TOU
TPOTTOU HE TOV OTTOI0 aUTr) KUKAOQOPOUOE TTAVW aTTo TIG YUPW TTEPIOXEG, EKEIVEG BEXONKAV PEYAAN
KPITIKA [5].

ZUAIva AtroppippaTta

O 6pog "¢UNiva atroppippaTa” avagEpeTal o€ €va oUVOAO ATTOPPIYPATWY TTOU TTEPIAAUPBAVEI
OTTOPPITITOMEVA TTPOIOVTA EUAOU aTTO SIAPOPES PIOUNXAVIEG, CUUTTEPIAQUPBAVOUEVWY TWV TOUEWYV
ouoKeuaoiag Kal eTmegepyaciog ¢UAoU, KaTEdAPIONG KOl KATAOKEUAG, KABWG Kal ISIWTIKWV
VOIKOKUPIWY KOl KATOOKEUAG O1dnpodpouwy. H tTapaywyr) evépyelag Kal Ta véa duvnTikd
TTPOIOVTA, CUUTTEPIAGUBAVOUEVWY TWV XNMIKWY, TWV BIOKAUGIHWY KAl GAAWV AlyVOKUTTAPIVIKWV
UAIKWV, PTTOpOUV E£TTIONG va XENOIYOTTOIOUV auTd TA OTTOopPiuMaTa w¢ deutepeloucda TTnNyn
TPWTWV UAWv. MNa mTapddeiyua, AITToé@IAa Kal udpo@IAa eKXUAIoUaTa TTou Bpiokovtal oTo QA0IO
TOU {UAOU PTTOPOUV va XPNOIPoTToiNBouv yia Tn dnuioupyia TTPOoIOVTWY UWNANG agiag, OTTwg
KOAAUVTIKEG EVWOEIG /| @APUAKEUTIKA TTpoiovTa. Me mrapduoio TpdTTo, TO BIOEAAIO TTOU €AyETal
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atrd TTOPOUG ATTOPPIMUATWY EUAOU cival TTOAU XPROINO WG ETTEKTATIKO KAl TPOTTOTTOINTIKG yia
OUVOETIKA ao@AAToU, hE BAon TO TTETPEAAIO, 0T ONUIOUPYIG ACPOATOOTPWHEVWY OPOUWY. AAAEG
XPNOoE€IG uYnAng TmpooTIBEuevng agiag yia Ta ammoppiypata EUAoU PTTopEi va TrepIAapBdavouy Tnv
TTapaywyn Blokauciuywy Kal oUveeTwv UAIKWYV PE Baon 1o EUAO, Ta oTToia uTropoUlv va cupBdaAouv
oTn peiwaon Twv TTEPIBAAAOVTIKWYV ETTITITWOEWYV TNG Blounxaviag Tng EuAgiag kar otnv KAAuywn g
augavopevng CnATnong yia guho. Emopévwg, n daocikry Blogynxavia Ba TTpémel va dwoel
TPOTEPAIOTNTA O€ METPA TTOU  MEIWVOUV, avoKToUV Kal BeATIOTOTTOIOUV Tn XPAon Twv
QTTOPPIMHATWY EUAOU TTOU TTaPAYOoVTal KATA TN CUYKOWMIONA Kal TNV £TTEEEPYaaTia.

Ta ammoppiypata EUAOU Kal Ta UTTOTTPOIOVTA TTOU TTapdyovTal atrd BIOPNXAVIKEG dlEpyaaicg
ME Bdon 1O EUAO uTTOpOUV va XpnoiyotroinBoulv yia Tn dnuioupyia evog eupéog PACHATOG
WOEENIPWY Blounxavikwy TTpolovTwy. Ta TTPIOTHPIA CUYKEVTPpWVYOUV ouviiBwg 1 Tévo Tplovidl,
pokavidla, XovTpES TTAAKEG, QETEG Kal ywvieg avd 1000 1Tédia EuAeiag TTou TTapdayovTal. MNepitrou
T0 75% auTtoU Tou UAIKOU TTpOG ammoppiyn, atroTeAeital amd {UAo Kal To uttéAoitto 25% cival
PAOIOG, O OTTOIOG PTTOPEI VO PETOTPATIEI OE EVEPYEIAKES ) YN €papuoyéG. Ta ammoBAnTa EuAou
MTTOPOUV va gival ETTWQPEAN OGOV a@opd TNV TTapaywyr evEPYEIOG HECW TTOAWV PHEBSdWY GTTwG
N Kauon Kai n cuptTapaywyn. Ao v dAAn TTAeupd, Ta aTToppippaTa GUAOU PITTOPOUV ETTIONG VA
XpnoigotroinBouv yia un evepyelakoUg oOKOTToUg, OTTWG N KATOOKEUr OUvBeTwv ocavidwy,
TTPOIOVTWY KAAUYNG ETTIPAVEIWV, KOUTTOOTOTTOINONG KAl TOIJEVTOOQVIOWY [6].

H épeuva €xer Ocgiel TTOAOUG TPOTIOUG yia Tnv TTPOCTIBEUEVN aia, PETATPETTOVTIAG T
atmoppidgpata EUAou oe AN Xprioiga  TrpoidvTa. a  Topddeiyud, HIa  PEAETN  TTOU
TTpaypaToTroIinonke atn PivAavdia €5€1Ee TTOAAEG augavopEevEG ayopES yia TTPoIOvVTa Ye BAaon TO
€UAo, Kupiwg upaopaTa, xNUIKA, BIokaUuoIua Kal UTTOKATACTATA TTAACTIKWY. ETTITTAEOV, Jia HEAETN
oTn ZiptrauTroue €6€1EE OTI N TTAEIOVOTNTA TWV TEPAXIWY KAl TWV POKAVIBIWV ATTO ETTIXEIPNOEIG UE
Baon 1o EUAO xpnaipoTToloUVTal WG KAUGOEUAQ aTTd TOUG VTOTTIOUG KAl OE EUTTOPIKA TTPIOVICTHPIA
yia T dnuioupyia atpou yia oTteyvwthpia KAIBAvou. Ev Tw peTalu, epeuvntég otnv lamwvia
atroKAAuUYav OTI 01 €TAIpEiEg ETTITTAWY TTapryayav 15 ekatoppupia KUBIKA PETPA ATTOPPIUKATWY
&UAou, atrd Ta otroia TTvw atrd 10 90% avaKUKAWBNKAV yia TRV KOTAOKEUN TTAVEA Kal KAUCTHWYV
pe Baon 1o EUAO.

KukAikl Oikovopia

H KUKAIKA olkovouia €ival pia evOAAOGKTIKA AUON avTi diag TTapadooiaknG YPAPMIKAG
OIKOVOIaGg (KaTaoKeur, Xpron, omréppiyn) Kal emouévwe €va vEo POVTEAO TTapaywyrhg Kal
KatavadAwong Tou Trpodyel TN PIWOIPN avaTTugn pakpoTrpdBeoua. YI0BeTwvTag QUTAV TNV
TTPOCEYYION, MTTOPOUHE va BEATIOTOTTOINCOUNE TN XPHON TWV TTOPWY, VO EAAXIOTOTTOINGOUNE THV
KatavaAwon TPWTWY UAWY Kal vd €TTAVAYXPNOIYOTIOINCOUPE Ta aTTORANTa PECW  TNG
QVOKUKAWGONG i} AAAWV pE€owy yia Tn dnuioupyia véwv TTPoidvTwy. Av Kal autdg 0 6pog « KUKAIKN
Oikovopia» €xel TTpOéo@ATA ATTOKTACEI JEYAAN dNUOTIKOTNTA, N €vvOla UTTAPYXEl OTTO T OEKAETIO
Tou 1970. ApYIKA TTPOTABNKE WG PMECTO AVTIMETWITIONS AVNOUXIWY OXETIKA UE TNV Ao@AAEIa TwWV
TOPWVY Kal TN OTTavIOTNTA O€ TOTTIKG KAl €BVIKO €TTiTredo, KABWS Kal w¢g PEBodOG ueiwong Twv

TTEPIBAANOVTIKWV ETTITITWOEWY TWV TTPAKTIKWY TTAPAYWYNS Kal KATavAAwong.
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O o16X0¢ TNG KUKAIKAG OIKOVOIAG €ival va PEYIOTOTTOINCEI TN XPNOIMOTNTA TWV dIABECINWY
TTOPWY aKOAOUBWVTAG TPEIG BEPENIOEIG APXEG: MEIWON, ETTAVOXPENOIYOTTIOINCN KAl AVAKUKAWGO.
Autl n peBodohoyia cupPdaAAel oTnv TTapdTtacn TOu KUKAOU CwhG Twv TTPoidvTwy, oTnv
eAaYIOTOTTOINON TWV QTTOPPIMUATWY Kal OTnv KABIEpwaon HIaG TTO ATTOTEAEOHATIKAG Kal
OIKOAOYIKNG HEBGOOU TTapaywyng JE TNV TTAP0d0 Tou XPOvou. H KUKAIKA oIKovouia euTTvEETAI TTO
™ @uon, Otmou kKABe ayaBd eival TTOAUTIMO Kal Ta ATTORANTA HETATPETTOVTAI O VEO TTOPO,
ETTITUYXAVOVTAG £TCO1 MIA IGOPPOTTIA ETAEU TTPOOSOU Kal BIWaINOTNTAG.

Linear Economy

Circular Economy

7 '8
- <nnl L '|
Take Make Dispose

Eikéva 2. Npagikn avarmapdoraon g pauuikng Oikovouiag o ouykpian ue 1nv KUKAIKN.

H cuoowpeuon PN avakUKAWGCIJWY OTTOPPIYNPATWY GE XWPEOUG UYEIOVOUIKNAG TAPAG 0 OAO
TOV KOGMO aTTOTEAEI ONPAVTIKA ATTEIAR VIO TOV TPOTTO {WNG YAG OTO £yYUG MEAAOV, €AV N YEVIA PaG
Oev evepynoel ypriyopa yia va tTnv atrotpéyel. Autd Ta atrépAnTa ptmopolv va au¢Acouv Tnv
eEATTAWON a0BeveIWY PECW QOPEWV OTTWG TA EVTOUO KAl TTIO CUYKEKPIPEVA O PUYEG Kal Td
KouvouTria. EmTAéov, N CUCCWPEUCN ATTOPPIMUATWY PTTOPET VO KATAOTPEWE! TN QUOIKI OPOoPQId
TWV OIKOTOTTWY, va odnynoel o€ amoyilwon Twv daowv Kal putravon Tou £0d@OUg Kal TwvV
UdATWYV AGYW TNG TTAPOUCIag TOEIKWY XNMIKWY OUCIWY G€ akaTtaAAnAa eTTe€epyacpéva UAIKA. AuTh
n putravon prropei va diatapdéel Tnv Tpo@Iikr aAuaida, odnywvTag o€ TTEPICOOTEPEG AOBEVEIEG KAl
TTPOBAANATA UYEIOG YIa TOUG AVOPWTTOUG KAl T OIKOCUOTAMUATA TTAYKOOHiWG.

YTrapyouv TpeIG Bacikoi Adyol yia TOUG OTTOIOUG N CUCCWPEUCT) ATTOPPIMKATWY EXEI YiVEl TTIO
ooBapn atelNf Ta TeAeutaia 50 xpévia. Q¢ TTPWToG AGYog gival n EAAeIyn dIaBecIudTNTAg OTNV
ayopd AVOKUKAWGCIPWY €10WY, TTapd TIG TIPOCTIABEIEG TWV ETAIPEIWV VA avaTrTUuEouv o Biwoiua
Kal QIAIKG TTpog 1o TrePIBAAAoV TTpoidvTa. O deuTepog AGyog gival o uTTEPTTANBUCGG, O OTToI0G
OeixVvel TNV UANIKOTEXVIKI TTPOKANCN KATA TN dlaxeipion TG TTapaywyng amoppINPAaTwy TTou £XE
WG aTTOTEAECHO UWPNASGTEPO TTOCOOTO ayaBwY va KATAAAYOUV O& XWHATEPES 1 AKOPA Kal OTOV
wkeavo, ernpedlovrag TN ¢wn Twv BaAdooiwv €1dwv. TENOG, O TPITOG AOYOG eival N €AAEIWN
OUJMETOXNG TNG KOIVWVIOG OTNV QVTIMETWTTION {NTNUATWY OTTWG N KAIMATIKA aAAayh Kal n
oucoWwpPEUON AaTToRARTWV.
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MNa va @avei 1o {Tnua Tng cucowpeuong amoBAATWY Yéoa atd dedouéva, sival onUavTiKo
va onueiwBdei 0TI 0 TTAYKOOMIOG TTANBUCUOG TTapdyel JeTaglu 7 Kal 9 dIoEKATOUMUPIWY TOVWV
QTTOPPIMHATWY £TNCIWG, €K TWV OTTOIWY TO 70% &¢ev SlaxeIpiCeTal CWOTA KAl KATAANYEI O XWPOUG
UYEIOVOMIKNG Tagrg, BéTovTag Kivduvo pUTTavong Tou QuaoikoU TTePIBAAAOVTOG Kal Th dnuioupyia
vEwV KIVOUVWYV yia TNV uyeia, OTTwG Ta MIKPOTTAACTIKA TwV WKeAvWwy. 2T1a Oedopéva autd
TePINAPPBAvovTal OAa Ta XPNOIYOTTOINUEVA, AVETTIOUUNTA KAl ATTOPPITITOYEVA QVTIKEIMEVA TTOU
onuioupyolvTtal aotmd avBpwtroug. QoTdoo, umTapxel Ola@opd METAEU TwV  GUVOAIKWV
TTaPAYOPEVWY ATTORANTWY KAl TWV ACTIKWV OTEPEWV aTTORANTWY (AZA), Ta OTToia aTTOoTEAOUVTAI
HOvVOo atrd Ta OKOUTTIdIA TTOU TTAPAYOVTAl O€ QOTIKEG TTEPIOXEG i OTIG YUpwW TTEPIOXEG. MepitTou 2
dioekatopuUpia Tovol AZA TrapdyovTal KGBe Xpdvo, Je Trepittou 1o 33% auTwyv va Pnv ugioTtaTal
KAatdAAnAn emeepyaoia. Autd onuaivel o1l kGBe daropo Trapdayel amoé 0,1 €wg 4,5 kNG
QTTOPPIMMATWY TNV NUEPQA, YE HECO 6po 0,7 KIAG. EmiTAéov, avapéveral 6T Ta AZA Ba au¢nbouv
oe 3,4 dloekaTtoupupla TOVOUG MEXPI TO 2050 AOyw TOU TOXEWG QAUEAVOUEVOU TTAYKOOMIOU
TTANBUoPOU Kal TG avdaykng va XpnoIhoTToinBouUv EKTEVWG Of YUOIKOI TTOPOI YIa TR BIOUNXAVIKNA
avaTTuén Kai Tn diatrpnon Tou TTOAITIOUOU Uag.

=UAiva Atroppippata Kai KukAikiy Oikovopia

To §UAo gival £éva UAIKO QUOIKO, avaveWTIHO Kal BIOdIACTIWHEVO KAl £XEI EEAIPETIKEG NXAVIKEG
Kal BepuIKEG 1010TNTES. O1 TTEPIBAANOVTIKEG ETTITITWOEIG KATA T OTAdIA TTAPAYWYAS Kal TEAOUG
(wnRg Twv EUAIVwV UAIKWV gival yevikd Aiyotepo emBAafeic amd ekeiveg Twv 1000UVAUWY
avopyavwy UAIKWV i UNIKwY Je Bdon Ta opukTd. H évvoia TNG KUKAIKAG oikovouiag ouvoEeTal
oTevd Pe Tn diaxeipion Kal Tn Xprion atroppliypdtwy EUAOU Kal yia TTpocéyyiorn autou Tou €idoug
Ba cuvertaydétav Tnv €0pecn TPOTTWVY ETTAVAXPNOIMOTTOINONG A avakUKAwGNG Tou {UAou avTi
ATTAWG TNG aTTOPPIYAS Tou [7].

AuTo Ba ptTopoUlce va TTEPIAAUPBAVEL TNV ETTAVAXPNOIPOTIOINGN TOU WG TTPWTN UAN yia véa
TTPoIGVTA e BAon To EUAO A TN XPrON TOU WG TTNYN KAUGIJOoU, OTTWG yIa TNV TTApaywyr EVEPYEIOG
atréd Biopdla. Me Tnv eTTavaxpnoipgoTToinon A TNV avakUKAWoN atToppIdPdaTwy EUAoU, UTTOPOUE
VO UEIWOOUME TNV TTO0OTNTA TWV OTTOPPIMUATWY TTOU KATAAAYOUV OTIC XWHOTEPESG Kal va
EAAYIOTOTTOINOOUPE TNV aVAYKN VIO VEEC TTPWTEG UAEG, TTou CUPPBAAAouv oTn diathpnon Twv
QUOIKWY TIOpWV Kal oTn HeEiwon Twv TTEPIBAANOVTIKWY ETITITWOEWY TNG €£6pugng Kai
emmegepyaoiag mOpwyv. EmITAéoV, n emavaxpnoipgotToinon Kail n avakUKAwGCT oTToppIdPaTwy
EUAouU pTTOpPEi £TTIONG VA dNUIOUPYHOEI OIKOVOUIKEG €UKAIPiEG, OTTWG TO Avolyda VEWV BEoewv
gepyaciag oTn Plognxavia avakUKAwoNG Kal emavayxpnoigotroinong. Aapdavoviag umoywn Ta
TTAPATTAVW, N TTPOCEYYION TNG KUKAIKAG OIKOVOUIOG gival €vag onuavTiKOg TpOTTog dlaxeipiong Twv
ATTOPPIMMATWY EUAOU UE TTIO BIWOCIUO KAl TTPOCEKTIKO TPOTTO.
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Karnyopigg ZUAIVwV ATToppINaTWYV

MNa Toug OKOTTOUG TNG TTapoucag JITTAWMATIKAG epyaciag Ba TrepIOpicOUNE TIG TECOEPIG
ETTIONUEG KOTnNyopieg OTIC oTroieg xwpilovral Ta fUAiva armoppiypaTta amdé v ‘Evwon
AvakukAwTwyv Z0Aou (Wood Recyclers’ Associations — WRA)[8] o€ TpeIg, TTou €ival pia €TTiong
ouxVh katnyoplotroinon Twv atroBAATwY UAou, dedopévou OTI oI KaTnyopieg B kail IM éxouv TTOAAEG
OMOIOTNTEG:

e Q¢ pia karnyopia (katnyopia pe apiBud 1), Ba éxoupe TO OKATEPYAOTO KABAPO HNn
emmegepyaopévo EuAo.

e Q¢ pia karnyopia (kartnyopia apiBuoul 2), 6a Bewpricoupe To £TTEEEPYACUEVO Padi e TO UNn
ETMKivOUVO §UAO.

e Q¢ pia karnyopia (katnyopia ye apiBuo 3) Ba ival Ta emikivouva atrépAnTa EUAoU.

Ta meipdpatd pog diegnxbnoav e TpeIg SIaPOPETIKEG KAAOEIG aTTOPPIUNATWY {UAOU, KABWG
QUTEG 01 TPEIG CUYKEVTPWVOUV TO JEYAAUTEPO TTOGOCTO dNUOTIKOTNTAG OTNV EAANVIKI ayopd EUAou
Kal £xouv eTITTAEOV £peuvnTIKG evlla@Eépov AOYyw TNG oUoTaoNS TOUG:

e KAdon 1, péong mrukvoTtnrag Ivooavideg (MDF): H ivocavida péong TTukvoTnTag €ivai
£Va KATOOKEUAOPEVO TTPOIGV UAOU TTOU OnuIoUpPYEITal ATTO TN JETATPOTTH ATTOPPIMHATWY GKANPNGS
N MAAOKAG EUAgiag o€ iveg EUAOU, TuXVA € unxavr) amoivwaong, TTou avaulyvUovTal JE KEPi Kal
OUVOETIKO UANIKO pnTivng Kal uttoBdAAovtal o TTaveh pe uwnAfl Bepuokpacia kal Trieon. Ze
ouykpion Y 1o KOvTpa TTAakE, To MDF éxel ouvBwg uwnAdTEPN TTUKVOTNTA. AV KOl OTTOTEAEITAI
atrd SIOXWPIOHEVEG iVEG, UTTOPET va XPNOIUOTTOINBEI 0€ KATOOKEUOOTIKEG EQAPUOYEG TTOPOUOIEG
ME TO KOVTPA TTAGKE. 2TV TTPpayuaTikotnTa, 1o MDF cival 1IoxupdTepo Kal avOekTIKOTEPO aTTO TN
Hopiooavida [9].

e KAdon 2, Mopiooavida pe erévduon peAapivng (MFC): O1 popiooavideg pe emévouon
MeAapivng, eival évag TUTTOG oUvOeTOU EUAOU TTOU KOTAOKEUAZETAI PE TNV AVAUEIEN MIKPWV
KOUMATIWV £TTEEEpYaoEVOU EUAOU [E 10XUPH KOAAa (pnTivn). AuTdg 0 TUTTOG poplooavidag eival
eCAIPETIKA EUEAIKTOG KOl UTTOPET va XpNoIoTToINBEl o€ DIAPOPES EPAPHOYEG, OTTWG GE VIOUATTIX
MTTAvVIOU Kal Koudivag, ETTITTAQ ypageiou, okagn o€ KavaAia, TPoXOOTTITA Kal AAAEG EYKATAOTACEIG.
Eival apketd €UkoAo va OOUAEWEl KaveiC Pe autd Kal TTAPEXEI €va EAKUOTIKO QIVIpIOWO OTNnV
emeaveia. Me Tig auyxpoveg PeBOdoUG TTapaywyng, Ol joplocavideg Pe eTTévouan yeAapivng eivai
OAo kal Mo OUOKOAO va BIakpIBoUv atrd TO QUOIKO GUAO, KABWG n TEXVOAOyia €TTITPETTEI TN
onuioupyia @UAAWYV TTOU PIPOUVTAl TNV EUPAVION TOU TTPAYUATIKOU EUAOU.

e KAdon 3, KatrAapdig dpudg: O katmAapdg dpudg civarl pia AeTrTh @éTa {UAoU dpudg TToU
XPNOIMOTIOIEITAl VIO va KAAUWel AAAa UAIKA, OTTwg KOvTpa TTAOKE 1) Poploocavideg, yia va
OnuIoupynaEl TNV EPQAvVION ouuTttayoug PBeAavididg. O1 KamAauddeg TTapdyovTal ouvriBwg Me
TEMAXIONO €VOG KOPUOU Ot AETITA QUAAQ, TA OTTOIO OTn CUVEXEID ETTIKOAAWVTAI O€ €va UAIKO
UTTOOTPWHATOG Pe KOAAa. O katTAapdg dpudg eival dNUOPIANG OTNV KATAOKEUN ETTITTAWY Kal 0TN
OIAKOOUNON E0WTEPIKWY XWPWYV, KABWG TTPOCPEPEI TRV OROP@IA TOu EUAOU Spudg, dedouévou OTI
TTaPEXEl MIG GUVETTA Kal OdoIdpop®n €u@AvIon, Je XapnAdTepo KOOTOG atrd To Pacie dpu. O
KatmmAaudag dpudg diatiBeTal oe dIAPOPES TTOIOTNTES KAl TTAXN KAl PTTOpEi va Ba@Tei 1) va @IvIpIoTEi
WOoTE va TAIPIACEl YE TTOIKIAEG OXEDIAOTIKEG TTPOTIUAOEIG. QOTO0O0, Oev gival TOOO AVOEKTIKOG 1)
Makpdg didpkelag 600 N cuuTrayns BeAavidid, KABWG TO OTPWHA KATTAGG gival OXETIKA AETTTO Kal
MTTOPET Va gival eTTIPPETTEG 0 {NMIES | POOPG pe TNV TTAPODO TOU XPOVOU.
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TNV KATATagN QUTWY TWV KOPMATIWVY EUAOU OTIG TPEIG TTIPOAVAPEPBEICES KaTNyopitEs, Pe Bdon
TOV TPOTTO TTAPAYWYNG Toug, Ba cixaue Tov KamAaud dpudg va avikel oTnv Katnyopia 1, evw Ta
MDF kai MFC va avrikouv oTnv Katnyopia 2.

NMoAugaouaTtikr ATTEIKOVION

H TmoAugaopuatikr) atreikévion egivar pia  Tponydévn  TexvoAoyia TTou ouvduddel Tn
(POCUATOOKOTTIO PE TNV ATTEIKOVION YIA Trp GUAAOYNR €EQVTANTIKWY TTANPOQOPIWV TXETIKA HE TN
oulvBeon Kal Ta XOPAKTNEIOTIKA Twv UAIKWV Kal Twv €TTIQaveiwy. AuTh n Texvoloyia eival TTio
IOXUpA atmmoé Ta TTapadooiokd CUCTAUATA OTTEIKOVIONG KAl TTAPEXEl PN ETTEMPATIKA Kal [N
KATAOTPOQIKA JECA avayvwpIong Kal TTOOOTIKOTToINGNG avTIKEIMéEvwyY. Adyw Tng eueAifiag Kai Tng
XPNOIUOTATAG TNG, N TTOAUQOCHATIKA ATTEIKOVION YivETAl OAO Kal TTI0 SNUOPIAAG € MIa TTOIKIAIO
Biounxaviwv Kai EPEUVNTIKWV £PYWV.

H TToAUQOCPOTIKA aTTEIKOVION AITOUpyEi CUAAEYOVTAG KAl avaAUovVTag TTANpo@opieg atmo 0Ao
TO NAEKTPOPOYVNTIKO @ACUA yid va oXnuatioel 10 @AoPA - OUYKPIOIJO HE TA OOKTUAIKA
QTTOTUTTWMATA - yia KABe eikovooToixeio (pixel) piag €ikOvag, €mMTPETTOVIAG TNV AvayvwWwPIo
QAVTIKEIHEVWY KAl UAIKWYV ATTO TIG JOVADIKEG QPACHUATIKEG UTTOYPAPEG TOUG, TTAPOUOIO HE TOV TPOTTO
ME TOV OTT0i0 Ta OAKTUAIKA OTTOTUTTWHATA XPNOIMOTTOIOUVTAl YIa TV avayvwpion evog atépou. H
TTOAUQACUOTIKN aTTEIKOVION £XEI TTOAEG TTPOKTIKEG EQAPUOYEG TTOU cuvioTavTal oTn BeATiwon TNG
TTOIOTNTAG KAl TNG ACPAAEING TWV TPOPiNwWY, 0T d1EUKOAUVON TNG dIOAOYNG KAl TNG AVAKUKAWONG
TWV OTTOPPIMMATWY KAl GTNV EViIOXUON TOU €AEYXOU Kal TNG TTOPAKOAOUBNONG 0TN QOPHAKEUTIK)
TTapaywyn.

To nAekTpopayvnTIKG @Aacua TrepIAauaver OAoUg Toug TUTTOUG QWTAG, TTOU KUMAivovTal aTTd
POBIOKUMATA €WG OKTIVEG YAUMA, Ol TTEPICOOTEPOI EK TWV OTTOIWV eV PTTOPOUV va avixveuBouv
atré 10 avBpwTrivo pam (Eikéva 3).

daopuartikr) ATTEIKOVION

H @aopuatikn atreikévion xpnoipotrolei didgpopeg (wveg (bands) o€ OAO TO NAEKTPOPAYVNTIKO
QAaoua yla Tnv ameikévion. e avtiBeon pe TRV kKauepa Kokkivou-Mpdaoivou-MtAe (RGB) Ttrou
XPNOIMOTTOIEI HOVO TIG TPEIG {wveG opaTol QWTOG (KOKKIVO, TTPACIVO Kal UTTAE), N UTTEPPOCHATIKA
QTTEIKOVION PTTOPEI VA EEPEUVNOEI TTWG AAANAETTIOPOUV TA AVTIKEIUEVA PE Eva TTOAU PeyaAUTEPO
eupog Cwvwy, Tou ekTeivovtal ammd 250 nm €wg 15.000 nm kol €mMTTPOCOETA TWY BEPUIKWV
uttépuBpwyv. H €peuva TG aAAnAeTTidOpaong ewTOG-UANG €ival yvwoThl WG QACTUATOOKOTTIO A
QACMATIKN avixveuon.
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Visual estimation and RGB image capture / image analysis
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Hyperspectral image capture / image analysis

Eikéva 3. H utreppaaouarikn ammeikovion Karaypder unkn Kouarog amé 250 nm éwg 15.000 nm Kai OspuIKES
UTTEPUBPECS.

AuTd Ta cuoTAuaTa gival IKava va cuAAapBavouv TTOAAATTAG KavaAia i WVES TTANPOPOPIWV
o€ 0Ao TO nAekTpopayvnTiké @aopa. ‘ETol, autég ol TTAnpogopieg utmopolv va uttoAnBouv o€
emegepyaoia yia va ONUIOUPYACOUV HIG XPWHMATIKA KWwOIKOTIOINKEVN avaTTapdoTaon Twv

QACUATIKWY OeBOUEVWYV, TTAPEXOVTAG TTANPOPOPIEG VIO TIG XNMIKEG KAl QUOIKES 1816TNTEG TWV
QVTIKEIMEVWY OTNV €IKOVA.

Digital photograph (RGB)

3 wavelengths

Hyperspectral Image
>100 wavelenghts

Eikéva 4. lNpokeiuévou va aviiypagei n Asiroupyia tng avBpwirivng 6paacng, dnUIOUPYEITal uia Wwniakn
pwroypagia evoc pUAAOU (eTTdvw) XPNOILOTTOIWVTAS TPEIS (WVES: KOKKIVO, TTPAOIvo Kail UTTAs. Ta RGB dedouéva givai
OUyKpiolua pe éva UAAGSIO Tpiwv oeAidwy. AvtiBeTa, uia UTTEPQAOLIATIKA EIKOVA Tou id1ou pUAAOU (KATw) Kataypa@el
uia gaouartikn ammokpion ammo 220 unkn KOUATog, JE ATTOTEAEOLIA LIa TTIO EKTETAUEV KAl AETTTOUEPT aQvaTTapdaTacn Tou

avrikeluévou, apduola ue éva BiBAio 220 aeAidwv.
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[Mwg Asitoupyei N NMoAuaouaTikr) ATTEIKOVION;

H TTOAUQAGCUaTIKE ATTEIKOVIOTN KAVEI XPrON EVOS ACUATONETPOU ATTEIKOVIONG, YVWOTO Kal WG
TTOAUQOCUATIKA KAPEPQ, VIO TN GUAAOYT QACUATIKWY TTANPO@OopIwyY. AUTH N KAUEPA CUANAPBAvEI
TO QWG MIOG OKNVAG XWPIOUEVO OE HEPOVWHEVA MAKN KUPATOG 1 QACMATIKEG CWVEG,
ONUIOUPYWVTAG HIa OIGOIACTATN EIKOVA TTOU KATAYPAPEI ETTIONG TIG PACHATIKES TTANPOPOPIEC KABE
glkovoaTolxeiou. To atmmoTéAeoua gival Pia TTOAUQAOCUATIKA €IKOVA, JE KABE €IKOVOOTOIXEIO VO
QVTITTPOCOWTTEVEI £va JovadIkO @Aoa.

H TTOAUQOGCUOTIKA OTTEIKOVION TTAPEXEl TOOO XWPIKEG 000 KAl QACHATIKEG TTANPOPOPIEG,
EMTPETTOVTOG TNV AVAYVWPION KAl TAEIVOUNON TWV UAIKWY, KOBWG Kal T XWPIKH KATAVOWT] KAl TOV
TOTTIKO Ol1OXWPICHO AUTWY TWV UAIKWV.

Ta MNAgovekTAuaTa TG MNMNoAu@acpatikng ATTEIKOVIONG

To KUpIO TTAEOVEKTAPO TNG TTOAUQACUATIKAG QTTEIKOVIONG £YKEITAI OTNV IKAVOTATA TNG va
TTapEXEl AKPIPN XAPAKTNPIOKO UAIKOU, XApn OTNV UWNAR XWPEIKN KAl QACUATIKA TG avaAuon.
Kartaypd@ovtag OeKAdeG | Kal EKATOVTADEG QACUATA, HIA TTOAUQACUATIKI KAPEPA UTTOPEi va
KATAOKEUAOEl évav TEPAOTIO TTOAUQACHATIKG KUPBO &edopévwy TTou TTEPIEXEl Oedouéva BEang,
MAKOUG KUMOTOG Kal XpOvou. & oUYKPIoN KE TN CUUBATIKY ATTEIKOVIOT, N TTOAUQACUATIKA TTAPEXE!
ONUAVTIKOTEPO OYKO TTANPOQYOPIWY, EMTPETTOVTOS OKPIBECTEPN avdAAuon, TauToTroinon Kal
d1apopoTToiNCN UAIKWYV KAl OUCIWV.

Me TNV TTOAUQAGCUATIKI] OTTEIKOVION, gival duvaTo va SIaKPiVOUPE UAIKA TTOU £X0OUV TTAPOHOIES
QUOIKEG I OTITIKEG IBIOTNTEG N EKEIVA TTOU €ival adpATa GTO AVOPWTTIVO UATI, OTTWG SIAPOPA OPUKTA.

[Media epapuoywyv TG MNoAupaopaTtikAg ATTEIKOVIONG

H TToAUQOOUATIKR) OTTEIKOVION €ival PIO TEXVIKN TTOU YiveTal OAO Kal 1m0 diadedouévn oTn
Biounxavia, Tnv épguva Kal TNV TNAETTIOKOTTNON. AuTr N H€B0BOG TTapéxel OEdOUEVA TTOU ITTOPOUV
va XpNoIPoTToinBouyV yia TOV eVTOTTIONO, TNV KATNYOPIOTToiNON A TN YETPNON TNG CUYKEVTPWONG
d1a@OpwV ouCIwV TTOU Oev €ival AVIXVEUOIMEG ME KAVOVIKEG KAUEPES A ME yupvo part. lNa
Tapddelyuya, éva ev oelpd oUoTNUa TTOIOTIKOU eAéyxou Trou TreplAauBdvel éva ouoTnua
TTOAUQOCUATIKAG aTTEIKOVIONG UTTOPEI va avixveuoel Eva avTikeigeva, pUTTouG, KaBwg Kal Ta
emmeda  Aitmoug, {axapng n uypaciag ota Tpoidvra. EmmmAéov, n TOAu@acouatiki N
UTTEPPACUATIKA OTTEIKOVION TTOU AaUBAvETal HEOW TNAETTIOKOTTNONG TTAPEXEI TTOAUTIMO dedopéva
yla TIG ETTIQAVEIES TNG NG, CUPTTEPIAQUBAVOUEVWYV TWV OPUKTWY Kal TNG BAGoTnong.

H TToAu@aopatikf atmeikdvion £xel éva eupU QACHO EQAPUOYWY, OTTWG:

o MepiBaArovTiki TTapakoAoudnon: Mapatipnon aAAaywyv aTn xprion yng, TNV UyEia tng
BAGoTNONG KaI TNV TTOIGTNTA TOU VEPOU HE TNV TTAPODO TOU XPOVOU YIA TOV EVTOTTIONO
TPWIMWY  evdEiEeEwY  0IKOAOYIKAG uTToR&BuIoNG Kal  Tnv  TrapakoAouBnon  Twv
TTPOCTTABEIWV CUVTAPNONG.

o E&epelivnon opukTwyv: XapToypdPnon KOITACHATWY OPUKTWYV, AViXVEUON TNG ouvBeong
Kal TNG TTOIOTNTAG TOUG.

o [oloTikO6g éAeyxog: ACioAdynon Tpoidviwy dIaTtpo@rg, avixveuon pUTTWV Kal
eAATTWHATWY O€ BlOoPNXAVIKA TTPOIOVTA JE UN KATAOTPOPIKO TPOTIO.
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o Alaxeipion amroppPIMHATWYV: AIOXWPIOHOS OIOQOPETIKWY UANIKWY HE aKpifela Kal
OTTOTEAEGUATIKOTATA yia TN BeATIOTOTTOINGN TWV JIAdIKACIWY OaVAKUKAWGCNG Kal Tnv
evioxuon TnNG a&iag Twv avaKUKAWPEVWY UAIKWV.

o Tewpyia: EKTiNON TNG UyEiag Kal TNG aTddo0NG TWV KAANIEPYEIWY, TTapakoAouBnon TnG
uypaciag Tou edAQOUG Kal TNG TTEPIEKTIKOTNTAG O€ BPETTIKA CUCTATIKA yia Tn BeATiwon
TWV TTPAKTIKWY OIaXEIPIONG TwV KAANIEPYEIWY Kal TNV evioxuon Twv atmodO0ewV TOUG.
ZuvnBwg, n TTapakoAouBnaon Tng Yewpyiag XPnNOIUOTIOIEI UTTEPQACUATIKEG KAMEPES
TOTTOBETNUEVEG O€ N eTTavOpwEvVa agpoxnuarta (drones).

e XTPATIWTIKA TTapakoAouBnon: Avixveuorn £TIKiVOUVWY UAIKWV.

AUTEG gival IOVO PEPIKES ATTO TIG XPAOIMES TTANPOPOPIES TTOU UTTOPEI VA TTAPEXEI AUTO TO €id0G
aTTeIkOVIONG Yia dIAPOPOUG OKOTTOUG. ZUUTTEPACHATIKA, N TTOAUQACUATIKY OTTEIKOVION €ival yia
TTOAUTIMN TEXVOAOYia PnXavikAg 6pacong yia TTOAATTAEG BIOPNXAVIEG KAl EPEUVEG OXETIKA WE TN
BeAtiwon Twv d1adikaciwy Kal TNG TTOIOTNTAG TOUG KAl TN MEIWON TWV ATTOPPIMKATWV.

Texvnti Nonuoouvn

H épeuva yia tnv Texvnth Nonuoaouvn (TN) Eekivnoe atrd éva epyacThpio TTou €AaBe xwpa
o1o Dartmouth College 10 1956 [10], OTTOU OI CUMHETEXOVTEG £YIVAV TEAIKA OI TTPWTOTTOPOI KAl Ol
Ny£TeS Tou Topéa. AuToi, padi he Toug paBnTéG Toug, avETTuEav TTpoypduuaTa TTou BewpRbnkav
KEKTTANKTIKG» aTTd T PEOA, KABWG 01 UTTOAOYIOTEG ATAV O€ BE0N va JABouv GTPATNYIKES VI OKAKI,
va AUoouv TTpoBAfuaTa AéEewv oTnv GAyeBpa, va atrodeiéouv AoyIKa BewpriuaTta, akoun Kal va
MIAOUV ayyAikG. Autd odrynoe oTtnv idpuon €peuvnTIKWY €pyacTnpiwy TEXVNTAG vonuooulvng
TTAYKOOHiwg péXPI Ta péoa TnG dekaeTiag Tou 1960 [11].

H 1mpdodog atn unxaviki pdénon kai avriAnwn katéotn duvarr Xapn oToug TaxUTEPOUG
UTTOAOYIOTEG, TIG PBEATIWOEIC OTOUG aAyopiBuoug Kai Tnv TTpdofacn ot TEPAOCTIEG TTOOOTNTEG
oedopévwy. O1 péBodol Babidg pddnaong, ol otroieg Baaifovtal o peyadho Babud ota dedopéva,
apyxioav va TTAnpoulv oTtéxoug akpiBeiag yupw oto 2012. To 2015 [12], n TexvnTr vonuoouvn €ixe
MIQ ONPAOVTIKA XPOVIA, YE TOV apIBuO Twv £pywv AoyIOWIKOU TTou Xpnoigotroloucav TN oTtnv
Google va ekTogeueTal Ao piIa «oTTopadikr Xprion» 1o 2012 og mavw atmo 2.700 épya. Auto 1o
KUJa ToTwenke otnv augnuévn dIaBeoIudTNTa TTPOCITWY VEUPWVIKWY OIKTOWY, Xdpn oTov
TTOANATTAQCIOOPO TNG UTTOBOUAG UTTOAOYIOTIKOU VEQOUG KOl TNV ETTEKTOCN TWV EPEUVNTIKWV
epyaAciwv kKal auvoAwyv dedopévwy [13].

H 1exvnTA vonuoouvn ava@épeTal oTNV avatrapaywyr] diadikaciwy avepwTrivng vonuoouvng
atrd unxaveg, 1Idlaitepa cuotipata utrtoAoyloTwyv. H TN uAoTroigital péow S10POpwWY EPAPUOYWV
OTTWG avayvwpion opIAiag, eTTEEEpyaaia QUOIKAG YAWOOOG Kal pnxavikr 6pacn [14].

KaBwg 0 evBouoiaouog yupw atrd Tnv TeXVNTH vonuoouvn €xel eviabei, ol eTaipeieg ATav
TPOBUPEG va TTPowBoouv Tov TPOTTIO HE TOV OTI0I0 T TTPOIOVTA KAl Ol UTTNPECIEG TOUG TN
xpnoigotroiouv. QoTtdo0, autd TTou Xapaktnpifouv wg TN, ouxvd gival atTAwg £va cuoTaTikd TNG
TEXVOAOyiag, OTTwG N PNXavikA pdaeénon. H texvntr vonuoouvn atraitei €€€IOIKEUPEVO UAIKO Kal
AOYIOUIKOG yIa TNV avATITUEN Kal TNV eKTTaideucn aAyopiBpwy pnxavikng ekuddnong. Av kai dev
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UTTAPXEI CUYKEKPIPEVN YAWOOO TTPOYPAUMATIONOU TTOU VA aVTITTIPOOWTTEUEl ATTOKAEIOTIKG TN TN,
ol Python, R, Java, C++ kai Julia givail Snuo@iAeic eTMIAOYEG HETAEU TWV TTPOYPOAUHATIOTWV.
Kupiwg, Ta ocuotipara TN AsitoupyoUv KaTavaAwvovTag ONPAvTIKEG TTOOOTNTEG OEQOUEVWV
EKTTAIOEUONG HE ETIKETA, avaAUOVTAG Ta OESOUEVA YIa LOTIBa KAl CUCXETIOEIC KAl XPNOIMOTIOIWVTAG
auTd Ta poTiBa yia va Kavouv TTPOBAEWEIS yia HEAAOVTIKA yeyovoTa. Na TTapddeiyua, éva SIahoyiIKo
pouTréT (chatbot) TTou eival ekTTaideupévo pe didgopa deiypata KelPévou UTTopei va pdabel va
OnuIoUpyEi PEAAIOTIKEG CUVOMIAIEG E AvBPWTTOUG 1] éva EPYAAEIO avayvwpIiong EIKOVWY UTTOPET
VO aVayVWPIoE! KAl va TTEPIYPAWEI QVTIKEINEVA O€ EIKOVEG £CETACOVTAG EKATOUHUPIA TTapadEiyuaTa.
O1 véeg TeXVIKEG BNUIOUPYIKAG TEXVNTAG VONUOOUVNG TTPOXWPEOUV YPRYopa, ETTITPETTOVTAG TN
TTapaywyn PEAAIOTIKOU KEIPEVOU, EIKOVWY, JOUGIKAG Kal GAAWV PECWV.
O 1mpoypappaTiopog Pe TN ETTIKEVTPWVETAI O€ YVWOTIKEG OECIOTNTES TTOU TTEPIAANBAvVOUV Ta
ak6Aouba:
e Mdalnon: AcxoAcital ye TN Afwn 6edopévwy Kai Tn BECTTIoN Kavovwy f aAyopiBuwy yia
TNV ETTEEEPYOCIA TOUG O€ TTPAKTIKEG TTANPOQPOPIEG TTOU TTPETTEI v AKOAOUBRoouv ol
UTTOAOYIOTIKEG OUOKEUEG.

o YuMloylopég: EoTidlel otnv €tmAoy Tou KatdAAnAou aAyopiBuou yia va gtdoel og €va
OUYKEKPIPEVO OTTOTEAEC A,

o  AuTodI6pBwon: ZToxeUEl OTN ouveXn PBEATIWON TWV aAYyopiBUWY yia TRV TTAPOXH TWV TTIO
QKPIBWY ATTOTEAECUATWY.

o AnpioupyikOTnTa: XpnoldoTtrolei  OIOQOPETIKEG  TEXVIKEG TeXvNTAG  vonuoouvng,
OUNTTEPIAQUBAVOUEVWV VEUPWVIKWY BIKTUWY, CUCTNPATWY TTou BacifovTal o€ KAavOveg
KAl OTATIOTIKEG HEBGDOUG, YIa TNV TTAPAYWY VEWV EIKOVWYV, KEINEVOU, HOUCIKNAG KAl IOEWV.

H texvnTA vonuoouvn €xel Tn duvatoTnTa va ETTIPEPEI CNPAVTIKEG aAAayEG aTOV TPOTTO (WG,
TNV €pyacia Kai TI YuXaywyikéG Pag dpacTnpIOTNTEG. 2TIG ETTIXEIPACEIG, N TEXVNTA vonuoouvn
ATavV EMMTUXAG OTNV AUTOUATOTTOINCN SI0POPWY EPYACIWY TTOU TTAPAdOCIOKE eKTEAOUVTAV ATTO
avOpwITOUGg, OTTWG N £pyacia €EUTTNPETNONG TTEAATWY, O EVTOTNIOMOG ATTATAG KAl O TTOIOTIKOG
EAeyx0G. H TEXVNTA vonuooUvn WTTOPEI VO EKTEAECEI OPIOUEVEG EPYOCIESG TTIO ATTOTEAECHUATIKA ATTO
TOoug avBpwTToug, €IOIKA eTTavVOAAUBAVOUEVES KAl TTPOCAVATOAIOUEVEG OTN AETITOUEPEI, OTTWG N
avAaAuon VOUIKWY eyypdowy. Me Tn duvatotnTa £meEEpyaoiag oyKwdwy ouvOAwvY SeSOUEVWY, N
TEXVNTH vonuoouvn JTTOPEl va TTapéxel TTOAUTIMEG TTANPOQYOPIEG VIO TIG ETTIXEIPNMATIKEG
AciToupyieg. H Taxeia €TTEKTAON TWV EPYOALIWV TTAPAYWYAGS TEXVNTHS VONUOOUVNG AVAPEVETAI
ETTIONG VA €XEI ONUAVTIKO AVTIKTUTTO O€ TOWEIG OTTWG N EKTTAIOEUCT, TO HAPKETIVYK KOl 0 OXEDIAOUOG
TTPOIOVTWV.

H e@apuoyn TeXVIKWV TEXVNTAG vonuoouvng Oxi upovo o00Aynoe o€ auénuévn
OTTOTEAEGUATIKOTNTA, AAAG AVOIEE ETTIONG VEEG ETTIXEIPNUATIKES EUKAIPIEG, OTTWS N XPAON TNG
TEXVNTAG vonuoouvng atrd TIG €Taipeieg ouvemBarioyol Kal Twv Tagi, yia Tn ouvdeon Twv
avaBaTtwyv Pe Ta oxfpaTa Toug [15].

MoAAEg emmTuxnuéveg eTaipeieg, ouuTTepIAapBavopévwy Twyv Alphabet, Apple, Microsoft kai
Meta, éxouv uioBetrioel TexvoAloyieg TN yia va BeATiwoouv TIG dpaoTnpEIdTNTEG TOUG Kal vda
QTTOKTAOOUV avTaywvioTIKO TTAcovékTnua. H Google, yia TTapddeiyua, XpnNOIUOTIOIE TEXVNTH
vonuoouvn oTn ynxavr avalitnong Tng Kal Ta autdvoua auTokivnTa TnG. Evw, €tTiong, n texvnth
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vonpoouvn €ival utrelBuvn yia TiIG avakaAuyelg Tng Google oTnv eTmegepyacia TNG QUOIKNG
yAWooag.

2UVEAIKTIKA Neupwvikd Aiktua (ZNA)

AIAQOPETIKA €idN VEUPWVIKWYV DIKTUWY XPNCIUOTTOIOUVTAI YIA OIAPOPETIKEG TTEPITITWOEIG KAl
ouvoha Oedopévwy. TMpiv amd v éAleucn Twv ZUVENKTIKWY Neupwvikwy AIKTUwvV (ZNA),
XPNOILOTTOIOUVTAV  XEIPOKIVNTEG, XPOVOROPES TEXVIKEC €EAYWYNG XOPAKTNEIOTIKWY YIa TOV
EVTOTTIONO AVTIKEIMEVWY O€ EIKOVEG. TWPA, TA CUVENIKTIKA VEUPWVIKA OIKTUQ TTPOCQPEPOUV HIA TTIO
KAIJOKOUWEVN TTPOCEYYION O€ EPAPUOYES TAEIVOUNONG EIKOVWY KAl avayvwpIoNG AVTIKEINEVWY. To
ETMTUYXAVOUV aUTO AEIOTTOIVTAG ApXES OTTO TN YPAUMIKA AAYERPQ, 10iwg Tov TTOAAATTAQCIACHO
TIVAKWY, YIO TOV EVTOTTIONO PoTiBwy o€ pia eikéva. MNapd Tnv adlap@ioBATNTN XPNOIKOTNTA TOUG,
uTTOpPEl va gival TTOAU ammautnTIK& atrd UTTOAOYIOTIKA ATToyn, aTmaiTwvTag POVADES YPAPIKAG
emmegepyaaiag (GPU) yia Tnv exmraideuon Twv YovtéAwy [16].

fe % fc_4
Fullby-Connected Fully-Conmected
Bdeural Network HMeural Metwork
Corw_1 Caonwe_2 Pl sctivation
Cammalution Conmvoiution 1 J_,_—-IL-—_,\
(5 u 5] kernel an [5 u 5] hermel Blax-Poaling
. Pl ng [wikh
walial padiding [ZxZ werlic paddsng (2 =2) dropaut]
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@ @2
® @z
INPUT nl chanmels nl chamnels nd charnely nd chamnely E '- g
(2R = 28 x 1) {24 2 24 mind) [12 m 1X xml]) (B B W nZ) |4 =& xmn2) ' QUTPUT

Eikéva 5. Mia akoAouBia SNA yia tnv raéivounon xeipoypapwy XapakTipwy.

‘Eva 2NA gival évag aAyopiBuog Babidg padbnong tmou gival Ikavog va Aaupdvel pia eikéva wg
€icodo, va amodidel onuavtikoTnTa (Jadnolakd Bdpn kal  TToAwoelg) o€ didgopa
QVTIKEIPEVA/TTTUXEG TNG €IKOVAG KAl va dlakpivel To éva atrd 70 GAAo. O1 atTaITHOEIG TTPOEPYATiag
evog ZNA eival TTOAU XapnAdTepeg ag ouyKkpion Pe GAAoug alyopiBuoug Tagivounong. Av kal Ta
QiATPa gival @TIayPEVA ATTO TOV AVOPWTTO PE TIPWTOYOVEG PEBOdoUG, Ta ZNA ptTopouv va pdbouv
QUTA Ta QIATPA/XAPAKTNPIOTIKA UE ETTAPKK) eKTTAIdEUON [17].

H apxitekTovikr evog ZNA gival TTapdpola e To JOTiBO CUVOETINOTNTAG TWV VEUPWVWY GTOV
AvBPWTTIVO EYKEPAAO Kal EUTTVEUCTNKE ATTO TNV OPYAVWAOTN TOU OTITIKOU pAoIOU. 2TO OTITIKO TTEdIO,
Ol HEPOVWHEVOI VEUPWVEG avTIdpoUV o€ epeBiouaTta JOVO € HIa TTEPIOPICUEVN TTEPIOXN YVWOTH)
wg 1edio utrodoxn¢ (receptive field). Eva oluvolo TéToiwy TTEdiwV ETTIKAAUTITETAI-UTTEPDITTAWVETAI
yla va KaAUWel OAOKANPN TNV OTTITIKA TTEPIOXH.
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Ta ouveNIKTIKG veUpwVIKA SikTua gival IDIQITEPA AvayVWPICHEVA YIa TNV avwTepn attdédoaot
TOUG HE €10000UG €IKOVAG, OMIAIOG 1] NXNTIKOU CNPATOG 0€ GUYKPIoN ME GAAO VEUPWVIKA BiKTua.
AlaBéTouv TpEIg KUPIOUG TUTTOUG ETTITTEDWY, OI OTTOIOI gival oI £ENG:

e XUVEAIKTIKO gTTiTredo

o ETmiredo opadortroinong

o [ARpwg ouvdedepévo (MX) emritredo

To ouveAIKTIKO eTTITTEDO €ival TO APXIKO ETTITTEDO VOGS OUVEAIKTIKOU BIKTUOU, TO OTTOIO UTTOPOUV
va Ol0dexBouv GANa ouveAKTIKG etTiTeda 1 eTmireda opadotroinong. AvtiBeta, 10 TTAAPWG
ouvOedepévo eTTiTTeEdO gival To TEAIKG. KaBwg TTpooTiBetal KGBe etmitredo Tou dikTUoU, aUTO YiveTal
O TTOAUTTAOKO Kal UTTOPEi va avayvwpilel PeyaAuTepa TURuata TG €ikévag. ApxIkd, Ta
TTPoNyoUHEVa ETTITTEDO AVIXVEUOUV OTTAG XOPAKTNPIOTIKA OTTWG O OKPEG KAl Ta XpwuaTta. Kabwg
Ta dedopéva TNG €IKOVAG TTPOXWPOUV PECW TWV ETTITTEDWV-OTPWUATWY Tou CNN, apxilel va
avTIAQUBAvETAl TTIO OUCIOOTIKA XAPOKTNPIOTIKA 1 HMOPQPEG TOU AVTIKEINEVOU, £wg OTOU TEAIKG
avayvwpEIioel TO aVTIKEINEVO-O0TOXO.

2UVEAIKTIKO ETTiTred0

To KUplo oToIxeio evog ZNA gival TO GUVEAIKTIKO TTiTTEDO, TO OTTOI0 EKTEAEI TO PEYAAUTEPO
MéPOG  Twv uttoloyiopwy. Xpeldletar Tpia  oTolxeia: Oedopéva €io0ddou, Evav  XApTn
XOPAKTNPIOTIKWY Kal £éva @iATpo. Otav douAelel e pia Eyxpwun €ikéva, Ta 6edouéva I0000U Ba
atroteAouvTal atrd £vav TPIodIACTATO TTIVOKA EIKOVOOTOIXEIWY TTOU AVTITTIPOOWTTEUOUV TO UYOG, TO
TAGTOC Kal To BaBog (TTou avtioToixei oto RGB o€ pia €ikdva). O aviXVEUTHG XAPOKTNPIOTIKWY,
TTOU oOvopaAdeTal TTioNG TTUPRVAG A GIATPO, KIveiTal oTa TTEdia UTTOSOXAGS TNG EIKOVAG YIA VA EAEYEEI
TNV TTapouacia evog xapakTnpioTikou. H diadikacia auTth ovoudZeTtal GUVENIGN.

O avixveutAg XapakTnpIoTIKWV gival évag diodidoTtartog (2A) Tivakag Bapwv TTou
QVTITTPOOWTTEVEI éva TUAMA TNG €IKOVAG. Av Kal To péyeBog Tou QiATpou dev gival oTaBePO, €ival
ouvnBwg évag Trivakag 3x3, o otroiog kabopilel emTiong 1o PEyeBOG Tou TTEdiOU UTTOBOXNG. 2N
OUVEXEIQ, TO QIATPO epapuoleTal o€ £va THAMA TNG EIKOVOG KAl T EIKOVOOTOIXEIa €10000U Padi pe
TO QIATPO dnuIoUpPyoUV éva ECWTEPIKO YIVOPEVO. AUTO TO €0WTEPIKG YIVOPEVO TTPOWBEIiTal OTN
ouvéxela o évav Trivoka €E6dou. To @IATpo KiveiTal KaTd éva Bripa kar eTavoAaupdver
dladikacia péxpl va KaAupBei oAdkANpN n €ikéva. H €60d0¢ TTou TTPOKUTITEI ATTO TO €0WTEPIKA
yIvoueva Tng €100600U Kal Tou @IATpou ovopddletal XAPTNG XOPAKTNPIOTIKWY 1 XAPTNg
EVEPYOTTOINONG.

MeTd atmd kaBe TTpdgn ouvéAigns, To ZNA epappodel vav petaoxnuatiopd ReLU (Rectified
Linear Unit - AvopBwpuévng IpaupikAc Movadag) oTtov XApTn XapaKTNPIOTIKWY, O OTT0I0G EIGAYEI
MN YPOUMIKOTATA OTO MOVTEAO.

Omrwg ava@épBnKe Kal TTPONYOUNEVWG, VA OKOPA OUVEAIKTIKO TTITTEOO UTTOPEI va akoAouBei
TO APXIKO CUVEAIKTIKO OTPWHA, SNUIOUPYWVTAS WIa 1EpapXIK dour oTo veupwviké dikTuo. ‘ETol,
TA METAYEVEOTEPO OTPWHATA €XOUV TIPOOPRACN OTA EIKOVOOTOIXEIQ Twv TTeEdiwv UTTOd0XNAG
TTponyoUuevwy OTpwHATWY. MNa va 10 Katadeifouue autd, PTTOPOUME va UTTOBEéoouPE TNV
avayvwplion evog QUTOKIVATOU O¢ Ia €IKOva. To Oxnua ptropei va BewpnBei w¢ éva oUvoAo
TUNPATWY, OTTWG avepoBuwpakag, TTapdbupa, Tpoxoi, KaBPEPTeg, TTOPTEG K.ATT. K&Be pépog Tou
QUTOKIVATOU avTIOTOIXEI 0€ éva poTiBo XaAuNAOTEPOU ETITTEOOU OTO VEUPWVIKO OIKTUO, EVW) O

31



OUVOUOOPOG OAWV AUTWV TWV MEPWV avTIOTOIXEl 0t éva HOTIBO uwnAdTEPOU ETTITTEDOU,
OXNMaTICOVTAG £TO1 MIA IEPAPXIA XAPAKTAPIOTIKWY OTO VEUPWVIKO.

Eritredo OpadoTtroinong

Ta emireda opadoTToinoNG, TA OTToIa AVAPEPOVTAI ETTIONG WG UEIOdEIYUATOANYIQ, ETITEAOUV
Meiwon Tng dIdoTOoNG MEIWVOVTAG TOV ApPIBUS TWV TTAPAUETPWY €10000U. H Agimoupyia Tng
opadoTroinong cival TTapdpoIa PE EKEIVN TOU OCUVEAIKTIKOU £TTITTEDOU, KOBWGS XPNOIMOTIOoIET £va
QiATpo TTOU capwvel 0AOKANpPN Tnv €icodo. QoTdé00, TO PIATPO OTO OTPWHA opadoTToinong dev
£Xel Bapn. AvTiBeTa, 0 TTUPAVOG XPNOIYOTIOIEI PIG CUVAPTNON CUVABPOIoNG OTIG TIUEG EVTOG TOU
mediou UTTOBOXNAG, Ol OTTOIEG OTn CUVEXEIQ DIOUOPPWVOUV ToV TTivaka €E000U. YTTdpyxouv dUo
Baoikoi TUTTOI OAdOTTOINONG:

o MéyioTtn opadoTtroinon (Max pooling): KaBwg 10 QiATpO KIvEiTal OTNV €i0080, ETTIAEYEI

TO EIKOVOOTOIXEIO YE TN PEYIOTN TIMN yIa va To OTeiAel 0Tn cuoTolxia €€6dou. Ze auTd TO
onueio, TTPETTEl va ava@epBei 6T auTr) n HEBOBOG XPNOIUOTIOIEITAI YEVIKA OUXVOTEPA aTTO
TNV odadoTroinon péoou Opou (average pooling).

o Opadotroinon Méoou Opou (Average pooling): KaBwg 1o @iATpo Kiveital oTnv €icodo,
uttoAoyiCel Tn péon TP evidg Tou TTediou UTTOOOXNAG YIa va TNV OTEIAEl OTn cuaTolxia
ecodou.

Av Kal xdvovTal TTOAAEG TTANPOo@OopieG OTO OTPWHA OpadoTToinong, €xel €TTIONG OPKETA
TAcovekTApaTa yia 1O XNA. ZUyKeKPIPEVA, €ival ETTWEPEAAG OO0V agopd Tn Meiwon g
TOAUTTAOKOTNTAG, TNV €miTEUEn aTmodoTIKOTNTAG KOl TNV  €AAXIOTOTTOINGON TOou KIivoUvou
uTTEPTTPOCapHOYNG (overfitting).

[MANpw¢ Zuvdedepévo (M) ETitredo

To TAApwWG cuvdedepévo eTTITTESO £XEI TTAPEI AUTHV TNV ovopaoia eTeIdf ouvdéel KABe KOO
OTO OTpwUa £E0d0U aTtreubeiog pe €vav KOUBO OTO TTPONYOUUEVO OTPWHA. AUTO €pXETAl O€
avTiOeon HE TA PEPIKWG OuvOedeéva eTTITTEDA, OTTOU Ol TIMEG TWV EIKOVOOTOIXEIWV TNG EIKOVAG
€10000U dev oUVOEOVTAI AUECO UE TO OTPWHA £EGDOU.

To emimedo gival UTTEUBUVO yIa TNV KATNYOPIOTTOINGN XPENOILOTTOIWVTAG TO XOPAKTNPIOTIKG
TTOU TTPOEKUYAV aTTO T TTPONYOUNEVA OTPWHATA Kal Ta dIAakpITG @iATpa Toug. O cuvapTAoEIG
ReLU xpnoigotrololvTal KUpPiwg OTA CUVEAIKTIKA OTPWHATA KAl OTPWHOTA opadoTroinong, aAAd
Ta MZ emimeda epappolouv ouvhABwg pia ouvdptnon evepyotroinong «softmax» yia va
e€aoc@aAlioouv TNV KATAAANAN Tagivounon Tng €100d0u, dNUIoUPYWVTAS €va  TTIBAVOTIKO
atrotéAecpa peTagu 0 kai 1.

ApxitekToviki Tou AikTuou ResNet50

To ResNet onuaivel YroAeippatiko Aiktuo (Residual Network) kai gival évag €181KOG TUTTOG
2NA 1Tou TTapoucidoTtnke 10 2015 [18]. To ResNet-50 ival pia rapaAiayr} autoU Tou dIKTUOU TTOU
atroteAeital ammdé 50 oTpwpata, cupTTEPIAAUBAVOUEVWY 48 emITTEdWY OUVEAIKTIKOU TUTTOU, £VOG
oTpwpaTtog Méyiotng Opadotroinong Kal evog OTPWHATOG HWEGOU Opou. Ta UTTOAEIMUATIKA
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VEUPWVIKA SikTua gival £vag TUTTOG VEUPWVIKOU SIKTUOU TTOU KATAOKEUALEI DIKTUO CUCTWPEUOVTOG
UTTOAEIMUATIKG OTOIXEID.

To ResNet-50 €xel yia apXITEKTOVIK N OTToia aTTEIKOVICETaI OTO TTAPEXOUEVO dIdypauua
MovTéAou. To ResNet Twv 50 oTpwudtwy xpnaoiyoTroliei éva oxediaoud «bottleneck» yia Ta douikd
Tou gToIXeia. AUTOG O OXeSIOONOG evowdaTwvel 1x1 guveAigelg, ywvwoTég wg «bottlenecks», ol
OTTOIEG MEIDVOUV TOV aPIBUO TwV TTAPAUETPWY KAl TwWV TTOANATTAACIOOPWY TTIVAKWY. Katd
OUVETTEIQ, N TTPOCEYYION QUTA eMTPETTEI TaXUTEPN eKTTAIdEUOT yia KAOe emTiTredo. Ze avTtiBeon ue
TNV TUTTIK dour dUo aTpwudtwy, To ResNet-50 xpnoiyotrolei pia oToifa TPtV OTPWHUATWY OTA
bottleneck uttoAelypatiké Tou oToIXEIA.

H apyitektovik) Tou ResNet Twv 50 oTpwpdTtwy TTepIAauBavel Ta akdAouBa oToixeia, OTTwg
arreikovifovTal Kal 010 TTapakAaTw diaypauua [19]:
o Mia ocuvéhign TrupAva 7x7 padi he 64 dANoug TTuprveg pe BAMa peyEboug 2.
o ’'Eva otpwpua péyiotng opadorroinong e Pripa peyéboug 2.
e 9 mwpoobeTa oTpwpaTa oUVEAIENG 3%3, 64 TTUPriVWwyY, akoAouBoUupeva atrd éva GAAO e
1x1, 64 TTUpriVWV Kal £va TpiTo he 1x1, 256 TTuprivwy. AuTr] n akoAouBia eTTavaAauBaveral

3 popéc.

e 12 akéun oTpwpaTa Pe ouvéAign 1x1, 128 mmuprivwy, 3x3, 128 TrupAvwy kai 1x1, 512

TTUprivwy, TTou eTTavaAaupdvovral 4 QopE..

o 18 ak6un oTpwpata pe ouvéAiEn 1x1, 256 mmuprvwy, 3x3, 256 Truprivwy kKail 1x1,1024

TTUpfivwy, TTou eTTavaAaudavovral 6 QopEc.

o 9 ak6un oTpwparta pe 1%x1 ocuvéAign, 512 TTuprvwy, 3x3, 512 Tmuprivwy kai 1x1, 2048

TTUpfivwy, eTavolapBavopeva 3 QopéEg.

(Z€ autd 1o onueio, To dikTUO £XEI PTAOEl Ta 50 eTTiTreda)
o ETmiredo opadotroinong péocou é6pou, akoAouBoupevo atmd éva TTANPWS CuvOedEPEVO
emiredo pe 1000 kéupoug, Tou epapudlel TN CUVAPTNON EVEPYOTTOINONG softmax.

max pool avg pool

a1 cony, &4

3x3 conv, 6d
1 ¥1 conv, 256
1%] conv, 512

3x3 conv, 312
1x1 conv, 2148

%4 | 1 - ] | 65 | — —

Eikéva 6. Eva didypauua avamapdoraons mPOEKTTAIOEUIEVNS apXITEKTOVIKNS Resnet-50.

Opaon YmroAoyioTwyv
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H Opaon YTroAoyioTwy, yvwoTn kal wg Mnxavik Opacn, gival éva uttooUvolo Tng TexvnThg
Nonuoauvng (TN) TTou XpnolpoTrolei YneIakeS €IKOVEG, Bivieo Kal GAAa oTITikG dedouéva yia va
EMTPETTEI OTOUG UTTOAOYIOTEG KAl TO OUCTHHOTA va €EAYOUV CNUAVTIKEG TTANPOQPOPIES Kal va
TTapéXouv TTPOTACEIS ] va avaAauBdavouv dpdon he Baon auTtég TIC TTAnpogopies [20].

Evw n Texvnt) Nonuoaouvn divel Tn duvatdTnTa OTOUG UTTOAOYIOTEG VA OKEPTOVTAI, O OKOTTOG
TNG O0paonNG UTTOAOYIOTWYV gival va BonBrioel Toug UTTOAOYIOTEG va BAETTOUV, va €EETACOUV KAl VO
KATavoouv TO OTITIKO TTEPIEXOUEVO, TTAPOUOIa PE TNV AvBPWTTIVN 6paadn, av Kal Je dIapopeTIKA
epyaAcia kal Xpovo ekpdBnong. H avBpwrivn épacn €xel TO TTAEOVEKTANG TWV EUTTEIPIV HIAG
0AGKANPNG CwnG yIa va eKTTAIOEUTEI OTO TTWG va OIOPOPOTTOIEI AVTIKEIPYEVA, va Kabopilel Tnv
a1ré0TOOH TOUG, VA aviXVeUEl TNV Kivnon Kal va evToTTidel (NTAPATA O€ EIKOVEG.

H épacn uttoAoyIOTWY XPNOIYOTTOIEI KAUEPES, dEdOUEVA KAl AAYOPIBUOUG yia va dIDAEEl OTIG
MNXavéG va ekTEAOUV TETOIEG AEITOUpyieg, xwpig¢ va PBacietal oe PloAoyikd ouoTAuaTa TTOU
MoIdZouv e Ta avBpwITIva, OTTWGS 0 AUPIBANCTPOEIBAG, T OTITIKA VEUPA KOl O OTITIKOG (PAOIOG.
Otav ol pynxavég ektraidevovTal va e&eTalouv TTpoidvta | va emMPAETTOUV TN AsiIToupyia evog
TTEPIOUCIOKOU OTOIXEIOU TTAPAYWYNG, HTTOPOUV va avaAuouv XIAIAdeG TTpoidvTa i dladikagieg ava
AETTTO Kal va evTOTTiCOUV AKOUN Kal TIG TTAPAMIKPES ATEAEIEG i TTAPATUTTIEG. AUTA N IKavOTATA
EMTPETTEI OTIG UNXAVEG VA EETTEPVOUV YPAYOPa TOUG avBpWTTOUG.

H 6paaon utroAoyioTwyv €Xel yivel TrTavTaxoU TTapoloa o€ Jia TToIKIAia Blounxaviwy, amo Tnv
EVEPYEIQ KAI TIG UTTNPECTIEG KOIVAG WPEAEIAG £WG TN JETATTOINCN KaI TNV QUTOKIVNTORIouN)Xavia, Kai
n ayopd yia autn Tnv TEXvoAoyia e§akoAouBei va etrekTeiveTal [21].

MNa v eTTiTEUEN aKPIBOUG avayvwpIiong EIKOVWY, N 6paCT UTTOAOYIOTWY atTaITel JeydAo dyko
oedopévwy. EmeEepyadletal kar avaAuel Ta Oedopéva eTTavEIANUUEVA UEXPI VO HUTTOPECEl va
Eexwpioel Ta avTikeiyeva Kal TEAIKA va Ta avayvwpeioel. MNa mapddeiyua, TPOKEIYEVOU Evag
UTTOAOYIOTAG va PaBel va avayvwpilel EAAoTIKA QUTOKIVATWY, TTPETTEI va TOU d0BEi évag TEPAGTIOC
OYKOG €IKOVWV EAACTIKWV KAl QVTIKEIMEVWY TTOU OXETICovTal PE €AAOTIKA, WOTE VA PABEl TIg
d1a@opég Kal va evtoTTiCel éva eAAOTIKG. ETITTpdoBeTn TTpocoxr) TTpéTTel va 60B¢i o€ auTd TTou dev
TTAPOUCIACOUV QTEAEIEG.

MNa va emrteuxBei autd, xpnoidotrololvTal duo CwTIKAG onuaciag TexvoAoyieg: n Babia
paenon kar Ta ZNA. H punxaviky paénaon meplAauBavel Tn Xprion aAyopiBuIKwyY POVTEAWV TTOU
EMTPETTOUV OTOUG UTTOAOYIOTEG VO uaBaivouv POVOl TOUG YIO TO TTEPIEXOUEVO TWV OTITIKWV
0edopévwy. OTtav apkeTd dedopéva TpoPodoTNOoUV PEoW ToU POVTEAOU, O UTTOAOYIOTNG "BAETTEl"
Ta dedopéva Kal pabaivel va diagopoTrolei T dia eikéva atrd TNV GAAN. O1 aAyopiBuol eTITpETTOUV
OTn UNXavA va yabaivel yévn NG, Xwpig va TpoypauuaTi¢eTal atrd dvBpwTro yia va avayvwpioel
MIO CUYKEKPIPEVN EIKOVA.

Ta ZuvehikTiké Neupwvikd Aiktua fonBouv Ta povtéAa pnxavikng kai Babidg paénong va
"BAETTOUV" TIG €IKOVEG, AVOAUOVTAG TIG OE EIKOVOOTOIXEIA Kal aTTodIdOVTAG TOUG ETIKETEG. AUTEG Ol
ETIKETEG XPNOIMOTIOIOUVTAI OTN OUVEXEID VIO TNV EKTEAEON HABNUOTIKWY TIPAfewy, Trou
ovopdadovTal ouveAigelg, WwoTe va TTPORAEPOEi TI avTITTPOOWTTEUEl N €IKOVA. TO VEUPWVIKO BiKTUO
TTpaydaToTrolEl ouleUEelg Kal eTTAANBEUEl TNV OKPIBEID TwV TTPORAEYEWY TOU HE MIO OEIpA
eTavaApewyv €wg OTOU oI TTPOPRAEYEIC PTACOUV GTNV TTPAYUATIK TIUA, EMTPEETTOVTIAS TOU va
avayvwpigel i va "BAETTel" eikdveg e TpOTTO avdAoyo 6TTwg 0 dvBpwTTod.

Opola pe Tov TPOTTO PE TOV OTTOI0 O AvBpwTTol avayvwpeilouv Jakpiva avTikeipeva, éva ZNA
avIXVveUEl apxXIKA TPAXIEG OKPEG Kal BACIKA OXAUATA KAl OTN CUVEXEIA BEATIWVEI TRV TTPOBAEWN TOU
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ME KABe eTTavaAnyn yia va avayvwpioel Tnv eikova. Ta ZNA xpnoigotroloUvTal yia TNV Katavonon
MEMOVWHEVWYV EIKOVWYV, EVW UTTAPXOUV Kail GAAOI TUTTOI VEUPWVIKWY, OTTwG Ta ETTavaAapBavoueva
Neupwvikd AikTua, TTOU XPNOIKOTTOIOUVTAI JE TTAPOUOIO TPOTTO, OAAA IO EQAPHOYEG BiVTEO WOTE
va BonBroouv Toug UTTOAOYIOTEG VO KATAVONOOUV TTWG Ol EIKOVEG ouvOEovTal JETAEU TOUG O€ HIa
akoAoubBia Kapg.

EpyaAcia kai MéBodol Trou AkoAouBinkav

2€ auTo TO KEPAAaIo, Ba egeTaoToUV Ta BAMATA TTOU aKOAOUBNBNKav aTnv TTapouca £peuva.
MpwTov, CUANEEaUE Eva HeYAAO OUVOAO dedoPEVWV ATTO avTIKEIEVA. TO OUVOAO dedopévwv Uag
atroTeAgiTal aTTd dU0 KUPIEG KAAGEIG Kal eTTTA UTTOKAdOEIC. O1 dU0 KUpPIEC KAATEIG JaG €ival TO ZUAO
Kal TO MAQOTIKO KAl Ol €TTTA UTTOKAGOEIG pag TrepIAapBavouy Tnv Ivooavida péong TTUKVOTNTAG
(MDF), Tn Mopioaavida (NoBoTtrav) ue etrévouaon pehapivng (MFC), Tov katrAaud dpudg, ol OTroieg
QvAKOUV OTO ZUAO, e&vw o1 umtoAoimmeg, [MoAuailBuAévio uywnAng TukvotnTag (HDPE),
MoAuaiBuAévio  xapnAng  TukvotnTag  (LDPE), Tepe@Balikdé  moAuaiBuAévio  (PET),
MoAutrpoTruAévio (PP) aviikouv aTo MNMAacoTikd. ‘ETo1, GuvoAIKd éxoupe Tpia €idn E0AoU kal TEgoepa
€idn TAaoTIKOU. ZuykevTpwOnkav Trepitrou 100 Tepdxia atrd KABE KaTnyopia TTOU KUPaivovTal o€
dIaPOPETIKOUG TUTTOUG KAl PEYEDN.

2Tn Oouvéxela, TTpoxwpnoape Pe Tn Onuioupyia Twv ouvoAwv dedopévwy eikovag. H
oladikacia auth TTepIAGuBave TNV ToTToBETNON KABE AVTIKEIUEVOU OTNV TTAATQOPUA Kal TN AQwn
QWTOYPaAPIWY ME TN BonRBeia Twv QWTOYPAPIKWY HNXavwWY. XPNOIMOTIOINCAKE TN BIOKNXAVIK
Kauepa RGB, tnv moAugacpartikr) kduepa opatou (VIS) kar tnv eyyug utépuBpou (NIR)
TTOAUQAOUATIKA KAUEPA. ETTOPEVWG, yia KABE QVTIKEINEVO EXOUME TPEIG DIAPOPETIKOUG TUTTOUG
PWTOYPAPIWY TTOU £X0UV AnPBOEi Kail 01 0TToiEG TEAIKG Ba aTTOTEAETOUV TOUG TPEIG TALIVOUNTEG UAG.
EmimAéov, aAAGEape Tov TTPOCavVATOAIGHO TWV AVTIKEIMEVWY KAl ETTaVAAdBape Tnv idla diadikagaia
yia duo Baaoikoug Adyoug. O €vag gival yia va auéfooupue Tov apiBud Twv EIKOVWY TTPOKEINEVOU TO
MOVTEAO va eKTTAIOEUTEI KOAUTEPO Kal O GAAOG €ival yia va SOKINAOOUNE BIOPOPETIKEG OKIEG,
TOTTOBETATEIG KO YWVIEG TWV AVTIKEIMEVWV.

‘Emerra, otdbnke n mpoctTeCepyacia Twv TToAu@acuaTikwy dedopévwy. MNepiAdufave Tnv
AVAYVWON TV AKATEPYOAOTWY OPXEIWV KAl TN JETATPOTTN TOUG O€ TPIOBIACTATOUG UTTEPKUBOUG, Ol
oTroiol gixav €ite 16 {wveg (VIS) gite 25 Cwveg (NIR). ETITTA(OV, ETTPETTE VO EKTEAEOTEI Ia avaAuon
PCA tpokelyévou va AngBouv ol TPEIG KOPUQPAieS IDIOTIUEG JE TIG TTIO XPHOIUES TTANPOYOPIES.

MeTéTTeITa, a@oU METATPEWAUE KAl TOUG TPEIG TUTTOUG €IKOVWVY O€ apxeia PE Ta OTToia
MTTOpOUUE VO EPYACTOUNE, N aAAayn PeyEBOUG Kal n KAvovIKOTToinon Arav Ta eTépeva BAPATA
Hag. H eTTaugnon Twy dedopévwy fpbe apéowg PeTd kai ETTaue onuavTiké poAo. & autd To Bra,
0 0TOX0G ATAV va dNUIOUPYCOUNE OKOUA TTEPICTOTEPA OedOUEVA TTPOKEINEVOU va EAEyEouE av
Ta JovTéAa pag Ba émaipvav AavBaopévn amméo@acn o€ KABe eTTauénuévn €k6oan TwV BEIYHATWV.
H texvikiy auth mrepiAdufave Tn dnuioupyia Tévre véwv (Gpa CUVOAIKA 6 €IkOvwy atmd KABe
QVTIKEIPMEVO) EKDOTEWV TWV EIKOVWYV TTOU KaTaypd@nkav epappoovtag Tuxaio Coup (0 €wg +20%),
Tuxaia TTEPIOTPOPN (-36° £wg +36°) Kal Tuxaia opIfOVTIa AVOOTPOYN).
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Q¢ ek ToUTOU, KaTaANEape o 6522 apxeia eikOvwy atrd KEBe TUTTO KAPEPAG, TA OTToId
atroteAolv Tnv €icodo Tou ZNA pag. AuTéG o1 €IKOVEG OTn OUVEXEID XwpioTnkav o€ oUvVoAQ
EKTTaIOEUONG KaI ETTIKUPWONG, TA OTTOIa OEV ETTIKAAUTITOVTAI JETAEU TOUG Kal OV JolpddovTal Kauia
ékdoon Tou idlou deiyuatog. O kavovag TTou akoAouBnonke yia 1o dlaxwpioud auTd gival autdg
TTOU XpnoiyoTrolgital ouxvoTtepa [22], n avaloyia 80-20%, 80% yia 1o oUvoAo ekTTaideuong Kai
20% yia To oUVOAO £TTIKUPWONG.

Q¢ atrotéAeoua, To gUvoAo ekTTaideuong TrepiExel 5238 apyxeia, evd To oUVOAO ETTIKUPWONG
mepiExel 1284, ta otroia aBpoifovral CUVOAIKG o 6522 apxeia eikOvwv. AvaAuTiKOTEPQ, KABE
Katnyopia UAIKOU TwV ETTTA OUVEICEPEPE OTTWG PAIVETAI TTAPAKATW:

KAdon ApiBudg Ap1Bu6S >UVOAIKOG
Eikévwy yia | Eikévwyv yia ApiBudég
Ektraideuon | EmkUpwon Eikévwv
MDF 456 108 564
MFC 552 132 684
KatrAapdg 576 144 720
BeAavididg
HDPE 498 120 618
LDPE 492 120 612
PET 1398 348 1746
PP 1266 312 1578

lMivakag 1. Zuveiopopd eIKOVwV KGBe UAIKOU aTa didpopa oUVOAQ.

Mia onuavTikr dladikagia Katd Tn dIGPKEIa AUTHG TNG MEAETNG ATAV N EKTTAIOEUTN HOVTEAWYV
ME OIAPOPES APXITEKTOVIKEG KOI O TTEIPAMATICNOG UE TNV aAAQYH TWV TTAPAUETPWY TOUG PEXPI VO
BpeBei ekeivn TTOU €ixe IKAVOTTOINTIKA ATTOd0O0N.

O1 TEAIKEG TTAPAUETPOI TTOU ETTIAEXBNKAV YA TNV EKTTAIOEUCT TOU POVTEAOU gival:

o KpitAplo: Alactaupoupevn AmwAcia Evrpotriag (Cross Entropy Loss) PeTagU Twv un
KavovikoTroinuévwy TTpoBAéwewv (logits) €106d0U Kal Tou GTOXOU, KABWGE autdg o TUTTOG
OTTWAEIOG @TAVEI OTO HEYIOTO TwV OUVATOTATWY TOUu KATA Tnv eKkmaideuan &vog
TPoBAAUaTOG Tagvounong Ue 8IA@opeg KAGOEIG, TTPOCAPHOOVTAG Ta BApn TOU JOVTEAOU.
O paBnuaTikég TUTTOG TNG ATTWAEIAG dIACTAUPOUNEVNG EVTPOTTIAG Eival:

Leg = — Xiz1 tilog (),

OTTOU 1 €ival 0 apPIBPOS TwV KAACEWVY, t; gival n eTIKETA aAABEIag Kai p; gival n mOavoeTnTa Softmax
yia v it" kAGon.
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Eikéva 7. Emaioénon EikOvwv: ZeKIVWVTaS ammo thv emavw aplotepn ywvia: Apxiki RGB eikéva evog teuayiou
EUAou tn¢ karnyopiag kamAauda 6puds, apxikn VIS eikdva, apxikn NIR gikdva, akoAouBoUueves arro mévie emauénuéves
ek600eIc RGB tou idiou kouuariod.

BeAtioTomroIinTtAg: 210Xa0TIKA KAion kaBodou (Stochastic Gradient Descent - SGD). H
Baoikn 18éa miow at1rd TNV SGD ¢ival n eTAvaANTITIKA EVNUEPWON TWV TTAPAUETPWY TOU
MovTéAOU ME HIKPG BAPOTA TTPOG TNV KatelBuvon TngG o amoToung KaBddou Tng
ouvaptTnong oTtwAelng. e kK&Be emavaAnwn, n SGD emAéyel Tuxaia €va uTTOOUVOAO
TTapadelyudTwy ekTTaideuong (TTou ovoudleTal Pivi-TTakETO) Kal UTTOAOYiIZEl TIG KAIOEIG JE
Bdaon autd 1O pivi-TrakéTo. O1 KAIOEIG XpNOIUOTTOIOUVTal OTN CUVEXEIQ YIa TNV EVNPEPWON
TWV TTAPAUETPWY Tou HovTéAou. Auth n diadikacia emmavalauBaveTal yia TTOAAEG
ETTAVONAWYEIG PEXPI VO eTTITEUXOEI GUYKAION 1 éva KPITHAPIO SIAKOTTAG. ATTAITE TTPOCEKTIKO
OUVTOVIOUO TOU pUBOU PABNong Kal GAAWVY UTTEPTTOPAUETPWY, Kal N GUYKAIOT) TNG UTTOPEI
va gival euaioBnTn oTnv €AY Tou peyEBouGg TNG Wivi-TrapTidag. AuTdg gival o Abyog TTiocw
aTro TIG TECOEPIG ETTOPEVEG ETTIAOYEG HOG.

PuBu6g pddnong: 0.001. O puBudg pabnong cival pia UTTEPTTAPAUETPOS TTOU
XPNOIYOTTOIEITAI YIa va puBpidel Tov pubBud Pe TOV OTToI0 0 aAyOPIBUOG TTPOCAPUOLE!
MaBaivel TIG TINEG MIOG EKTIUNONG TTapapéTpou, dnAadr| pubpicel Ta Bapn Tou ZNA pag doov
agopd TNV KAion atmmwAciag. Acgixvel TR ouxXvoTnTa PE TNV OTTOI0 TO VEUPWVIKO OiKTUO
EVOWMATWVEI TN YVWON TTOU €XEI ATTOKTACEI, AVAVEWVOVTAG TIG £VVOIEG TTOU £XEI HAOEL.
Méye0@og TrapTidag: 4. To péyebog Tng TapTidag kabopilel Tov apIBuo Twy dEIyUATWY TTOU
Ba d1adoBolv pEow Tou BIKTUOU.

Fappa (Gamma): 0.1, évag TTOAATTAACIAOTIKOG TTapdyovtag Ye Bacn Tov otroio Ba
emMOEIVWVETAI 0 pUBUOG pabnong. MNa Tapddelyua, €av o pubudg padbnong civar 1000 Kai
TO yauua gival 0.1, o véog puBudg pabnong Ba sivar 1000 x 0.1 = 100 K.0.K.
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o MéyeBog BAparog: 7, yeiwvel 1o pubud pabnong KABe opddag TTAPAPETPWY KATA YANPO
k@B N emmoxéc. To N -edw- opileTal wg 7.

e Emoyxég: 50

O1 emdboeIg Toug UTTOAOYIOTNKAV PHECW TWV PETPIKWV ZNA, OTTWG N akpifeia Kal N atTwAEIa.
Ta otmoteAéopata auTAG TNG TIPOCoTTdBeIag TrapoucidlovTal o€ emouevn evotnta. ‘Erol,
aglotroiwvTag TNV apXITekTovikn ZNA TTOU €TTIAEEOUE, ONUIOUPYACAUE TPia POVTEAT TTPOPRAEWNS
eIkovag - TagivounTtég (RGB, VIS kal NIR). To £€pyo auTwy Twv TAagIvounTwy gival va dExovTal wg
€i0000 pia €IkOva Tou TUTTOU TOUuG Kal va divouv wg £€£0d0 10 dIdvuoua Twy TTIBAvVOTATWY Toug,
onAadr 1o éoo MMOAvo gival va evtdooeTal n dedouévn €icodog o KABe pia ammd TIG ETTTA
TTPOKABOPICUEVEG KATNYOpPieS. H katnyopia pe To uwnAGTEPO TTOCOOTO BewpEiTal WG N TEAIKF TOUG
£€000G-TTPOBAEYN.

¢ autd TO Onueio, NTAV ATTOPAITNTO VO OUVOUACTOUV QUTOI Ol TPEIG TOAEIVOUNTEG Kal va
OuyKpIBoUv o1 €mdOCEIS TOUG MEPOVWHEVA OAAG Kal o€ Celyn. Kal 1TaAI, Ta aTmmoTeAéoUATO
TTPoBAAAOVTaI O€ ETTOUEVN EVOTNTA.

TéNoG, n exTeTapévn e€étaon Twv (wvwyv amaitouoe TNV emavaiAnyn g 6Ang diadikaciag,
TOUAGXIOTOV YIO TIG TTOAUQACUATIKEG €IKOVEG. e auTd TO OTAdIO, €CETACOUPE TOV QVTIKTUTTO
XEIPOTEPOU €ECOTTAIOCUOU, EPYOOTNPIAKWY CUVONKWY Kal, KOTA CUVETTEIA, EIKOVWV PE AIYOTEPEG
CWwveg Kal, ETTOPEVWG, Tn onuacia Tou péAou TTou diadpaparifouv ol {wveg. Na To oKoTTO auTo,
gival BepeAiwdeg va ouykpivoupue TIG €TIOO0EIG NA evdg KaAOU eEOTTAICHOU Kal VOGS AVETTAPKOUG
€EOTTAIGHOU, auToU TTOU KATAYPAPEI TTOAUQPACUATIKEG EIKOVEG HE JOVO TPEIG (WVEG.

[Mpooeyyioelig yia TNV €mAoyn Twv JWVWV O TIEPITITWON
QVETTAPKOUG £COTTAIOUOU

YTTapxouv TE0OEPIG DIOPOPETIKEG TTPOCEYYIOEIS TTOU aKOAoUBNONKav yia Tnv €mAoyn PHoévo
TPIWV WVWV avTi TOU CUVOUACHOU Toug TTou TTPOoRAETTEI N EB0DOG PCA. Duaikd, oI TTpoaeyyioelg
QUTEG aVaQEPOVTAl OTIG TTOAUQACUATIKEG EIKOVEC AOYW TNG QUONG TOUG VA £XOUV TTEPICOOTEPES
atrd TpEIG Cwveg o€ oUykpIon ME TIG eikOveg RGB. OTrwg éxoupe fdn avagépel, pyalOuaoTe e
ETTTA BIAPOPETIKEG KATNYOPIEG Kal dUO TUTTOUG TTOAUQACHATIKWY eIkOvVwy, TiIG NIR kal VIS.

H mpwtn néBodOC ATav N Tuxaia €1mAoyR, n oTToia eTTAVOAAPONKE APKETEC POPES MEXPI VO
MNVv TTapoucidleTal TTAEov onuavTiKA BeATiwon i emdeivwon ota péoa amoteAéopata. H TpdBeon
Tiow a1rd TNV EQAPUOYN AUTHG TNG HEBAOOU ATAV va AEITOUPYAOEI WG ONUEI0 ava@opdg yia TIg
GAAEG TPEIG TTPOCEYYIOEIG.

H deUTepn TeXVIKA ATAV N €TTIAOYT "KOAUTEPN £V OUVOAW". Me Tnv epapuoyr Tng PCA oTa duo
TTOAUQACUATIKA gUvoAa OedoPévVwY Hag KaTaAnEaue oTig 1I8I0TIYEG Kal Ta 10108IavUouaTa KABE
€IKOVAG. ATTOUOVWOANE TIG TPEIG TTPWTES IDIOTIPEG Kail 1810d1avUchaTa KABE €IKOVAG, KaBWg ol
UTTOAOITTEG 1BIOTIPEG TTEPIAAUBAVOUV KUpPiwg BOpuBo. ZTn ouvéxeld, TTOAATTAACIACOVTAG TIG Kal
emavahapBdvovtag tTny idia diadikacia yia kA0 €ikOva TTpoékuye To ABPOICHA TOU YIVOUEVOU
OAwv TWV €KOVWwY TO OTToio £€3eIge TIG TPEIG CUWVEG TTOU TIPOOQEPOUV TIG TTEPIOOOTEPEG
TTANpoYopieg yia KaGBe TUTTO QacpaTog. ‘ETaol, yia eikdveg Tuttou NIR cuutrepdvaue 6T o1 Mo
onuavTikég (wveg gival N 1n, N 12n kai n 17n, evw yia gikéveg TUTTOU VIS N 21, n 15n kai n 16n.
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H tpitTn péBodog TTou £QappooTNKE ATAV N "KAAUTEPN aTTO KABE KATnyopia" Kal 0Tn OUVEXEID
N €MAOYN TWV TPIWV MO eTTavaAauBavopevwy (wvwy. XpnoigoTtroifoaue Ty idia diadikacia pe
TN OeUTEPN TEXVIKA. MNap' OAa auTd, TNV €QAPUOTAUE EEXWPIOTA O& KABE KAAON, ONUEIWVOVTAG TIG
TPEIG Kopu@aieg CWVES yia KABe KAGon. TeAIKd, evroTricape TIG TPEIG (WVEG TTOU eu@avifovTav
ouxvotepa. ‘ETol, yia TG €ikoveg TUTTOUu NIR KaTaAéaupe oT0 ouptépacupa OTI Ol TTIo
emavalapBavopeveg {uveg gival n 5n, n 12n kai n 18n, evw yia 11 €ikéveg TUTTOU VIS N 2n, n 10n
Kai n 14n.

H tétapTtn mmpooéyyion ATav TTapduoIa hE TNV TPITH, WOTOCO £QAPUOOTNKE OTIG XEIPOTEPEG
Cwveg KABe katnyopiag, akoAouBoupevn atrd TNV ETTIAOYA TWV TTIO CUXVA ENQAVICOPEVWY (WVWV.
‘Etol, yia 1ig eikéveg TUTToU NIR KataARgaue oT1o CUUTTEPACHA OTI O1 TTIO ETTAVAAQUPBAVOUEVES
Cwveg gival n 20n, N 23n kal N 24n, evw yIa TIG IKOVEG TUTTOU VIS 1 3, n 4n kain 7n.

Aiaragn Meipauarog

H epyaoTtnpiokr didTagn yia Ta Teipduata akoAouBei TIG ouvhBeig dlaTdgelg TTou BpiokovTal
oTtn BiBAIoypagia [23], [24], [25], [26]. ZTnv Eikéva 8 TrapouaidleTal n diaTagn Tou UAOTTOINONKE
Yl TOUG OKOTTOUG TNG TTapouloag PEAETNG. Ta KUpIa oToIXEia TToU atTeikovifovTtal TTEpIAaUBAvouy,
TTPWTOV, évav IHAVTA HETAPOPAG O OTTOIOG £XEI TA B0 XOPAKTNPIOTIKA PE MIO TTPAYUATIKE YPAPUN
TTOPAYWYNG.

AelTtepov, uTTdpxel Mo Blopnxavikrp kduepa RGB, pe mg Tpodiaypa®éc TG va
TTapouaialovTtal oTn ouvéxela. Tpitov, utTtTdpyxouv OUO TTOAUPACHATIKOI aioBnTAPES, €vag Tou
opatou, UTTépuBpou PWTOG PIKPOU KuuaTtog (aiodBntipag SWIR) kai évag Tou gyyug utrépuBpou
QPWTOG (TTOAUPACUATIKOG a10BNTAPAG) WE TIG TTPOBIAYPAPES TOUG VA PAIVOVTAI TTAPAKATW.

XapaKTNPIOTIKO Tign XapaKTnPIoTIKO Tign
MpounBeuTng e2v AvdAuon (Opil. x KaB.) | 1280 px x 1024 px
AlgOntpwv
AloOnTtpag EV76C560 AvdAuon 1.3 MP
KAgioTpo 2QaIpIKO & MéyeBog 53 um x 5.3 ym

KuAidpevo KAgiotpo | EikovoaoToixeiou (Opig x

Kd&b.)

Mopopn AioBntipa | 1/1.8” PuBpog Kapé 60 fps
Totrog AlcBnTrpa CMOS Movoxpwun/TToAUxpwpn | MoAUXpwWUN
MéyeBog AioBnTipa | 6.8 mm x 5.4 mm BdaBog bit pixel 12 bits

Mivakag 2. MNpodiaypapés NS Llounxavikng KAUEPAG.

MéBodog AfYng, KepalAég Kapepag ddopa
Zniypiotutro, Ke@aAin Aicbnmpa SWIR (VIS) | 470 — 620 nm, 16 {wveg

2TIYMIOTUTTO, KegpaAn MoAugacpartikou | 600 — 975 nm, 25 {wveg
AiloOntpa (NIR)

MMivakag 3. MMpodiaypa@ég TwV TTOAUQACUATIKWY aIoONTHPWV.
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EmmAéov, n TTNyR QWTOG TTOU XPNOIUOTTOIEITAlI TTPOCPEPEl Eva OUVEXEC PACHA TTOU gival
Bepehiwdeg yia TN AfWn Twv €IkKOvwY. TEAOG, UTTAPXEl €vag POUTTIOTIKOG Bpaxiovag yia Tnv
TOTTOBETNON TWV BEIYUATWY OTO CWOTO doXEI0 PETA TNV TTPORAEWN TNG KATNYOPIOG TOUG.

OAa autd Ta e€apTApaTa ocuvoEovTal JETAEU TOUG HECW MIOG KEVTPIKAG HOVADAG £TTECEPYATIag
(CPU), n oTroia GUYKEVTPWVEI TIG TTAPEXOPEVES TTANPOPOpPIES Kal TIG eTTeCepydleTal. Ox1 uévo auto,
aAAG n CPU cival etriong utreuBbuvn yid TIG EVEPYEIEG TOU POPTTOTIKOU Bpayiova KaTteuBuvovTag Tov
MEOQ aTTO EVTOAEG.

O 1gavTag PETAPOPAG UETAPEPEI KABE avTIKEiuEVO PTTPooTd atrd TNV Kapepa RGB, étrou
AauBaveral n TPWTN TOU GWTOYPAPIa KAl 0TN CUVEXEID akoAouBeiTal n idia diadikaaia yid TIG AAAEG
OU0 TTOAUQACUATIKEG KAUEPES. H TTNYRA TOU QWTICHOU ATTOTEAEI ONUAVTIKO TTAPAyovVTa yIa TN AQWn
TWV TTOAUQACUATIKWY EIKOVWY, KABw¢ Kdavel To dciypa €udldkpito Kal (OTTwg QaiveTal otnv
eTTOUEVN €vOTNTA) ETTNPEACEl O APKETO BABPO Ta avauevOUEVA OTTOTEAETUATA. 2T GUVEXEID, O
HMEoOG 6pog Twv TOAVOTATWY aTTd TIG TTPORAEWEIC TWV TPIWV TAEIVOUNTWY TTAPEXEI TO TEAIKO
QATTOTEAEOA (EKTIUNON YIA TO UAIKO) KAl HIA EVTOAR YIO TOV POUTTIOTIKO Bpaxiova TTPOKEINEVOU va
TOTTOBETAOEI TO QAVTIKEIUEVO OTO owoTd doxeio. Ooov agopd TO KOUMATI TG 6pacng Twv
UTTOAOYIOTWYV, TO TTAQICI0 pnxXavikAg Habnong kal n apxitektoviky ZNA TTou XpnoiPoTroiouvTal
gival To PyTorch kai o ResNet50 avrioTtoixa. To poviéAo £xel pubuioTei va ekTeAeital yia 50
ETTOXEG KAI VO OTOUATA O€ TTEPITITWON TTOU N ATTWAEIQ TOU GUVOAOU deDOUEVWV EKTTAIDEUONG YiVEl
MIKpOTEPN aTrd 0.1 yia va atmo@euxBei n ummepmTpooappoyr). TEAOG, N KATAOTOON TOU POVTEAOU
oTnv €TTOXA ME TNV KOAUTEPN aKpifeia atroBnkeveTal apoUu oAokAnpwoOei n ekmaideuon Tou
MovTéAOU.

Central Processing Unit
Wastes Input

Outline/Centroid/Position | == | Action
Confirmatiorn
reen Light

Spectrum

Centroid Path Planning

Industrial
Camera

T Mulli-spectra\

= Sensor

SWIR
Sensor Controlled
Lights /
I (o)1l

e T T = S — S — S — T — S — S — S — S — S — L — S — =

L] e e :

anml o o i :
Closed Area
Mechanical Material Material Material Unsorted
Seperator 1 2 N Materials

Eikéva 8. Epyaortnpiakn didraén twv meipaudrwy uag - Autévouo auatnua SiaAoyng, To oTToio amoreAsital amrd
éva Liounxaviké Kaodo, évav unxaviko SlaxwpIoTh, Eva oUaTnUa avayvwpions UE TTOAAQTTAESC KAUEPES, Evav POUTTOTIKO
Bpayiova, kGdoug evarroBeang Kai uia KEVIPIKN povada emeéepyaaiag.

O kwdikag TTou aveTTTUEa yia TNV UAOTToinon Tng epyaciag utropei va Bpebei oto akdAoubo
atroBetrpio Tou GitHub ([27]).
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MeTpikég ASloAdynong

[Mivakag 20yxuong

O Tivakag ouyxuong €ival £vag TTivakag TToU avatrapioTd Ty amoédoaon evog aAlyopibuou
Tagivopnong. Mapéxel yia ouvoTrTIKA TTEPIANWN TNG atrdd0o0 NG Tou HovTéAou doov agopd Tov 0pBo
EVTOTTIOUO KAl TNV E0QAAPEVN TAEIVOUNON TTEPITITWOEWY IAPOPETIKWY KAdoewv. ‘Eva rapddeiyua
evog TTivaka oUyXuong aTTeikovideTal oTnv TTapakdtw €ikéva , 6Tmou 0 10T6G «N = Kahonong»
TAGIVOMEITAI WG UYING Kal 0 10TOG «P = Kakorong» TagIvouEiTal wg KAPKIVIKOG [28].

Actual class

P N

P| TP FP

Predicted
class

N FMN TN

Eikéva 9. lMivakag >uyxuong.

O Trivakag olyxuong atroTeAEiTal ammd TE0OEPIG KUPIEG TIMEG TTOU XPNOIUOTTOIOUVTAl VIO TOV
KABOPIOPO TWV PETPIKWY a&IOAOYNONG VOG Ta&IvounTr). AUTEG O TEOOEPIG TIUEG gival oI £EAG:

o AANOwg BeTikd (True Positive, TP): Auti avTiTTpoowTrelel Tov apiBuo Twv acBevwy TTou
£xouv TagivounBei cwoTd wg £xovTeg KakonBelg kKOuBoug, dnNAadn wg €XOvTeG TN VOOO.

o AANnBwg apvnrikd (True Negative, TN): Autr) avTiTTpoowTTelEl TOV apIOPS Twv AoBevwWY
TTOU €X0UV TagIVOUNBEei CWOTA WG UYIEIQ

o Weudwg Betika (False Positive, FP): AvTiTTpoowTrevel Tov apiBud Twv acBevwv TTou
£Xouv TagIvounBei eopaipéva wg £XoVTeG TN vOOO, AAAG OTNV TTPAYHATIKOTNTA €ival UYIEIG.
To FP gival eTiong yvwoTto wg o@dAua TutTou |.

o Weudwg apvnrikd (False Negative, FN): AvTiTpoowTreUel Tov apIBPo Twy aoBevwy TTou
£Xouv TagivounBei eE0QaAPEVA WG UYIEIG, eV oTNV TTPpayuaTikdTNTa £Xouv Tn voco. To FN
givai eTTiong yvwoTo wg o@aApa TUTTOU I,

AkpiBeia

H akpiBeia civar pia PeETPIK ammédoong TToU XPNOIKOTIoIEITal yia TNV afloAdynon Tng
OTTOTEAECHUATIKOTNTAG TWV HOVTEAWV TAGIVOUNONG. AVOQEPETAlI OTO TTOOOOTO TWV OCWOTWV
TTPORAEWewWVY TTOU £xel KAVEl TO PMovTEAO [29]. Mo cuykekpipgéva, n akpifeia £xel Tov akdAouBo
OpPICHO:

Aplbubds ocwatwv mpofAéYswv

AkpiBela = :
'D’B ZuvoAkog aptbuds mpofAEPewy
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MNa duadikr) KatnyopioTroinon, N akpiBeia YTTOPEi ETTIONG va UTTOAOYIOTEI WG TTPOG TA BETIKG
Kal Ta apvnTIKA wg €ENG:

TP+TN
TP+TN+FP+FN *

Axpifeia =

OTtrou TP = AANBwG BeTIkG, TN = AANBWG apvnTIKA, FP = Weudwg BeTIKA, Kal FN = Weudwg
ApvnTiKd, 6TTwG opioTnKAv TTPONYOUNEVWG.

Oa efeTdooupe TWPA TNV AKPIBEId EVOG OUYKEKPIUEVOU HOVTEAOU XPNOIMOTIOIWVTOG TOV
TTivaka ouyxuong. To ev Adyw povTéAo €xel Tagivounael 100 dykoug eite wg KakonBeig (n BETIKN
Katnyopia) €ite wg KaAonBeIg (n apvnTiKA KAtnyopia) Ye Ta ammoTeAéoATa va TTapoucidlovTal
TTOPAKATW:

Mivakac 4. Mivakag 20yxuong evog povréAou mmou karardoael 100 0ykous ws KAAonBeis 1 KakoNBeIs.

H akpipeia Tou povtélou utroAoyicetal o€ 0,91 f 91%, TTou onpaivel OTI €xel KAvel 91 CWOTEG
TTPOoBAEWEIG aTrd To cUvoAo Twv 100 TTapadelyudTwy. Me pia TTpwTn PaTid, auth n uwnAr akpieia
pTTOPEl VA UTTOdNAWVEI OTI O TAEIVOUNTAG OYKWY avayvwpilel atTOTEAECUATIKA TIG KOKOAOEIEG.
Qo1600, yIa vO KATAVONOOUMPE KOAUTEPA TNV ATTOdOCN TOU MOVTEAOU, €ival aTTapaitnTto va
TTpoBoUluE Ge AETITOPEPEDTEPN AVAAUCT) TWV BETIKWYV KAl GpVNTIKWY ATTOTEAEOHATWV.

A6 Ta 100 TTapadeiypata oykwy, Ta 91 atrd autd gival kahonon (90 aAnbi apvnTika kai 1
Weudwg BETIKO), evw Ta uttéAoiTa 9 gival kakordn (1 aAnBwg BeTIkS Kal 8 weudwg apvnTikd). ATTO
Toug 91 dykoug TTou gival KAAORBEIG, TO HOVTEND €xel Tagivounoel e akpifeia Toug 90 atmd autoug
wg¢ KaAonBeIg, yeyovog TTou atroTeAel BETIKO atroTéAeapa. QaTdéo0, aTTd Toug 9 KakorBe1g GyKoug,
TO MOVTEAO avayvwpioe owoTd pévo 1 wg kakonon. Autd eival éva avnouxnTikd aTTOTEAECQ,
KaBwG To JOVTEAO €xel Xaoel 8 atrd Toug 9 Kakon eI Gykoug, UTTOdEIKVUOVTAG OTI N IKAVOTNTA TOU
MoVTEAOU va eVTOTTICEl KOKONOEIEG Eival AVETTAPKNG.

Mia akpiBeia 91% ptropei va @aivetal eviutwoiaky. Qotdéoo, av egeTdooupe éva GAAo
MovTéAO Tagivounong Oykwv TTou TTPOoRAETTEl TTAVTA KAAONBEIG OyKoug, Ba eTTITUXEI AKPIBWS TV
idla akpipeia, dnAadn 91 oTig 100 cwoTég TTPoRAEWEIS. AuTO aonuaivel OTI TO TPEXOV HOVTEAD Bev
gival KaAUTEPO aTTd €va PHOVTEAO TTOU BeV €XEl Kauia TTPORAETITIKY IKavOTnTa 0T dIAKPIoN PETAEU
KakonBwv Kkal kaAonBwv oOykwv. OTav €xouue va KAVOUHE PE €va OUVOAO Oedopévwv ME
avICOoPPOTTIa JETAEU TWV KATNYOPIWY TOU, OTTWG QUTO TOU TTAPOVTOG OEvapiou, OTTOU UTTAPXEI
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onPavTikh dlapopd PMETAEU TOU apIBPOoU Twv BETIKWY KAl TWV ApVNTIKWV ETIKETWV, N akpiBela atrd
MOvN TNG &gV UTTOPE va TTEPIYPAYE! TTANPWG TNV KATACTAOT).

ATTWAEIQ

Mia ouvapTnon ammwAEIag €ival dia ouvapTnon TTOU CUYKPIVEL TIG TTPOPRAETTONEVEG TIUEG
€€000U €VOG VEUPWVIKOU SIKTUOU ME TIG OVOUEVOUEVEG TINEG £€0DOU Kal utToAoyiel Tn diagopd
METAEU TOUG. H ouvapTnon atTwAEIV XPNOIYOTTOIEITAI YIa va agloAoynBei TTooo KaAG atrodidel To
MovTéAO oTa Oedouéva ektraideuong. Katd 1n OIdpKeEId TNG €KTTaideuong, 0 OTOXOG €ival n
eAAYIOTOTTOINON TNG ATTWAEIOG HETAEU TWV TTPOPRAETTOUEVWV KOl TWV AVANEVOPEVWY £E0OwWV [30].

MpocapuOlOUE TIG UTTEPTTAPOUETPOUG VIO VA EAAXICTOTTOINCOUE TN YECT ATTWAEIA, N OTTOIx
mepIAapBavel TNV €0pEON TWV TINWV TWV Bapwv, wT, Kal Twv TTOADCEWY, b, TTou 0dnyoUv TNV
eNGXI0TN TIYA TOU J, TTOU QVTITTPOCWTTEUEI TN YECT ATTWAEIQ:

JwT,b) = — ¥, LHD,y®).

2¢& avaloyia he TNV £vvola TwV UTTOAEIMUATWY OTN OTATIOTIKH, TG OTTOia TTOCOTIKOTTOIoOUV TRV
OTTOKAION TWV TTPAYHOTIKWY TINWV y atmd Tn ypauunl TTaAivopounong (TTpoBAETTOEVES TIUEG),
OTOXOG MO €ival N eAaxioToTToinon TNG Kabaprg amdéoTaong.

Ymdpxouv 800 TTPWTAPXIKOI TUTTOI CUVOPTACEWY OTTWAEIWY TTOU XPNOIUOTIOIoUVTal OTNV
eMPBAETTOMEVN PABNGON, O OTToIoI AVTIOTOIXOUV 0Toug dUO KUPIOUG TUTTOUG VEUPWVIKWY OIKTUWV:
01 oUVaPTAOEIG ATTWAEIWY TTOAIVOPOUNONG Kal OI CUVAPTACEIS ATTWAEIWV Tagivounong.

1. ZuvapTAoEIg aTTWAEIWY TTAAIVEPONNONG: XPNOIMOTTIOIOUVTAlI OTA VEUPWVIKA diKTua
TTaAvOpdunong, OTTou To JOVTEAO TTPORAETTEN pIa TIKE €€6O0U TTOU AVTICTOIXEI O€ MIA TIUA
€10000U avTi yia TTPOKOBOPIoUEVEG ETIKETEG. Mapadeiyuata ouvapTACEWY OTTWAEIWY
TTaAivOpounong TTePIAAUPBAvVOUY TO PECO TETPAYWVIKO OQAAPQ Kal TO PMECO ATTOAUTO
OQAaAlQ.

2. ZuvapTAoElg ammWALIWV TagIivounong: XpnolgoTrololvial OTa  VEUPWVIKA  dikTud
Tagivounong. Mapdyouv éva didvuoua mBavotATwy TTou Ocixvel TNV moavotnTa MIa
€i0000¢ va avikel o€ dIAPOPES TTPOKABOPIOUEVES KATNYOPIES, ETTITPETTOVTOG OTO DIKTUO
va €MAEEEI TRV KaTnyopia pe TNV uwnAdTtepn moavoTtnTta. MNapadeiyuarta ouvapTroewy
ammwAgiwv Tagivounong TrepiAapBdavouv TN duadikr) dlIACTAUPOUNEVN €EVTPOTTIA, TNV
KaTnyopIkr dlaoTaupoUEVN EVTPOTTIA.

2€ avtiBeon pe TNV akpifeia, n atTwAeia dev eKPPAleTal wg TTOGOOTO aAAd wg GBpoIocUa TWV
oQoApdTwy TTOU €yivav 0t KGBe Seiyua ota olvola ekTraideuong i emkUpwons. Katd mn
dladikaoia ekTTaideuong, N eAaxioToTToinon TNG TIUAG TNG CUVAPTNONG ATTWAEING €ival O OTOX0G
TTPOKEINEVOU VA KOBOPIOTOUV Ol BEATIOTEG TIMEG TTAPANETPWY YIA TO JOVTEAO, OTTWG Ta Bdpn o€
£Va VEUPWVIKO BIKTUO.
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ATtroteAéoparta Kal ZulATNON

To TTPWTO ATTOTEAECUA OXETICETAI PE TNV APXITEKTOVIKY TOU HOVTEAOU TTOU XPNOIKOTTOINONKE.
A@ou dokiydoaue dIagopeTIKG HovTéAa, eleic KataAREape oTo cuuTTépaca oTi To ResNet50 givai
auTé TTOU TaIPIAdel KAAUTEPQ OTOUG OKOTTOUG UAG Kal TO TTI0 BEATIOTO yia TNV TTapoUoa £peuva atrod
TNV ammoywn NG xprnong GPU kai Twv d1aBéoiywy Tépwv, TNG akpifeiag TpoRAswng Kai
dlaxeipion evog peaaiou peyéBoug ouvoAou SESOUEVWIV EIKOVWV.

To deuTtepo amoTéAeapa agopd Toug TagivounTég. O1 TpEIG TagIvouNTEG TTOU dnuioupynBnkay,
Oivouv KaAUuTepa atroTeAéopata Otav ouvOudlovtal ev avTiBéoel Pe Tov KabBéva YwploTd.
EmmmAéov, o péoog TagivounTig €ival autdg TTou TTapéxel Ta KaAuTepa amoTeAéopara. O péoog
TaglivounTng dnUIoupyEiTal TTPOCBETOVTAG TIG TINEG TWYV TTOCOCTWY TTIBAVATNTAG KABE KAAONG TWV
TPIWV GAAwV Tagivountwy (RGB, NIR, VIS) kai aTn guvéxeia diaipeital Je 1o 3 yia va TTPoKUYEl TO
péoo TTooooTd. Mo cuykekpiyéva, aidel va ava@epBei 0TI N TagIvounNon oTa VEUPWVIKA diKTud
AeiToupyei pe TNV e€aywyr] evog diaviopaTog moavoTATWY. AUTEG O TTIBAVOTNTEG Ava@EPOVTAl OTO
600 KAAG TO dedopévo el06doU TaIPIAlel o€ KABE Pia aTTo TIG TTPOKABOPICPEVES KATNYOPIES Kal
otn ouvéxela Ta Neupwvikd Aiktua Tagivounong €mmAEyouv Thv Katnyopia-kKAGon Pe TNV
uwnAoTEPN BAVOTNTA WG TEAIKN £€080.

Ta onPavTIKOTEPA ATTOTEAECHOTA TTOU TTAPEXOVTAI ATTO TOV PECO TagIvouNTr givat:

e EpmoToouvn og epimTwaon owoTrg TpoRAewng: 80.968%

o EpmoTtoolvn oe TepiTrtwaon AavBaopévng exTipnong: 52.705%

o AkpiBeia: 92.523%

o AkpiBeia: 93.457% pe Tnv avtioTpoen diadikagia TnNG eTavnong.

o AkoAouBouv ol Trivakeg ouyxuong tou péoou Tagivounth. O deUTEPOG Kal O TETAPTOG
TiVaKag ateikovifouv Ta aTToTEAECPOTA TNG avTioTpoeng €trauénong. H avTtioTpoen
dladikagia TNG €TTavénong €ival pia TEXVIKA TTapOuoIa JE TV KWwOIKOTToINan eTavaAnwng
(repetition coding) oTig TnAeTKoIVwvieg. Mo avaAuTikd, TTapoucidfouv TTolo €ival To
atmmoTéAeopa €av AdPoupe uttéwn TNV TTAEIoWn®@ia Twy ekdoXwv aTrd KABe eikova. MNa
Tapadelyua, €dv 4 atd TG 6 ekOOXEG HIOG IkOvag eTTIAEyovTal wg LDPE, 161 Bewpeital
wg LDPE.
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Eikéva 10. lMivakag ouyxuong yia EUAo kai TTAQOTIKO Tou péoou taéivountn.
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Eikéva 11. lMivakag ouyxuong yia EUAo kai TTAQoTIKO Tou péoou taéivounth (TrAsiownia Twv eKGOXWY UE
avTioTPOPN TNS ETAUENTNG).
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Confusion Matrix
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Eikova 12. livaka¢ auyxuongs Kail Twv 7 Katnyoplwv tou uéoou taéivountn. MNapouaidlovrail ol akbAouBeg
AavBacouévec raéivounoeig: 17 deiyuara MDF, 3 eikéves LDPE, 6 PET kai 70 PP, evw b¢v yivav AG6n oTic KaTnyopiss
MFC, BeAavidid (OAK) 1 HDPE.

Confusion Matrix

MDF

-50

Actual Values
LDPE OAK MFC

HDPE

PET

PP

MDF MFC OAK LDPE HDPE PET PP
Predicted Values

Eikéva 13. lMivakag olyxuong Kai Twv 7 Karnyopiwv Tou uéaou taéivountn (AvTiarpo@n 1ng erauénang).
Mrropodpe va raparnproouue o1 uévo 14 amé 214 ouvoAa Twv 6 ekdoxwyv karardooovral AdBog, e€ou kar 93.457%
akpiBeia.
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‘Eva oupmmAnpwuatikd atmoTEAEOUa TTou €€AyETAl ATTO TOV PECO TAgIvOuNTA Kal £xel T OIKN
Tou agia gival o apIBuGS Twv AavBaouévwy ekdoxwv avd €ikova. Ma va TO TTAPOUCIACOUE auTo,
XpnaoigoTroioUue Tn BonBeia Tou KATWOI ICTOYPANPOTOG. ZTO IOTOYPAMKA ETTIOEIKVUETAI O APIOUOG
TWV EIKOVWYV TTOU £XOUV KATAVEUNUEVEG ATUXWG aTTO PNdEv Ewg Kal TIG €€ Toug ekdoxég. MNa
Tapadelyua, TEooepa AGBn avd ikova onuaivel 0TI TECOEPIG ATTO TIG £€1 eKOOXEG KATATAXONKAV
o€ AavBaopévn Katnyopia, evw To UNd&v onuaivel 0Tl OAES KaTataxbnkav cwaoTd.

Histogram of wrong editions per image
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Eikéva 14. loroypaupa AavBaouévwy ekdoxwyv ava eikova. EE AaBn avad sikova anuaiver o1 Kai o1 €1 EKOOOEIS
kararaxOnkav arn Aavbaaouévn karnyopia, evw 10 undév anuaiver 611 OAS Kararayxonkav oward.

To TEAEUTAIO KOPUATI TWV CUUTTEPOACHATWY AOXOAEITAI JE TOV QVTIKTUTTO TTOU Ba eixe €vag
QVETTAPKNG €COTTAIOHGG OTNV aKkpifeia Twy TagivounTwy Padi Je pia JEAETN ETTAVW OTNV €TTIAOYN
Cwvwv. H emppor] Tou XxaunAdtepng TToI0TNTAG £EOTTAIOHOU KATABEIKVUETAI e TNV €6€TACN TNG
akpifelag Twv TToAu@acuaTIKwy Tagivountwy. H £épeuva deixvel 611 o1 kapepeg NIR TTapouaialouv
MOAIG 2,07% ENAeippa akpiBelag, evw ol kapepeg VIS epgavifouv oplakh peiwon katd 1,69% o€
ouyKpIon ME TNV KOAUTEPN okpiBela TTou emiTuyXaveralr pe kauepes NIR (78,74%) kai VIS
(81,72%), avtioToixa. Ta eréueva diaypauuaTa atreikoviouv Tnv €¢EAIEN TNG akpifeiag katd tn
OIAPKEIO TWV ETTOXWY €WG OTOU EUPAVIOTEI N UTTEPTTPOCAPUOYH.

EmmrpooBeTa, TTpayuatoTroifoape TTEIPAPOTA €TTAVW OTn MEiwon Twv OIAoTACEWY VIO
TTOAUQOCUATIKEG KAPEPESG, TTAPAAANAIloVTAG TNV €TTIAOY XOPAKTNEIOTIKWY PE TN XpAon Hévo
TPIWV BIAPOPETIKWY CWVWV KAl OEIOAOYWVTAG TIG ETITITWOEIG TNG. AKOuN, emAéyovTag didgopa
oUvoAa TpIwV (wvwV aTTd TIC TTOAUPACHATIKEG KAWEPES, aTTodEifape OTI N XWPIKA €0TIAGN KAl N
€0TIOON OTO OXNUa atréxouv onuavTikd atmé 1o amoAluto 100% Tng akpiBeiag, agrvovTag
TEPIBWPIA BEATIWONG O€ Pia €0TiOON OTO GACGUATIKO ATTOTUTTWHA.
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NIR accuracy
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Eikéva 15. Aidypappua mou mapouaidler tnv eEEAIEN TNS akpifeiag Twv auviAwv Tpiwv {wvwy NS KGuepag NIR
Kabwg TpoxwpouV ol EToxéS. H kopuen kaBe ypauung armeikoviderai e dekadiko apibud. Emeénynan ypauuwy:
"randomAvg" ava@éperal oTo UECO 6pO TwWV OUVOAWYV Tuxaiag etTIAoyng, 1o "bestTotal” avrimpoowtrelel Tn 6eUTEPN
TeEXVIKY ("KaAUTepn ev ouvOAw”), evw ta "bestEach” kai "worstEach" avrimpooweUouy TNV TPITN Kal TNV TETAPTN
uéBodo Tou epapudoaue, avrioTola.

VIS accuracy
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Eikéva 16. Aiaypauua mou mapouaialer Tnv eEEAIEN TS akpifeiag Twv ouvoAwv Tpiwv {wvwv TS Kauepag VIS
KaBw¢ mpoxwpouv ol eoxéS. H kopupn kGO ypauung amsikoviferar ue 0ekadiké apibud. Emeénynon ypaupuwy:
"randomAvg" avagéperal aTo €GO 6PO TwWV CUVOAWYV Tuxaiag eTIAoyng, 1o "bestTotal” avrimpoowireUel Tn deutepn
TEXVIKN ("KaAUTEPN v oUVOAW"), evw Ta "bestEach” kai "worstEach" avrimpoowreUouy TNV TpITN KaI TNV 1ETAPTN
uéBodo mmou epapudoaue, avrioTola.

AuTo uttooTnpieTal atmd TO yeyovog OTI N Péon akpifeia Twv Tuxaia eTAEYHEVWY GUVOAWV
Cwvwv dloeépel Katd AiyoTepo atrd 8% atrd Tnv uywnAdTePn akpiBeia TTou emmITUYXAvETal ATTO
ouvoAa TpIwv Cwvwv Kal Aiyétepo ammd 10% atd tnv aglotroinon tng PCA Kai Tn cupTrepiAnyn
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OAwv Twv Cwvwv. lMpo¢ uTTEPAOTTION TWV TTAPATTAVW, £PXETAl KOl TO YEYOVOG TTWG OTAV
eMAEYOVTAl OI TPEIG XEIPOTEPEG Cwveg Twy Kapepwy NIR, n dlagopd oTa atoteAéopaTa o€
oUyKpION PE TNV KaAUTEPN €TTIAEYUEVN TPIADA CwVWwy gival pIkpdTepn aTtd 7%.

H tpotevéuevn €peuvd pag atrodeikvuel 6T Ta ZNA ptropolv va xpnoiydoTroindoulv yia Tnv
akpIPn Kal atroTEAECTHATIK Tagivounon Twy atroppIdpaTwy EUAou. MNapéxovTag yia ypriyopn Kai
oToXeUpEVN NEBODO BialoyAg, Ta ZNA £xouv Tn duvaTdTATA VA BEATILWOOUV TNV ATTOBOTIKAOTNTA KAl
TNV ATTOTEAEOUATIKOTATA TNG Olaxeipiong Twv  EUAIVWY  aTTOPPIUMATWY, O0dNywvTag Of
gcoikovounon KOOTOUG Kal peiwon Twv TTEPIBAANOVTIKWYV EMTITWOEWY. Méow autwv Twv
EUPNUATWY, TTPOKUTITOUV VEEG BUVATOTNTEG YIA TNV ASIOTTOINON VEUPWVIKWY BIKTUWYV O€ TTOPOUOIEG
TTPAKTIKEG Dlaxeipiong aTTORANTWY Kal o€ AAAEG BlopN)avieg, OTTWG gival Ta TTAACTIKA, Ta HETAAAO
Kal Ta aTTOBANTA KATOAOKEUWY KAl KATEDAPITEWV.

2uveioc@opa

MpwTov, wg onuavTik cUUBOAN Bewpeital N dnuioupyia Tou cUVOAOU BEDOUEVWV EIKOVOG
TWV TTPOIOVTWY aTTd EUAO Kal TTAAOTIKG. AuTO TO OUVOAO OedouévwV dnUIoupynONKe PE TN AN
€IKOVWY aTTd TPEIG dlagopeTikoUg TUTTOUG Kauepwy (RGB, VIS, NIR). 2Tn cuvéxeia akoAoubnoe n
ETTAUENON TWV OEDOUEVWY TTOU TTEPIAAMBAVE PIKPEG AAAQYEG OTIG EIKOVEG TTOU KATaypAPNKav Kal
N oTroia pag emETPEWE va KataAnfoupe og 6522 deiyuata elIkOvwy yia KABe TUTTO KAPEPOAG, WOTE
Va £XOUME Ao@OAECTEPA TEAIKA ATTOTEAECUATA.

EmimmAéov, pia aAAn cuuBoAn Tng mapouoag £peuvag eival n dokiu Tou TensorFlow évavri
Tou PyTorch umd Tig idle¢ ouvbrkeg kal n kabiépwon NG amowng om 70 TensorFlow eival
EUKOAOTEPO OTN XPAON YIA OKOTTOUG UNXAVIKAG HABNOoNG elcaywyikou emTédou, evw 1o PyTorch
MTTOpPEl va atTodeixBei 1o XpAoIno AOyw Twv TTOAUTTAOKWY puBuicewv TTou &1aB£Tel, av Kal o
TTEPITTAOKO.

TpiTov, N KUpIa cuveloopd pag gival n akpifeia diahoyng Tou emTuyXaveTal. AVaAUTIKOTEPQ,
meToxape akpifeia 100% otn didkpion Tou EUAoU atmd 1o TTAACTIKO Kai 93.45% oTnv Tagivounon
KABe UAIKOU atrd TIG €TTTA KAACEIG PE TNV avTIOTPOPR NG e€mmauénong. Autd 1o atToTéAEoudA
ogeiAeTal oTnv avaTmTuén tou Méoou TaivounTA, o oTroiog gival évag ouvOuaouos Twv GAAwWV
TPIWV TAEIVOUNTWYV KAl JTTOPOUUE VA CUUTTEPAVOUUE PE ao@AaAeia 6T 0 Méoog Ta&ivounTng givai n
KaAUTEPN dI1aBETIUN €TTIAOYH, APOU TTapAyel Ta KAAUTEPA aTTOTEAETUATA.

EmmpooBeta, n €peuvd pag mrepIAduBave TTOAAEG DokIyéG oe did@opa povTéAa ZNA yia
OKOTTOUG TagIvOuNoNG €IKOVWVY Kal, wg €K TOUTOU, TO CUPTTEPOOMA TTou eEdyeTal gival OTI TO
Resnet50 utropei va xeipioTei ye emruxia éva pecaiou peyéBoug oUvolo dedopévwyv, va TTAPEXE]
OPKETA akpIBr] TEAIKA ATTOTEAECPOTA KAl VO OUVEPYOOTEI ATTOTEAECOUATIKA HE UTTOAOYIOTIKEG
HovAdeg TTou dev avhKouv OTnV uynAdTEPN KATnyopia.

TEAOG, éva OUCIOOTIKO CUPTTEPAC A TTOU TTPOEKUWE AQOoPA Tn XPAON €COTTAICHOU PIKPOTEPWY
ouvartoTATwV. Q¢ TEAIKA TITUXA TNG £PEUVAC HAC, TTPAYHUATOTTOINCANE TTEIPAUATA OXETIKA WE TN
Meiwon Twy dIaoTAcEWY yia TIG TTOAUQOOUATIKEG KAWEPEG, TTOU XPNOideUTav wg €TTOEIEN TNG
ETMAOYAG XAPAKTNPIOTIKWY OE TTEPITITWOEIG OTTOU 0 EEOTTAICUOG ITTOPET va NV TTANPOI Ta BEATIOTA
TPOTUTTA, KAl afloAoyRoaue TIG ETITTTWOEIS TNG. Eival aloonueiwTo 611 T atroteAéopaTta £0€1Eav
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MIa oplakn peiwon HIKpOTEPN Tou 2.1% Kai yia Toug dUO TUTTOUG KAPEPWY. To gupnua autd
aloTrolEiTal WG TIEIOTIKA aTTOdEIEN OTI AKOPN Kal Pe PN BEATIOTO €ComTTAIoNS pTTOopoUvV va
EMTEUXOOUV IKaVOTTOINTIKA aTroTeAéopaTta. EmmmAéov, emAéyovTag dia@opeTikd oUvoAa TPIWV
(wvwv aTTd TIG TTOAUPACHATIKEG KAPEPES, aTTOdEIEaE OTI N XWPIKA €0TIOON Kal N €0Tiaon GTO
OoXAMa TWV avTIKEINEVWY Oev TTaIfouv TOOO KupiapXo pOAo o€ OUYKPION HME TO QACHATIKO TOUG
aTroTUTTWHA. Tov IOXUPIOPS autd oTnpidel TO YEYOVOG OTI N YEon aKpPiBEla TwV CUVOAWVY Twv
Tuxaia emmAeypévwy (wvwv dlagépel Kata Aiyotepo atmo 8% atd Tnv uywnAdTepn akpiela TTou
EMTUYXAVETAlI aTTO OUVOAQ TPIWV {wvwv Kal AiyoTepo attd 10% atrd Tn xprion tng PCA kai Tnv
agloTToinon OAWV TWV {WVWV.

20voywn AITAWHATIKAG

2UPTTEPACHATIKA, N TTapoUCca JITTAWMATIKE OIEPEUVA TIC dUVATOTNTEG XPAONG ZUVEAIKTIKWV
Neupwvikwv AIKTOUwvY (ZNA) yia Tnv Tagivopunon Twv amoppihudtwy uAou. H trpoteivouevn
£€peuva KATAdEIKVUEI TN OKOTTIMOTNTA KAl ThV atToTeEAeCPaTIKOTATA TNG Xpriong ZNA kai Ba
MTTOpoUcE va oupBaAel otnv kaBiépwon Twv ZNA oe¢ TEPIOTOTEPOUG TOMEIG dlaxeipiong
Biounxavikwyv atroPARTWY. Q¢ aTTOTEAECHA, N TTPOTEIVOPEVN €psuva €xel Tn duvaréTnta va
OUMBAAEl OonuavTIKG oTov Topéa TnG Slaxeipiong atmoppINPaTWyY EUAOU Kal OTNV QVATITUEN
Biwaoiywy Biounxaviwy pe Bdon 1o UAO, BonBWVTAG TTEPAITEPW TNV KUKAIKI OIKOVOia.

H BaBid pdbnon éxel emdeigel TepdoTieg dSuvaTdTNTEG 0€ TTOAAOUG ToUEIG Kal IDIaiTEpa Ta ZNA
otnv emeEepyaonia eikdvag. H Tapoloa £peuva BacioTnke O0TO Kopu@aio PovTéAO Tagivounong
eikdvag ResNet, 10 otoio eixe €10fxOn yia TTpwTtn @opd oTov TOUEA TNG YEVIKAG dIaAoyng
ammoBAATWY Kol XPNOIMOTTOINONKE WG TagIvountiG yia Ta oméBAnTa oe €va TTOAUTTAOKO
Biounxavikd TTepIBaAAov. MpoTddnke pia @Ikt PHEBOSOG diaxwpiouou pe Baon 1o ResNet kai
TEPIYPAPNKE AETTTOUEPWS OAOKANPN n dladikacia, cuptrepIAapBavopévng TG dnuioupyiag
€IKOVWY, TNG dNIoupyiag Tou cuvoAou eKTTaIdEUCNG Kal TOU GUVOAOU £TTIKUPWONG, TNG ETTalENONG
€IKOVWY, TOU ouvToviIopoU Tou povTéAdou ResNet50, tou diaxwpiopol atmmoBAfTwy UAou, TNG
d1aAoyAg EUAoU aTTO TTAACTIKA ATTOPPIMKATA KAl TNG BEATIOTOTTOINCNG AUTWY TWV OTTOTEAEOUATWY.
Ta amoteAéopaTa deixvouv OTI n TTPOTEIVOUEVN PEBODBOG £xel TN duvaTOTNTA VA OIEUKOAUVEI TNV
auTtéuaTn Tagivounon Twy atmoBARTwY UAoU, n oTToia gival onUAvTIKA yia TTOAAEG Blopnxavieg Kal
OfuUoug oTnv TTpocTTdBela eTiTeUENg KaAUTEPNG Olaxeipiong Tou KUkAou CwAS Twv EUAIVwvV
TTPOIOVTWY, TN Meiwon NG TEPIBAANOVTIKAG €mMRdpuvong Kal TNV augnon tng BIwoINoTnToG.
ZUYKEKPIYEVQ, EEAXOBNOAV KATTOIO KAipIa CUUTTEPACHOTA WG EENG.

Mpwrtov, afloAoyRbnkav OIAPOPES APXITEKTOVIKEG MOVTEAWV yIa va TTPoadIopIoTEl N
KATaAANAGTEPN YIa TIG aTTaITAoEIG pag. Katd ouvéteia, diamoTwenke 611 To ResNet50 emmédeice
eCAIPETIKEG €TMOOCEIS OTO XEIPIOMO CUVOAWV OedOPEVWV PECAIOU PEYEBOUG XWpPIG va aTTaiTei
UTTEPPROAIKG TTOOA UTTOAOYIOTIKWY TTOpwWV. AcUTtepov, emTUXaUE 93.45% akpifeia oTo dlaxwpIouo
KaBepIAG a1ro TIG €TTTA KAGOEIG Kal TNV TéAEla BabuoAoyia 100% oTo diaxwpioud Tou UAoU aTod
TO TTAAOTIKO.

TpiTov, TTPAYUATOTTOINCAKE TTEIPAPATA PEIWONG TwV dIAOTACEWY YIA TIG TTOAUQACUATIKEG
KAMEPES, TTOU XPNOIMEUOUV WG TTAPAdEIYUA ETTINOYAG XOPAKTNPIOTIKWY C€ CEVApIa OTTOU O
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€EOTTAIONOG PTTOPET Va gival aveTTapKig, Kal aglohoynoaue Tnv eTmidpact| Tng. Ta amoTteAéopaTa
€de1Cav peiwon poOAig kata 1.69% o€ ouykpion Pe TN XPHRon OAwv Twv {wWVwv OTO 0paTd GAaoua
(VIS) ka1 peiwon katd 2.07% oT1o @dopa Tou gyyug uttépubpou (NIR).

MeAAovTikéG ETreKTAOEIG

H Tagivounon twv {UAIVWV aTToppIdPdTwy Kal YEVIKA n Tagivounon Twy amoBAATwyY gival
OKOMN avoIKTa TTedia TToU TTPETTEI va AVAKAAUQBOoUV Kal £Xouv HIa g€ipd aTTd avoikTd ¢nTrpaTa
TTou TTIPETEl va peAeTnNOoUv. [MpwTtov, uTtdpxel avdykn €TMEKTAONG TNG MEAETNG WOTE VA
OUMTTEPIANYBOUV UTTEPPACHATIKEG KAPEPEG, Ol OTTOIEG Ba NTAV ETTWEEAEIG yIa TNV £E€TAON £vOG
eupuTEPOU TTEDIOU KATNyopIwV EUAOU. H UTTEPQAOUATIKA ATTEIKOVION TTPOCEPEPEI MIA PMOVADIKN
EUKAIPIa yIa TN ANWN AETTTOPEPWV QACUATIKWY TTANPOPOPIWY aTTd Ta UAIKA EUAOU, ETTITPETTOVTAG
MIa TTI0 OAOKANpwWHEVN KaTavonaon TnNG oUvBeonS Kal TwV XAPAKTNPIOTIKWY TOug. AUTH N €TTEKTACN
TNG TEXVOAOYIOG UTTOPEI va BEATIWACEI TNV ATTOTEAECUATIKOTATA TWV dIadIKATIwVY dlaxXwpIoHoU Twv
QATTOPPIMHATWYV EUAOU, 0dNYWVTAG 0€ KAAUTEPN akpieia diaAoyrg Toug. AKSun, N XPNOIYOTToIiNoN
UTTEPQACUATIKWY KAUEPWYV Ba uTTopolce va cUuPBAAEl oTnv avAaTTugn TTPonyHEVWY aAyopibBuwy
KAl TEXVIKWV HPNXOVIKAG HABNoNg €10IKA TTPOCAPUOOUEVWY TNV avaAuon atroBARTwyY UAou,
EMTPETTOVTOG AUTOPATOTTOINUEVEG HEBODOUG dlaXwpPIoHOU.

H BeAtiwon Tng akpifeiag TG Tagivounong Twy SUAIVWY aTToppIdPAaTWyY gival €vag Kpioldog
TOMEAG YIa PHEANOVTIKE €peuva. Evw €xel onueiwBei onuavTikg TTpoodog oTnV TTapouca PEAETN,
UTTAPYXOUV akOun TTEPIBWPIA yIa TNV £VioXuaon TNG akpiBelag kal TnG agloTmoTiag Twv aAyopibuwy
Tagivépnong. O1 gpeuvnTég UTTOPOUV VA DIEPEUVHIOOUV TTPONYUEVEG TEXVIKEG UNXAVIKAG PABnong
1 MOVTEAQ yIO TNV ETTITEUEN UWNASTEPWY TTOOOOTWYV aKpPiBelag. Autd uTTopei va cuuBei pe tnv
QVTIMETWTTION NTNUATWY OTTWG N HETAPBANTOTATA PETAEU TWV KAGOEWY KAl Ol AETTTEG QACUATIKEG
O1apOPEG TOUG.

O avTiKTUTTOG TOU QWTICKOU OTNV TTOAUQACHATIKA ATTEIKOVION €ival €TTIONG MIA GNPAVTIKN
TTUXA TToU TTPETTEl va digpeuvnBei Trepaimtépw. H katavénon tou TPOTTOU PE TOV OTIOIO Ol
OIOPOPETIKEG OUVONKEG QWTIOPOU ETTNPEACOUV TN PACHATIKI ATTOKPION TwV UAIKWV UAOU Kai n
O1Epelivnon TEXVIKWY avTIOTABMIONG TWV OIOKUNAVOEWY TOU QWTICHOU Ba 0dnyn o€l G€ TTI0 GUVETTN
atmroteAéopaTta. O1 epeuvnTéG Ba TTPETTEI VA £EETACOUV TTAPAYOVTEG OTTWG O YWVIEG QWTIOUOU, N
évraon Kal N €mppon Twv TTEPIBAANOVTIKWY TUVONKWY yia TNV avatTuén Ioxupwv aAyopiBuwyv
TTOU PTTOPOUV VA XEIPIOTOUV BIAQOPETIKEG KATACTATEIG PWTITHOU.

H peAéTN TOU QOCPATIKOU ATTOTUTTWHATOS QVTi TNG ATTOKAEIOTIKAG OTAPIENG OTO OXNMA TwWV
QVTIKEIMEVWYV QTTOTEAE HIa evOIa@EPOUCa KATEUBUVON yia HEAAOVTIKA €peuva oTNV TAEIVOUNON TwV
QTTOPPIMPATWY EUAOU. Me Tnv avdAuon Twv HOVASIKWY QACHATIKWY XOPAKTNPIOTIKWY TWV
O1apopwv UAIKWY EUAOU, Ol EPEUVNTEG UTTOPOUV VA ATTOKTAGOUV TTOAUTIMES YVWOEIG OXETIKA E TN
o0vBeon Kal TIG IB10TNTEG TOUG. AUTH N METATOTTION TNG £0TIAONG UTTOPEI VA ATTAITHOEI TNV QVATITUEN
KAIVOTOPWVY TEXVIKWYV eTTeEepyaciag dedopévwy TTOU UTTOPoUV va e§Ayouv Kal va avaAuouv
OTTOTEAECMUATIKA TO QACMPATIKA OTTOTUTTWMOTA Twv ammofAATwyY UAou. Me Tn digpelivnon Tng
PaouaTikAg didoTaong, UTTOPOUV Va ATTOKAAUQBOUV VEEG DUVATOTNTEG YIA TNV OTTOTEAECUATIK
olaloyn atmmoBARTwY EUAOU.
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EmTTpooBéTwg, o1 YEANOVTIKEG PEAETEG Ba TTPETTEl va €EETACOUV T XPon KAAUTEPWV
Movadwyv etmefepyaciag, OTTWG Ol KAPTEG YPAPIKWY UWNAAG atrédoong Kal n auénuévn
XwpnTikéTNTAa TNG MVARNG RAM, woTe va BeATIwWoouV TNV TaxUTNTa Kal TNV ATTOTEAECUATIKOTATA
TOU SIaXwWPICHOU TwV EUAIVWY aTTOPPIMKATWY. AUTOI OI TTPONYHEVOI UTTOAOYICTIKOI TTOPOI HTTOPOUV
VO EMTAXUVOUV ONUAVTIKA TNV E€TTECEPYOCia MEYAAWY UTTEPPACHATIKWY CUVOAWV OEBOUEVWY,
EMTPETTOVTOG BUVATOTNTEG TAEIVOUNONG O€ TIPAYMATIKO 1] OXEDOV TTPAYHATIKO XPOVO.

Mépav autol, n evoOWPATWON OIOPOPETIKWY €I0WV EUAIVWV aTTOPPIMUATWY GTO GUVOAO
0edopévwy Kal n eEac@daAlion o1 To PéyeBog Kal n TTOIKINOPOP®Ia TOUG €ival AVTITTPOCWTTEUTIKA
TWV TTPAYUATIKWY CEVOPIWY Ba evioxUoel TTEPAITEPW TNV OKpiBeia Kal Tn duvaTtodTnTa YEVIKEUONG
TWV HOVTEAWV Slaxwplouou attoBARTwY {UAoU. H £peuvd Pag TTIKEVTPWVETAI TIPWTIOTWGS O€ €Va
TTEPIOPIOPEVO OUVOAO TUTTWYV EUAOU, evwy n digpelvnon TTPOCBETWY KATNYOoPIWY, OTTWG PEYAAQ
KOuMATIa EUAOU TTou Bev Xwpave €€ OAOKANPOU OTNV KAPEPA 1 TTPIOVIOI TTOU €ival JIKPOOKOTTIKO,
Ba TTPooPEPEl Hia TTI0O OAOKANPWHEVN KaTavOonon TwV TTPOKAACEWYV Kal TwWV ATTAITHOEWY TTOU
ag@opouv KAbe TUTTO.

EmimA£ov, n TTapouca £pguva avoiyel To OpOUO yia Tn diEpelivnon Twv OUVATOTATWY XPAONG
Twv ZNA og didpopoug GANoug Topeig dlaxeipiong PBiounxavikwy amoBARTwY TTEpAv TwWV
atmoppiddTtwy EUAou. Mapouacialoviag Tnv amoTeAeopanikétnTa Twv 2ZNA otnv Tagivounon
atmoBAATWY EUAOU, avoiyovTal €uKaIpieg yia TNV agloTToinon TTAPOPOIWY TEXVIKWY PNXAVIKAG
MABNOoNG o€ TOUEIG BIOPOPETIKWY UAIKWV atmoBAnTwy, OTTwG Ta TTAACTIKA, Ta PETAAAQ Kal Ta
ATTOPPIMPATA KATAOKEUWVY Kal KaTedagioewy. AuTh n dielpuvon Tou TTediou eQapuoyng EXEl TN
duvaToTNTa Va QEPEI ETTavVAOTAON OTIG TIPOKTIKEG DlaxXEipIong aTToBARTWY 0& TTOANEG Blounxavieg,
ETTITPETTOVTAG TTIO ATTOTEAETHATIKEG BIAdIKATieg OIAAOYNG, AVOKUKAWONG KAl AVAKTNONG TTOPWV.

Mapd Tnv TPO0odo TToU €Xel OnuUElwOEl, TTapauével PeEYAAn TTPOKANGCN N €QAPUOYN
oucTNPATWY BlaAoyng EUAIVWY ATTOPPIMPATWY OE TTPAYUATIKEG CUVONKEG, TTEPa aTTd Ta OpIa TWV
TTPOCTATEUUEVWY  epyacTnplokwy  TTepIBaAAOvTwy. [Mapdyovieg OTTwg o  PeTaBaAAOuEvVOg
QWTIOPOG, Ol AVEEEAEYKTEG KAl OKOVIOUEVEG TTEPIBAANOVTIKEG OUVONKEG Kal N AvAykn
TTPOCAPHOYAS TWV GAYOPIOUWY Kal TwV JOVTEAWY YIA TNV AVTIMETWTTION ATTPORAETITWY TEVapPiwV
OnuIoupyoUV CNPAVTIKEG TTPOKANCEIG TTOU Ogv eUPavifovTal O€ JIa TTPOCOoWoiwon. H JEANOVTIKN
épeuva Ba TTPETTEI VA ETTIKEVTPWOEI GTNV AVTIMETWTTION QUTWY TWV TIPOKTIKWY EUTTOdiWV, WOTE va
dlaoc@aAIoTel N €mMTUXAG AVATITUEN Kal N €upeia UIoBETNON TWV TEXVOAOYIWV dIaxwpIouoU
atroBAATWY GUAOU O€ TTPAYUATIKEG CUVOAKEG.

TéAog, cival wTIKAG onuaciag Ta oUvoAa OeO0OUEVWY TTOU a@OopoUV Ta aTToppiduaTa EUAou
va KaTtaoToUuv eAeUBEpwWS TTpooBdciya oe 0Aoug, SIEUKOAUVOVTAG TNV TTPO0D0 TNG ETTIOTNHOVIKAG
yvwone. EEacealioviag Tn diaBeoiudtnTa Kal Tnv €UKOAn TpoOofacn o€ autd Ta oUvoAd
0edopévwy, Ol gpeuvnTéEG UTTOPOUV VO OUVEPYACOVTal OTTOTEAEOHUATIKOTEPA, VO AVTOAAACGOUV
TTOAUTIMEG YVWOEIG KAl VO QVTIHETWTTICOUV OUAAOYIKA TIG TTPOKAACEIG TTOU OXETICOVTAl UE TN
dlaxeipion Twv atmoPAATWY UAoU. Ta avoikTd oUvoAa Sedouévwy OXI JOVO evBappUVouV TIG
OIETTIOTNUOVIKEG OuveEPYOOieG aAAA Kal TNV KaIVOTOUIQ, ETTITPETTOVIAG OTOUG EPEUVNTEG Va
avaTITugouUV Kal va agloAoyrioouv VEOUG aAyopiBuoug, POVTEAQ Kal TEXVIKEG, EVW N €AEUBepN
01a0e0INOTNTA AUTWV TwV CUVOAWVY dedopévwy TTPowBEei TN dIaPAveIa, TRV AVATTAPAYWYILOTNTA
Kal Tnv utreuBuvotnTa. Me Tov ekdnuokpaTtiopd Tng Tpdofacng o€ cUvoAa dedouévwy yia Ta
QTTOPPIUMATA, N ETTICTANN YTTOPEI VA TTPOXWPNOEI TTEPAITEPW, AVOIYOVTAG TO OPOUO VIO BIWCIKES
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TPOKTIKEG Blaxeipiong ATTOBAATWY KAl TEKUNPIWPEVN AW aTTOQACEWY TTOU W@EAOUV TOOO TO
ePIBAAAOV GO0 Kal TNV KOIVWVia To GUVOAS TnG.
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Chapter 1

Introduction

1.1. Motivation
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Figure 1. Projected waste generation, by region (millions of tonnes/year).

In the modernization and urbanization of daily life, a large amount of Municipal Solid Waste
(MSW) is inevitably generated. Wood waste constitutes the 6th largest category of MSW. In
Europe together with Central Asia, in 2016, 392 million tonnes of MSW were produced, which
translates to roughly 23.5 millions of tonnes of Wood Waste, since wood waste takes up almost
6% of the total MSW proportion [1].

Finite resources and environmental hazards have necessitated the transition to the circular
economy model. Due to the rapid increase projected in MSW production worldwide and for
sustainability purposes, the European Union has set stricter targets for recycling and begun to
encourage governments to recycle solid waste. However, wood waste segregation through
artificial intelligence techniques still remains an unexplored field.

The old traditional way of separating waste is the hand-picking method, whereby humans are
employed to separate out the different categories of materials. However, because of the long-
term exposure to toxic and pathogenic work environments, manual sorting has many risk factors,
high labor costs, and low sorting efficiency. The effective segregation of materials is a critical
condition for successful recycling, therefore the research community has turned to automated
sorting techniques in order to modernize and digitize the recycling process, where sensors are
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used to detect recyclable materials in waste in order to develop autonomous systems for their
sorting.

Typically, MSW is a fairly complex stream of solid materials that includes metals, polymer-
plastics, wood, paper, glass, construction and demolition materials, etc. Moreover, wood waste
has a wide variety, complex composition, and a recycling rate dependent on the condition of each
individual piece.

Taking all this into account, it motivated us to develop an automated system which is able to
identify the different categories of wood waste and segregate wood from plastic. This system can
take less time to sort the waste, and it will be more accurate in classifying than the manual way.
The new system of segregation recommended in this thesis includes optical sorting and
hyperspectral imaging-based sorting. Specifically, the training of the model will be based on data
coming from multispectral sensors and an industrial camera. In this way, the identification,
characterization and categorization of wood will be made effortless based on its composition. With
the system in place, the well-conditioned separated waste can still be recycled and converted to
energy or fuel for the growth of the economy. Besides, the circular economy concept is closely
linked to the management of wood waste and an approach of this kind involves finding ways to
reuse wood instead of just disposing it.

Furthermore, we conducted this study to examine the extent to which high-end equipment
influences the performance of the created sorter. Our aim was to assess whether the
implementation of top-of-the-line equipment would yield significant improvements in the sorting
process. This line of inquiry was crucial because if high-end equipment did not demonstrate a
substantial influence on the sorter's performance, it would imply that wood waste management
could be made accessible to a wider global audience. This would open opportunities for resource-
constrained regions and communities to adopt similar waste management practices. Our aim was
to shed light on the potential for cost-effective and scalable solutions in wood waste management,
which could positively impact environmental sustainability efforts worldwide.

The system that is developed for the separation of the accumulated waste is based on the
Convolutional Neural Network concept. Advancements in artificial technology, particularly in the
field of machine learning and computer vision, have greatly improved the accuracy and efficiency
of waste classification, assisting projects like this one. By utilizing algorithms and neural networks
trained on large datasets of waste images, machines can now recognize and classify different
types of waste materials with a high degree of accuracy.

1.2. Waste Management

Waste management encompasses the processes and actions necessary to manage waste
throughout its entire life cycle. The collection, transport, treatment and disposal of waste are all
included, as well as the supervision and control over the waste management process along with
any waste-related legislation, technologies, or economic mechanisms.

Waste occasionally poses a risk to human health. Health issues can be linked with the entire

process of waste management. The handling of solid waste can cause health problems directly,
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while the consumption of water, soil, and food can cause them indirectly. Human activity, such as
the extraction and processing of basic resources, produces waste [2]. Waste management aims
to lessen the negative consequences of waste on the environment, human health, the resources
of the planet, and aesthetics.

Municipal solid waste, which is produced by industrial, commercial, and household activity
takes up a significant portion of waste management. There are differences in waste management
tactics between developed and developing countries, urban and rural regions, residential and
industrial sectors, and even within the same country [3].

Although effective waste management is crucial for creating sustainable and livable
communities, many developing nations still struggle with it. And the reason behind that, according
to a report [4], is the cost of efficient waste management which typically accounts for 20% to 50%
of municipal budgets.

The earliest incineration plants, or "destructors," as they were then known, were developed
in response to the sharp increase in trash that needed to be disposed of. Nevertheless, due to
the huge sum of ash they created and the way it blew over the surrounding areas, these were
met with great criticism [5].

1.3. Recycling

Recycling is a resource recovery tactic that involves the collecting and reuse of waste
materials. This procedure entails dismantling and repurposing materials that would otherwise be
discarded as trash. Recycling has many advantages, and since so many new technologies are
making less materials not reusable, it is less demanding to live in a cleaner environment. Not only
can our living conditions become better, but this can have a positive impact on the economy.

Utilizing specialized containers and collection vehicles, recycling materials can be collected
apart from regular rubbish. Prior to the waste being collected, the owner of the waste may be
required by certain communities to segregate the materials into different containers (for example,
paper, plastics, and metals). While, in some other municipalities recyclables are collected all
together in a single bin, and the sorting is done later at a central facility.

Different cities and nations accept different types of materials for recycling and each one of
them has their own recycling programs to manage the different recyclable materials. Nonetheless,
there are alterations on a product after being recycled, which means that its quality and its resale
value usually drops. There are many types of materials that can be recycled. Of course, what
interests us most in this thesis is the wood recycling, which is being elaborated further below.
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1.4. Wood Recycling

Wood recycling is the process of converting wood waste into usable products. Recycling
timber became popular in the early 1990s as environmental conditions (mostly deforestation and
climate change) led timber producers and customers to seek a more environmentally friendly
wood source. Recycling timber is the most sustainable method of producing wood and is really
widespread among Oceanian countries where supplies of old wooden constructions are highly
available. Wood can be chopped into wood chips and then be used to heat households or produce
electric energy.

Most recycled timber originates from old buildings, bridges and piers, where demolition
workers carefully segregate it. Simultaneously, any useful pieces of rock are also saved for reuse.
After saving the usable timber, it is then sold by the wreckers to merchants who use metal
detectors to scan the wood in order to remove nails and cut it to size. This re-milled timber is
ordinarily offered to customers as wood beams or flooring and decking purposes.

Recycling wood has gained popularity as a sustainable product. Many consumers believe that
by buying recycled timber, they can help reduce the demand for "green timber" and consequently
help the environment. The use of recycled wood as a building material has been crucial in
increasing awareness about deforestation among industrial sectors and households and
encouraging timber mills to adopt more sustainable procedures.

1.4.1. The Obstacles related to Wood Recycling

Numerous challenges hinder the widespread acceptance of recycled timber as a construction
material. Firstly, wall studs may require trimming at the ends to prevent decay and cracking,
resulting in shorter pieces of wood that may not meet building codes. Although recycled wood
may be cheaper than new wood, it needs a respectable amount of time and labor to separate the
useful pieces, to de-nail and refinish them for reuse. Demolition must be done carefully to preserve
the maximum amount of timber in a building, which takes more time than tearing it down
carelessly. A trustworthy source of well-preserved recycled wood may be difficult to obtain for
builders, due to the uneven development of the recycled wood market. There may also be a
negative perception associated with using "used" or "cheap" wood, which is viewed as being of
lower quality than "new" wood. Additionally, not all salvaged wood pieces may fit into a new
building, and it might be less expensive and easier to get new wood, from the viewpoint of a
constructor. It is a fact that these hurdles are not impossible to overcome. They are more logistical
than structural, but a lot of builders prefer to just buy new uniform-sized wood due to its simplicity
and faster application.
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1.5. Re-use

1.5.1. Biological reprocessing

Recoverable organic materials, including plant materials, food leftovers, and paper goods,
can be recovered through composting and digestion processes to decompose the organic matter.
This organic material can be reused as mulch or compost for agricultural or landscaping purposes,
and the waste gas generated during the process, such as methane, can be captured and used to
produce electricity and heat (CHP/cogeneration), increasing efficiency [31]. The aim of biological
processing in waste management is to regulate and speed up the natural process of organic
matter decomposition.

1.5.2. Energy recovery

There are several practices, such as combustion, gasification, pyrolysis, anaerobic digestion,
and landfill gas recovery, that can turn non-recyclable waste materials into usable heat, power or
fuel. These practices belong to energy recovery, are included in the non-hazardous waste
management group and are named more specifically as waste-to-energy. Through energy
recovery, the generated renewable energy source can help reduce carbon emissions by replacing
the demand for energy from fossil fuels and lower methane production from landfills. On a global
scale, waste-to-energy makes up 16% of waste management[32].

1.5.3. Pyrolysis

Pyrolysis is commonly employed to transform various types of household and industrial
residues into a recovered fuel. By placing different waste inputs, like plant waste, food waste, and
tires, into the pyrolysis process, an alternative to fossil fuels can potentially be produced. Pyrolysis
is a thermo-chemical decomposition of organic materials by heating them with limited oxygen
availability, which results in the production of diverse hydrocarbon gasses [33].

Slow pyrolysis of wood waste produces solid charcoal [34]. Pyrolysis of wood waste and
plastics is a promising method for fuel production. The solid residue after pyrolysis contains
metals, glass, sand and pyrolysis coke which does not convert to gas. Some kinds of pyrolysis
processes tend to release fewer harmful by-products that contain alkali metals, sulfur, and
chlorine, compared to incineration; while other types of pyrolysis release gasses that are
detrimental to the environment, such as HCl and SO, [35].

1.5.4. Resource recovery

Resource recovery is the deliberate diversion of waste, which was initially intended for
disposal, for a particular future use. This process involves extracting or recovering materials and
resources from recyclables or converting them into a source of energy. Resource recovery, in
contrast with waste management, implements life cycle analysis (LCA) to propose alternatives.
Several extensive studies have shown that for mixed Municipal Solid Waste (MSW), the preferred
approach is administration, source separation, and collection, followed by reusing and recycling
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of the non-organic fraction, as well as producing energy and compost/fertilizer from the organic
material via anaerobic digestion.

An example of how resource recycling can be beneficial is recycling for profit discarded items,
like circuit boards, which contain metals. Similarly, wood chippings from pallets and packaging
can be repurposed for horticulture by creating useful goods, like path and walkway covers, or
covering arena surfaces.

1.6. Applications of Waste Management

Waste Management methods can be applied in numerous fields, including:

1. Economic: The implementation of effective and consistent waste management practices
can result in economic benefits such as the optimization of resource use, treatment, and
disposal, as well as the creation of markets for recycled materials. This can lead to efficient
production and consumption of goods, enabling the recovery of valuable materials and the
potential creation of new positions for work and business opportunities.

2. Social: Proper waste management practices can have a positive impact on health, leading
to more appealing and cleaner civil communities. This can result in social benefits and
along with the aforementioned reason potentially help to reduce poverty, particularly in
developing countries and cities.

3. Environmental: Decreasing or eradicating detrimental effects on the natural environment
via reusing and recycling, reduction of greenhouse gas emissions and minimizing
resource extraction can lead to a better quality of air and water

4. Inter-generational Equity: By adapting useful waste management practices, future
generations can benefit from a more robust economy, a more inclusive and equitable
society and a healthier environment [36].

1.7. Wood Wastes

The term "wood wastes" refers to a group of wastes that comprises discarded wood products
from a variety of industries, including the wood packaging and processing sector, demolition and
construction as well as private households and railway construction. The generation of energy
and a variety of new potential products, including chemicals, biofuels, and other lignocellulosic
materials, may both use this waste as a secondary source of raw materials. For instance, lipophilic
and hydrophilic extractives found in wood bark can be used to create high-value goods like
cosmetic compounds or pharmaceuticals. In a similar way, bio-oil extracted from wood waste
resources works well as an extender and modifier for petroleum-based asphalt binders in the
creation of asphalt roads. Other high added value uses for wood waste might include the
production of biofuels and wood-based composites, which can help reduce the environmental
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impact of the timber industry and meet the increasing demand for wood. The forest-based industry
should therefore prioritize measures that reduce, recover, and optimize the use of wood waste
generated during harvesting and processing.

Wood waste and byproducts generated from wood-based industrial processes can be utilized
to create a broad spectrum of beneficial industrial products. Sawmills typically gather 1 ton of
sawdust, shavings, slabs, and edgings for every 1000 board feet of lumber produced. Around
75% of this waste material consists of wood content, and the remaining 25% is bark, which can
be transformed into energy or non-energy applications. Wood waste can be advantageous in
terms of energy generation through several methods such as combustion and cogeneration. On
the other hand, wood waste can also be used for non-energy purposes such as manufacturing
composite boards, surfacing products, composting and cement boards [6].

Research has shown numerous ways to add value by converting wood waste into other useful
products. For instance, a research that took place in Finland showed plenty of rising markets for
wood-based products, mainly textiles, chemicals, biofuels and plastic substitutes. Moreover, a
study in Zimbabwe indicated that the majority of offcuts and chips from wood-based businesses
are employed as firewood by the locals and in commercial sawmills to create steam for kiln driers.
Meanwhile, researchers in Japan revealed that furniture firms generated 15 million cubic meters
of wood waste, of which over 90% was recycled to make wood-based panels and fuel.

1.8. Sectors of Wood Wastes

Discarded wood products are collected from various sources such as wood packaging,
demolition and construction, wood processing industry, and others like private households and
railway construction. Although current wood waste management strategies are mainly focused
on landfill, energy and material recovery [37], these are not the only sectors related to wood
waste. One of the main sectors involved is forestry since wood waste is an inevitable byproduct
of forestry operations. When trees are harvested for timber, there are often leftover branches,
treetops, and other types of wood waste generated. Another industry related to wood waste is
the wood processing and manufacturing industry. This sector involves the conversion of wood
into various products such as furniture, flooring, doors, windows, and other building materials.
During this conversion, leftover wood pieces and scraps are generated. Moreover, another
important use of wood waste in wood processing and manufacturing is as a raw material for new
wood products. For example, sawdust and wood shavings can be used to make particleboard,
medium-density fiberboard (MDF), and other composite wood products.

In bioenergy, wood waste is a common source of this type of energy, such as biomass,
which can be burned to generate heat and electricity. One main form of bioenergy that is
produced from wood waste is wood pellets. They are a convenient and efficient fuel source for
heating homes and buildings, as well as for producing electrical energy. Additionally, wood waste
can be used in agriculture as mulch, compost or soil amendment, which can help improve soil
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quality and fertility, retain soil moisture, suppress weeds and reduce the need for synthetic
fertilizers and herbicides.

Moreover, in construction and demolition industry, wood waste collected from these sites
can be resold for furniture production, reused or recycled for other purposes, such as new
construction projects and energy generation. The disposal of wood waste is an important aspect
of waste management and common disposal methods include, preferably repurposing and
composting, or landfilling as a last resort. As mentioned before, managing wood waste through
proper disposal practices is vital. Landfills are a common destination for wood waste, but they
also stand as an inefficient method of disposal since they require valuable space and
decomposing wood waste can produce methane, a potent greenhouse gas. Finally, wood waste
is of interest to governmental policy makers and sustainability advocates because it represents
an opportunity to reduce waste, conserve resources, promote more sustainable practices and
help build a brighter future. There are numerous policies and initiatives at the local and
international levels that aim to encourage the responsible management of wood waste and
promote circular economy principles.

1.9. Circular Economy

Circular economy is an alternative to a traditional linear economy (make, use, dispose) and
therefore a new production and consumption model that promotes sustainable growth over the
long term. By adopting this approach, we can optimize resource utilization, minimize the
consumption of raw materials, and repurpose waste through recycling or other means to create
new products. Although this term ‘Circular Economy’ has recently gained much popularity, the
concept has been in existence since the 1970s. It was initially suggested as a means of
addressing resource security and scarcity concerns at local and national levels, as well as a
method of reducing the environmental impact of our production and consumption practices.

The objective of the circular economy is to maximize the usefulness of the available
resources by following three fundamental principles: reducing, reusing, and recycling. This
methodology helps to prolong the life cycle of products, minimize waste, and establish a more
efficient and ecological method of production over time. The circular economy takes inspiration
from nature, where every good is valuable and waste is converted into a new resource, thereby
achieving a balance between progress and sustainability.

The accumulation of non-recyclable waste in landfills all over the world poses a significant
threat to our way of life in the near future, if our generation does not act rapidly to prevent it. This
waste can increase the spread of diseases through vectors such as insects like flies and
mosquitoes. Additionally, waste accumulation can destroy the natural beauty of habitats, lead to
deforestation and soil and water pollution due to the presence of toxic chemicals in improperly
treated materials. This pollution can disrupt the food chain, leading to more diseases and health
problems for humans and ecosystems globally.
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Figure 2. Graphic representation of Linear in contrast with Circular economy.

There are three basic reasons why waste accumulation has become a more serious threat
over the last 50 years. As the first reason stands the lack of availability on the market of recyclable
items, despite companies’ efforts on developing more sustainable and environmentally friendly
products. The second reason is overpopulation, which shows the logistic challenge when
managing the generation of waste that results in a higher percentage of goods ending up in
landfills or even the ocean, affecting the lives of marine species. Finally, the third reason is the
lack of societal involvement in addressing issues such as climate change and waste
accumulation.

To illustrate the issue of waste accumulation through data, it is important to note that the
global population generates between 7 and 9 billion tons of waste annually, of which 70% is not
treated properly and ends up in landfills, posing a risk of polluting natural environments and
creating new health hazards such as ocean microplastics. This data encompasses all used,
unwanted, and discarded items created by humans. However, there is a difference between the
total waste produced and Municipal Solid Waste (MSW), which only consists of the garbage
produced in urban areas or their surrounding regions. About 2 billion tons of MSW are generated
each year, with approximately 33% of it not being appropriately treated. This implies that every
person produces between 0.1 and 4.5 kilograms of waste per day, with an average of 0.7 kg.
Furthermore, it is expected that MSW will increase to 3.4 billion tons by 2050 due to the rapidly
increasing world population and the need to use natural resources extensively for industrial
development and sustaining our civilization.

1.10. Wood Waste and Circular Economy

Wood is a material that is natural, renewable, and biodegradable, and it has exceptional
mechanical and thermal properties. The environmental effects during the production and end-of-
life stages of wood materials are generally less harmful than those of equivalent inorganic or
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fossil-based materials. The circular economy concept is closely linked to the management and
use of wood waste and an approach of this kind would involve finding ways to reuse or recycle
wood instead of just disposing it [7].

This could include repurposing it as raw material for new wood-based goods or using it as a
fuel source, such as in biomass energy generation. By reusing or recycling wood waste, we can
decrease the amount of waste that ends up in landfills and minimize the need for new raw
materials, which helps to conserve natural resources and reduce the environmental impacts of
resource extraction and processing. Additionally, reusing and recycling wood waste can also
create economic opportunities, such as opening new work positions in the recycling and
repurposing industry. Taking everything into account, the circular economy approach is a
significant way to manage wood waste in a more sustainable and valuable manner.

1.11. Waste Frequency of Appearance
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Figure 3. Percentage proportion of Municipal Solid Waste (MSW) types.

In the image attached, the percentage proportion of every major category in Municipal Solid
Wastes (MSW) is shown. It can be observed the significance of Wood Waste among the eleven
other Wastes, since it constitutes the 6th largest source of residues [38]. Although there are many
studies and data analyses related to MSW and General Wastes, there has not been conducted
any percentage research on the different grades or categories of Wood Wastes, which is another
indicator of how unexplored the territory we are investigating is.
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1.12. Wood Waste Categories

According to the official Wood Recyclers Association (WRA) [8], there are four different

variations of wood waste:

Grade

Typical Markets

Typical sources of raw
material for recycling

Grade A — Pre-Consumer Waste
Wood (*) and untreated wooden
packaging = Clean un-treated

A feedstock for the manufacture
of professional and consumer
products such as animal

Wood product manufacturing,
distribution, retailing, packaging
and secondary manufacture,

bedding, equine and
landscaping surfacing. May also
be used as a fuel in domestic
biomass installations and for the
manufacture of pellets and
briguettes.

This is the preferred feedstock
for industrial wood processing
operations such as the
manufacture of panel board
products. It can also be used for
biomass.

For use in the biomass
installations and for panel board

e.g. joinery and pallet
reclamation.

Grade B — Industrial waste wood
= Treated and Non-hazardous

As Grade A, plus construction
and demolition operations, skip
operators, transfer stations.

Grade C — Municipal waste
wood = Treated and Non-

All above plus municipal
collections and transfer stations.

hazardous in controlled volumes.
Grade D — Hazardous waste Requires disposal at facilities All of the above plus Agricultural
wood licensed to accept hazardous fencing, trackwork and

waste. transmission pole contractors.
Table 1. Wood Waste Categories: Markets and sources.

Clean/untreated waste wood is suitable for processing into animal bedding, panel board
feedstock, landscaping or equestrian surfaces and biomass. Treated, but non-hazardous waste
wood is suitable for processing as a feedstock for panel board or energy recovery in a compliant
facility. Hazardous waste wood can only be disposed of in a facility licensed for this purpose.

*Pre-consumer waste wood is waste wood material created during the manufacturing
process of virgin wood, not involving the application of treatments, e.g., offcuts or trimmings from
virgin/sawn timber. It is also a waste wood material created during the manufacturing process of
raw, untreated board products such as panel board, MDF and plywood (for clarity, this waste
wood can only be used/burnt at source). Waste from joinery activity using these untreated wood
materials is also included in this definition.

For the purposes of this thesis and its experiments we will narrow down these grades to
three, which is another common distinguishing of wood waste, since Grade B and C share many
similarities:

e Grade A will count as one category (Category number 1), namely Raw Clean untreated

wood.

e Grade B and C will count as one category (Category number 2), namely Treated and

Non-hazardous wood and
e Grade D will count as one category (Category number 3), Hazardous wood waste.
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Grade

Typical Materials

Typical non-wood
content prior to
processing

Notes

transmission poles, railway
sleepers, cooling towers.

(CCA) preservation
treatments and creosote.

A Solid softwood and hardwood. | Nails and metal fixings. Is a waste for the
Packaging waste, scrap Minor amounts of non- requirements of Waste
pallets, packing cases and hazardous surface Management Regulations.
cable drums. Process off-cuts | coatings, such as water- Should not contain any treated
from the manufacture of soluble paint. or low-grade material.
virgin/sawn timber and
untreated board products.

B May contain Grade A material | Nails and metal fixings. This is mostly solid wood.
as above plus building and Some paints, plastics, Some feedstock specifications
demolition materials and glass, grit, coatings, contain a 5% to 10% limit on
domestic furniture made from binders and glues. Limits former panel products such as
solid wood. on treated or coated chipboard, MDF and plywood.

materials as defined by Is a waste for the

end users. requirements of Waste
Management Regulations. Will
require a compliant installation
for biomass.

C All of the above plus flat pack Nails and metal fixings. This is mostly board products.
furniture made from board Paints, coatings and glues, | Mainly suitable for compliant
products and DIY materials. paper, plastics and rubber, | biomass installations, but also

glass, grit. Coated and suitable for panel board
treated timber (non CCA manufacture with correct
or creosote). processing and blending. Is a
waste for Waste Management
Regulations.
D Agricultural fencing, Copper chrome arsenic Is a waste for Waste

Management Regulations.
Requires disposal in a process
regulated to take hazardous
waste.

Table 2. Wood Waste Categories: Materials, content before processing and notes.

In addition, our experiments were conducted on three different classes of wood waste, since
these three concentrate most of the popularity in the Greek wood market and they also have
research interest due to their figure:
Class 1, Medium-Density Fiberboard (MDF): Medium-density fiberboard is an
engineered wood product that is created by converting hardwood or softwood waste into
wood fibers, often in a defibrator, mixed with wax and a resin binder, and subjected to
panels with high temperature and pressure. Compared to plywood, MDF typically has a
higher density. Although it is composed of separated fibers, it can be utilized in
construction applications similar to plywood. In fact, MDF is stronger and more durable

than particle board [9].
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e Class 2, Melamine Faced Chipboard (MFC): Melamine faced chipboard, also known as
Conti-board chipboard is a type of composite wood that is made by blending small pieces
of machined wood with a powerful adhesive (resin). This type of chipboard is highly
versatile and can be used in a variety of applications, including in bathroom and kitchen
cabinetry, office furniture, canal boats, caravans, and other settings. It is pretty effortless
to work with and provides an attractive surface finish. With modern production methods,
melamine-faced chipboards are becoming more and more difficult to distinguish from
natural wood, as technology allows for sheets that mimic the look of real wood.

e Class 3, Oak Veneer: Oak veneer is a thin slice of oak wood that is used to cover other
materials, such as plywood or particleboard, to create the appearance of solid oak.
Veneers are typically produced by slicing a log into thin sheets, which are then glued onto
a substrate material using an adhesive. Oak veneer is popular in furniture making and
interior design, as it offers the beauty of oak wood, since the veneer provides a consistent
and uniform appearance, at a lower cost than solid oak. Oak veneer is available in a range
of grades and thicknesses and can be stained or finished to match a variety of styles and
design preferences. However, it is not as durable or long-lasting as solid oak, as the
veneer layer is relatively thin and can be prone to damage or wear over time.

If we were to enlist the wood pieces of our three classes to the three categories mentioned

earlier, based on their production method, we would have Oak Veneer belonging to Category 1,
while MDF and MFC belonging to Category 2.
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Chapter 2

Theoretical Background

2.1. Hyperspectral Images

As it is commonly accepted, the reason why we observe various colors such as red, green,
and blue is because when light reflects off of objects, it falls into specific ranges of wavelengths
within the visible spectrum of electromagnetic radiation. Specifically, long wavelengths around
564-580 nm appear red, medium-wavelengths around 534-545 nm appear green, and short-
wavelengths near 420-440 nm appear blue. However, it's important to note that there are many
other wavelengths beyond the visible spectrum that our eyes are unable to perceive and are
therefore easily missed or invisible to us [39].

The colors or characteristics that are missed by humans may be visible to other animals since
color perception is subjective and varies from species to species. As the saying goes, ‘Color is in
the eye of the beholder’ [40].

With the evolution in imaging technology, we are now able to gather information beyond the
visible spectrum and interpret it. Spectral imaging refers to the process of capturing spatial and
spectral information simultaneously in an image space and combining them. This technique is
similar to an RGB-color image but contains numerous additional channels, making it difficult to
visualize as a whole. Nonetheless, we possess all the necessary data for our computers to
comprehend. To explain further, let's assume that we have an n band hyper-spectral image. This
means that we have n grayscale images, with each band recording diverse light intensity data
according to its wavelength values. These grayscale images are stacked on top of one another
over an adjacent range of wavelengths, resulting in an image of dimensions n rows * m columns
* n bands [41].
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Figure 4. RGB vs HSI images.
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Multi-spectral images, which are n band images, differ from hyperspectral images as they are
not necessarily spread over an adjacent range of wavelengths and have fewer bands than an
average hyperspectral image (HSI).

Images captured by HSI cameras are presented in the form of a hypercube, containing n-
dimensional image data, which can be difficult to work with. As a result, it's common to apply
dimensional-reduction techniques and various other approaches to process the hypercube. For
instance, if we focus on a single hyper-pixel, we can plot a continuous spectrum for that specific
pixel.

The applications of HSI are widespread, spanning across industries such as medical,
agricultural and automotive. HSI enables us to explore uncharted territory by visualizing
information that is invisible to the human eye and finding ways to comprehend it.

2.2. Multispectral Imaging

Multispectral imaging is an advanced technology that combines spectroscopy with imaging
to gather exhaustive information about the composition and features of materials and surfaces.
This technology is more powerful than traditional imaging systems and provides non-invasive and
non-destructive means of recognizing and quantifying objects. Due to its versatility and
usefulness, multispectral imaging has become increasingly popular in a variety of industries and
research projects.

Multispectral imaging works by collecting and analyzing information across the
electromagnetic spectrum to form the spectrum - comparable to fingerprints - for each pixel in an
image, allowing for the identification of objects and materials by their unique spectral signatures,
similar to how fingerprints are used to identify a person. Multispectral imaging has many practical
applications which consist of improving food quality and safety, facilitating waste sorting and
recycling, and enhancing control and monitoring in pharmaceutical production.

The electromagnetic spectrum encompasses all types of light, ranging from radio waves to
gamma rays, most of which cannot be detected by the human eye (Figure 7).

2.2.1. Spectral Imaging

Spectral imaging uses various bands across the electromagnetic spectrum for imaging.
Unlike the RGB camera that makes use of only the three visible light bands (red, green, and blue),
hyperspectral imaging can explore how objects interact with a much wider range of bands,
spanning from 250 nm to 15,000 nm and including thermal infrared. The research of light-matter
interaction is known as spectroscopy or spectral sensing.

These systems are capable of capturing multiple channels or bands of information across the
electromagnetic spectrum. Thus, this information can be processed to create a color-coded
representation of the spectral data, providing insights into the chemical and physical properties of
objects in the image.
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Figure 5. Hyperspectral imaging captures wavelengths from 250 nm to 15,000 nm and thermal infrared.

2.2.2. How does multispectral imaging work?

Multispectral imaging consists of using an imaging spectrometer, also known as a
multispectral camera, to gather spectral information. This camera captures the light of a scene
separated into individual wavelengths or spectral bands, generating a two-dimensional image that
also records the spectral information of each pixel. The result is a multispectral image, with each
pixel representing a unique spectrum.

Digital photograph (RGB)
3 wavelengths

Hyperspectral Image
>100 wavelenghts

Figure 6. In order to replicate human vision, a digital photograph of a leaf (top) is created using three bands:
red, green, and blue. The RGB data is comparable to a three-page brochure. In contrast, a hyperspectral image of
the same leaf (bottom) captures a spectral response from 220 wavelengths, resulting in a more extensive and
detailed representation of the object, akin to a book with 220 pages.

Multispectral imaging provides both spatial and spectral information, allowing for the
identification and classification of materials, as well as the spatial distribution and areal separation
of these materials.
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2.2.3. The Advantages of Multispectral Imaging

Multispectral imaging’s main benefit lies in its ability to provide precise material
characterization, thanks to its high spatial and spectral resolution. By capturing tens or even
hundreds of spectra, a multispectral camera can construct a massive multispectral data cube that
contains position, wavelength, and time-related data. When compared to conventional imaging,
multispectral imaging provides a more significant amount of information, enabling more precise
analysis, identification, and differentiation of materials and substances.

With multispectral imaging, it is possible to distinguish materials that share similar physical
or visual properties or those that are invisible to the human eye, such as various minerals.

2.2.4. Fields of Multispectral Imaging

Multispectral imaging is a technique that is becoming more prevalent in industry, research,
and remote sensing. This method provides data that can be utilized for locating, categorizing, or
measuring the concentration of various substances that are not detectable with regular cameras
or the naked eye. For example, an in-line quality control system that includes a multispectral
imaging system can detect foreign objects, contaminants, as well as the levels of fat, sugar, or
moisture in products. Furthermore, multispectral or hyperspectral imaging obtained via remote
sensing provides valuable data about Earth's surfaces, including minerals and vegetation.

Multispectral imaging has a wide range of applications, such as:

1. Environmental monitoring: Observing changes in land use, vegetation health, and water
guality over time to identify early signs of ecological degradation and monitor conservation
efforts.

2. Mineral exploration: Mapping mineral deposits, detecting the mineral composition and
quality.

3. Quality control: Evaluating food products, detecting contaminants and defects in
industrial products non-destructively.

4. Waste management: Separating different materials accurately and efficiently to optimize
recycling processes and enhance the value of recycled materials.

5. Agriculture: Assessing the health and yield of crops, monitoring the soil moisture and
nutrient content to enhance crop management practices and boost crop yields. Typically,
agriculture monitoring employs hyperspectral cameras mounted on drones.

6. Military surveillance: Detecting hazardous materials.

These are just a few instances of the useful information that this kind of imaging can provide
for various purposes. To conclude, multispectral imaging is a valuable machine vision technology
for multiple industries and research to enhance their processes, improve quality, and reduce
waste.
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Chapter 3

Related work

3.1. General Waste Sorting Methods hitherto

There are several well-known methods [42] used for general waste classification. One
method is hand sorting, which involves physically sorting through waste materials by hand to
identify and separate different types of waste. Another method is magnetic separation: which
utilizes magnets to separate ferrous materials, such as iron and steel, from non-ferrous materials.
Eddy current separation is another technique that employs eddy currents to separate non-ferrous
metals, such as aluminum and copper, from other materials. Density and flotation separation
involves separating materials based on their density or their ability to float on a liquid surface,
such as through the use of air classifiers or water-based/oil-based separation methods.

Centrifugation is a subset of density separation and involves the use of centrifugal force (high-
speed rotation) to separate waste materials based on their physical properties, like size, shape,
density, and viscosity. The denser waste particles move towards the bottom of the container,
while the lighter waste particles move towards the top, allowing for effective separation of different
types of waste. Chemical analysis involves analyzing waste materials to determine their chemical
composition and properties. Thermal analysis subjects waste materials to high temperatures to
determine their thermal properties, such as their melting and combustion points. X-ray
fluorescence employs X-rays to identify and analyze the elemental composition of waste
materials.

Hyperspectral imaging is a sophisticated method that uses state-of-the-art and complex
imaging technology to capture and analyze the spectral properties of waste materials to identify
their composition and properties. Optical sorting, also known as Digital sorting, uses sensors,
RGB cameras and lasers to identify and sort waste materials based on their color, shape, size
and other visual properties. Machine or deep learning algorithms can be combined with optical
sorting and hyperspectral imaging to achieve better results in waste segregation. The cameras,
either hyperspectral or RGB, can provide a wealth of data about the chemical and physical
properties of waste materials which the algorithms can utilize in order to identify patterns and
features that are not easily discernible by the human eye, and classify the waste materials into
different categories.

There are also other less popular methods for general waste classification which can be more
appropriate depending on the specific type of waste and the desired level of accuracy and
efficiency.
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3.2. Wood Waste Sorting Methods hitherto

There are traditional and non-automated ways of wood waste classification which are
destructive or not efficient due to time or cost, like hand picking, centrifugation, flotation methods
and chemical analysis, which have been already mentioned. Moreover, chemical analysis needs
a particular mention since it involves Pyrolysis — Gas Chromatography — Mass Spectrometry in
which the material is heated to decomposition in order to produce smaller molecules that are then
separated by gas chromatography and detected using mass spectrometry.

Nonetheless, there are also some modern ways which include X-ray fluorescence,
hyperspectral or digital imaging along with Al techniques, such as deep learning algorithms [43],
[44]. Thus, the sorting system is trained to distinguish different types of materials, such as
processed and unprocessed wood. This separation of wood by category is crucial in
contemporary particleboard manufacturing and wood recycling plants since only the purest non-
processed wood fractions are suitable for producing high-quality particleboards made of recycled
content. In addition to that, in order to analyze the state of wood wastes, it is vital to employ
microscopic methods after the segregation has been settled.

The use of microscopy in the monitoring and analysis of the mechanisms involved in a wood
waste treatment process, in combination with other analytical methods, makes it possible to
visualize and better understand the various transformations of the material as well as the
physiological mechanisms developed by the microorganisms.

Until now, the vast majority of research was concentrated in wood separation from other
materials and the process followed is analyzed further in more detail. This thesis is focused on
segregation of different types of wood and segregation of wood waste from plastic.

Once collected, recoverable wood waste must be sorted to separate it from other types of
waste such as stones, plastics or metals. Density and flotation sorting methods separate materials
according to their density, and metals are separated by magnetic methods. However, these
conventional methods have limitations and cannot effectively discard MDF and heavily
contaminated wood. The wood treated with preservatives products containing heavy metals can
be efficiently identified and sorted out, due to X-ray fluorescence spectroscopy (XRF). The clean
wood chips can then be further sorted according to their material type based on the operator's
requirements.

On the other hand, the most advanced technology for automated sorting utilizes a
spectroscopic technique that employs a near infrared (NIR) sensor along with blowing nozzles to
separate elements according to their composition. Wastes are exposed to radiation within a
specific wavelength range, typically between 0.7 and 2.5 uym. Depending on their chemical
composition, materials absorb some wavelengths, while others are captured and transmitted to a
spectrometer. These residual wavelengths are then analyzed by a computer, both spectrally and
spatially. To reduce the raw dataset to a limited set of significant and independent variables, a
principal component analysis (PCA) is performed, which involves calculating the second
derivatives of the spectra. The result is represented as a scatter plot on a graph, with one
component being a combination of all the loadings of the different variables. The principal
components loadings are then displayed on a plot to identify the relationships between the
variables, allowing for the meaning and contribution of each variable to be determined [45].
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Figure 7. Principal component analysis performed on four wood products-plastic composites (A) and loadings
analysis (B).

Near-infrared spectroscopy can be an important factor in enhancing the elimination of
pollutants in recycled wood by characterizing the main components of wood. The signals of each
characteristic functional group of wood components have been identified (in [46]), thus enabling
the detection of wood compounds in the near infrared. A principal component analysis was
conducted on four wood products with varying compositions, as shown in Figure 7A.

The principal component analysis yields four well-defined scatterplots, each representing a
wood product. The analysis separates three different materials: the wood waste, the MDF, and
the glueless fibers. Also, it separates the treated MDF from the untreated MDF. The wood waste
scatterplot is the largest, thanks to its variability. The average NIR spectra of the wood products
are shown in Figure 7B to justify the observed separations.

Each spectrum exhibits a distinct profile and the amplitude of a peak indicates the difference
between the samples. Each peak corresponds to a range of wavelengths attributed to a chemical
bond, and the differences between the peaks explain the differences in composition between the
composites. As a result, NIR analysis can distinguish between different wood products based on
their unique compositions.

3.3. Microscopic Methods for Wood Waste Characterization

Recent advancements in imaging and control of fermentation conditions offer new
opportunities to better observe and characterize the changes in the wood material involved in
recycling processes. It is really crucial to be able to monitor alterations in the material in the
recycling processes. In addition to conventional transmission photon microscopy, more
sophisticated techniques such as confocal laser scanning microscopy (CLSM) or scanning
electron microscopy with microanalysis (EDS/WDS-SEM) allow the concurrent investigation of
wood waste during processing. These methods have been widely used in previous studies and
here some examples of laboratory-scale results will be provided. For instance, the study of copper
detoxification by a filamentous fungus requires the sampling of wood particles, which can be
analyzed using different imaging techniques, as shown in Figure 8.
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Figure 8. Microscopic monitoring of filamentous fungus growth during a bioremediation process: episcopy
microscopy (A) and scanning electron microscopy (B).

Scanning electron microscopy (SEM) coupled with energy-dispersive X-ray spectroscopy
(EDS) can be useful in bio-remediation processes involving wood contaminated with heavy metals
like copper, as it can provide information about how the fungus mediates the relocation of the
contaminants. Industrial wood that has been treated with a commercially formulated preservative
product is ground into 2-5 mm particles. These particles, containing 2700 ppm of copper
according to XRF quantification, are then incubated with a consortium of fungus and bacteria. In
the case of organic contaminants such as urea formaldehyde resin, CLSM can be employed to
observe the constituents of interest if they are fluorescent or can be stained with fluorescent dyes.

Figure 9. CLSM image showing the location of the resin (red) on wood fiber (green) before (A) after (B)
decontamination treatment.

Urea-formaldehyde (UF) resin removal from wood fibers in MDF panels waste after steam
explosion can be visualized by CLSM using spectral deconvolution. This type of imaging is
commonly used in the field of botanical sciences [47],[48]. Once spectral calibration is completed,
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hyperspectral imaging becomes possible, allowing for the evaluation of the UF removal efficiency
of a process (as shown in Figure 9). Microscopic analysis of the sample can provide additional
information that may not be easily obtained through traditional analytical chemistry techniques.

Microscopic inspection of the sample provides complementary information that might be
hardly available with the use of analytical chemistry.

3.4. Complete Autonomous Waste Sorter

A complete autonomous sorter is yet to be found for distinguishing different types of wood
waste. Nonetheless, there have been developed sorters for other wastes, such as Construction
& Demolition waste, Plastic and Metal Waste [23], in which we will base our work. The Figures
show the setup of these sorters and their common primary elements. Firstly, they all make use of
a conveyor belt in accordance with an actual recycling production line. Secondly, there exist
industrial, 3D and hyperspectral (visible and near-infrared light) cameras and a light source.
Lastly, there is a robotic arm/manipulator/gripper to place the samples in the right container.
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Figure 10. Setups of Autonomous General Waste Sorters.
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The conveyor belt transfers the object at the front and the hyperspectral camera captures the
curve of the object’s reflectivity in the near-infrared spectrum. This curve is used as input to the
classification model which outputs the material of the object, since objects made of different
materials have different reflectance curves. The object is illuminated by an invisible infrared laser
of a specific wavelength, and the industrial or 3D camera is tilted to capture the location or a
stereoscopic image of the object. On the processing scope, the algorithms applied after the
hyperspectral imaging are mostly deep learning combined with convolutional neural networks in
order to enable computer vision.

Nevertheless, a complete autonomous sorter, even for other types of waste, is still far from
real-condition usage. There are four main challenges behind that:

1. Scale-up: The performance of a sorter in the laboratory may not necessarily translate to
a larger scale. The throughput, time-efficiency and accuracy of the prototype may be
affected by changes in the size of the equipment and the amount of material being sorted.

2. Variability: The materials being sorted in the laboratory may not be representative of the
variability that exists in the real world. The composition and characteristics of the material
can vary widely, which can affect the accuracy of the sorter.

3. Environmental conditions: The conditions in a laboratory are typically controlled and
stable, whereas real-world conditions can be unpredictable and harsh. Factors such as
temperature, humidity, and dust can affect the performance of the sorter. The random
lighting source existing in the outside world can play a significant role in the pictures
capturing and dramatically affecting the results, as well as the background which is no
longer the conveyor belt but soil or something new.

4. Integration: Sorting technologies are often just one component in a larger system or
process and may need to be integrated with other equipment in a real-world setting, which
can be complex and require specialized knowledge and expertise to ensure that all parts
can work together effectively.
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Chapter 4

Artificial Intelligence

4.1. Artificial Intelligence

Al research originated from a workshop that took place at Dartmouth College in 1956 [10],
where the attendees eventually became the pioneers and leaders of the field. They, along with
their students, developed programs that were deemed "astonishing” by the media, as computers
were able to learn strategies for checkers, solve word problems in algebra, prove logical
theorems, and even speak English. This led to the establishment of research labs worldwide by
the mid-1960s. [11]

Advances in machine learning and perception were made possible by faster computers,
improvements in algorithms, and access to vast amounts of data. Deep learning methods, which
rely heavily on data, began to meet accuracy benchmarks around 2012. In 2015 [12], artificial
intelligence had a breakthrough year, with the number of software projects that employed Al at
Google skyrocketing from a "sporadic usage" in 2012 to over 2,700 projects. This surge was
credited to the increased availability of affordable neural networks, thanks to the proliferation of
cloud computing infrastructure and the expansion of research tools and datasets [13].

Artificial intelligence (Al) refers to the replication of human intelligence processes by
machines, particularly computer systems. Al is implemented through various applications such as
expert systems, speech recognition, natural language processing, and machine vision. [14]

As the excitement around Al has intensified, vendors have been eager to promote how their
products and services use it. However, what they label as Al is often just a component of
technology, like machine learning. Al requires specialized hardware and software to develop and
train machine learning algorithms. While there is no specific programming language that solely
represents Al, Python, R, Java, C++, and Julia are popular choices among Al developers.

Mainly, Al systems operate by consuming significant amounts of labeled training data,
analyzing the data for patterns and correlations, and utilizing these patterns to make predictions
about future events. For example, a chatbot that is trained with various text samples can learn to
generate lifelike conversations with people, or an image recognition tool can identify and describe
objects in images by reviewing millions of examples. New generative Al techniques are advancing
quickly, allowing realistic text, images, music, and other media to be created.

The programming of Al concentrates on cognitive skills that involve the following:

e Learning: Deals with obtaining data and establishing rules or algorithms to process it into

practical information for computing devices to follow.
Reasoning: Focuses on selecting the appropriate algorithm to reach a specific outcome.
Self-correction: Aims to continuously refine algorithms to deliver the most precise results.
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e Creativity: Uses different Al techniques, including neural networks, rules-based systems,

and statistical methods, to produce novel images, text, music, and ideas.

Artificial intelligence has the potential to bring about significant changes to our lifestyle, work,
and recreational activities. In business, Al has been successful in automating various tasks that
were traditionally done by humans, including customer service work, fraud detection, and quality
control. Al can perform certain tasks more efficiently than humans, especially repetitive and detail-
oriented ones such as analyzing legal documents. With the ability to process massive data sets,
Al can provide valuable insights into business operations. The rapid expansion of generative Al
tools is also expected to have a significant impact on fields such as education, marketing, and
product design.

The application of Al techniques has not only resulted in increased efficiency but has also
created new business opportunities, such as ridesharing companies’ use of Al to connect riders
with taxis [15].

Many successful companies, including Alphabet, Apple, Microsoft, and Meta, have adopted
Al technologies to improve their operations and gain a competitive edge. Google, for example,
uses Al in its search engine, self-driving cars and Al is responsible for Google’s natural language
processing breakthroughs.

4.2. Machine Learning

Machine learning is a subset of artificial intelligence and computer science that involves using
algorithms and data to imitate human learning and improve accuracy over time. Recent
advancements in processing power and data storage have allowed for innovative products based
on machine learning, like Netflix's recommendation engine and self-driving cars. [49]

Machine learning is an important part of data science and involves training algorithms to
make predictions, classifications, and uncover insights from data mining projects using statistical
methods. These insights subsequently drive decision making in many applications and
businesses, with the goal of reaching key growth metrics. As big data continues to expand and
grow, the market demand for data scientists will increase. They will be required to help identify
the most relevant business questions and the data to answer them.

Machine learning algorithms are typically built using frameworks such as TensorFlow[50] and
PyTorch [51], which help accelerate solution development.

UC Berkeley has divided the learning mechanism of a machine learning algorithm into three
primary components. [52]

1. A Decision Process: Here the algorithm utilizes input data, labeled or unlabeled, to make
a prediction or classification about a pattern in the data.

2. An Error Function: An error function assesses the accuracy of the model by comparing
it with known examples.

3. A Model Optimization Process: A model optimization process adjusts the weights to
minimize the difference between the known example and the model estimate, enabling
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the algorithm to update the weights independently until a certain level of accuracy is
achieved.

Many types of machine learning models exist, which are categorized based on the degree of
human intervention in the raw data, such as rewards, feedback, or labels. As per information
provided by Nvidia [53], there are various machine learning models, including:

e Supervised learning: The dataset is labeled and classified by users to help the algorithm
determine the accuracy of its performance.

e Unsupervised learning: The raw training dataset is unlabeled and an algorithm tries to
detect patterns and relationships within the data offered without human help.

e Semi-supervised learning: The dataset contains structured and unstructured data,
guiding the algorithm on its own way of reaching autonomous conclusions and labeling
unlabeled data.

e Reinforcement learning: The dataset uses a “rewards and punishments” system,
providing feedback to the algorithm to learn from its own mistakes through trial and error.

Finally, there is a newer area of machine learning called deep learning, which can
automatically learn from datasets without human intervention. To improve the accuracy of
predictions, this model requires huge amounts of raw data for processing.

4.3. Deep Learning

Deep learning is a subset of machine learning, which is primarily a neural network with three
or more layers. These neural networks aim to mimic the behavior of the human brain, learning
from massive amounts of data. While a neural network with a single layer can still make rough
predictions, having additional hidden layers can optimize and refine accuracy. [54]

Deep learning technology is behind many Al applications and services that automate
analytical and physical tasks without human intervention, such as digital assistants, voice-enabled
TV remotes, and credit card fraud detection, as well as emerging technologies like self-driving
cars. Deep learning/artificial neural networks aim to replicate the human brain's functioning by
combining data inputs, weights, and biases to accurately identify, categorize, and describe objects
within the data.

Deep neural networks include many layers of interconnected nodes that work together based
on the previous layer to improve the accuracy of predictions or categorizations. The process of
moving data forward through the network from the input to the output layer is known as forward
propagation. The input and output layers are known as visible layers. In a deep learning model,
the input layer is responsible for receiving the data for processing, while the output layer is
responsible for producing the final prediction or classification.

Another process known as backpropagation utilizes algorithms, such as gradient descent, to
compute prediction errors and then adapt the function's weights and biases by going in reverse
through the layers, with the objective of training the model. Both of them, forward propagation and
backpropagation enable a neural network to make forecasts and rectify any errors. As the epochs
pass, the algorithm increases its accuracy.
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The preceding paragraphs provide a basic explanation of the most straightforward form of
deep neural network. Nevertheless, deep learning algorithms are highly intricate, and there exist
different types of neural networks that cater to particular datasets or issues. For instance,

e Convolutional neural networks (CNNSs), are mainly used for computer vision and image
classification purposes. They are capable of recognizing patterns and features within an
image, thus enabling tasks such as object identification or detection. In 2015, for the first
time, a CNN surpassed a human in an object recognition challenge.

e Recurrent neural networks (RNNs), are commonly used in natural language and speech
recognition tasks. They are advantageous in terms of processing sequential or times-
series data.

4.3.1. Epoch

To avoid storage space limitations of a computer system, the training data is typically divided
into smaller batches before being fed into a machine learning model for training. This approach,
known as batch processing in machine learning, enables the model to be trained effectively with
smaller amounts of data. When all of the batches have been processed through the model, this
is referred to as an epoch [55].

In machine learning, an epoch refers to a cycle of training during which all of the available
training data is used. Specifically, an epoch can be defined as the total number of iterations that
are required to process all of the training data in one cycle. Alternatively, an epoch can also be
understood as the number of times a training dataset is passed through an algorithm. In this
context, each pass involves both forward and backward passes through the dataset.

The number of epochs is considered a hyperparameter that determines how many cycles of
training are required to process the entire dataset through the learning algorithm. During each
epoch, every sample within the training dataset has a chance to update the internal model
parameters once, ensuring that the model has had exposure to all of the available data.

By plotting the number of epochs against the corresponding model performance metrics, a
learning curve can be generated. The x-axis of this curve represents the number of training
iterations, while the y-axis represents the skill of the model. Examining the shape of the curve can
help determine whether the model is underfitting, overfitting, or performing well on the training
dataset.

4.4, Applications of Deep Learning and CNNs

Deep learning finds extensive applications in different sectors. Here are a few instances:

1. Computer vision: Deep learning is widely used in computer vision applications such as
object detection, image classification, face recognition, and autonomous vehicles.

2. Natural language processing (NLP): NLP tasks such as speech recognition, language
translation, and sentiment analysis are now powered by deep learning.
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3. Robotics: Deep learning is used in robotics applications for object recognition, obstacle
avoidance, and path planning.

4. Healthcare: Deep learning is used in medical image analysis, disease diagnosis, drug
discovery, and personalized medicine.

5. Finance: Deep learning is used in finance for fraud detection, risk assessment, and
trading algorithms.

Convolutional Neural Networks (CNNs) have numerous applications in a wide range of fields,

including:

1. Image and video recognition: CNNs have been highly successful in image and video
recognition tasks such as object detection, face recognition, and gesture recognition.

2. Natural language processing: CNNs can be used for tasks such as text classification,
sentiment analysis, and machine translation.

3. Medical image analysis: CNNs are used for tasks such as tumor detection,
segmentation, and classification in medical images such as CT scans and MRI scans.

4.5. Neural Networks (NN)

Neural networks, also referred to as simulated neural networks (SNNs) or artificial neural
networks (ANNS), are a subset of machine learning and serve as the foundation for deep learning
algorithms. Their construction and name are modeled after the human brain, imitating the way
biological neurons communicate with one another [56].

hidden layers

output

Figure 11. Graph of a typical Neural Network.

Artificial neural networks are constructed from layers of nodes, featuring an input layer, one
or more hidden layers, and an output layer. Each node, or artificial neuron, is connected to another
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and comes with a weight and threshold value. If the output of any individual node surpasses the
given threshold value, that node activates, transmitting data to the next layer of the network. If
not, no data is transferred to the next layer.

Neural networks utilize training data to learn and increase their accuracy over time.
Nonetheless, after being fine-tuned for accuracy, these learning algorithms are potent tools in
computer science and atrtificial intelligence, enabling us to classify and cluster data speedily.
Tasks like speech or image recognition can take minutes compared to the hours required for
human experts to identify them manually. Google's search algorithm and ChatGPT are two of the
most renowned neural networks.

4.5.1. How do neural networks work?

Imagine each individual node to be an independent linear regression model that consists of
input data, weights, a bias (or threshold), and an output. The formula would follow the below
equations:

Z w; * x; + bias = wyxq + wyx, + waxs + bias

output = f(x) = 1if Zwi*xi+b20;0if ZWi*xi+b<0

First, the input layer is established, and weights are assigned to determine the importance of
each variable. Larger weights contribute more significantly to the output than smaller ones. All
input values are multiplied by their corresponding weights and then added together. The output
is then processed by an activation function that determines if the output meets a certain threshold.
If it does, the node is activated and passes the data to the next layer of the network, where it
becomes the input for the next node. This pattern of transmitting information from one layer to the
following layer characterizes a feedforward neural network.

To better understand how a single node works using binary values, we can think of a tangible
example of deciding whether to go shopping (Yes: 1, No: 0). The predicted outcome, or y-hat, is
whether to go shopping or not. Suppose that three factors impact the decision:

1. Isthe weather good? (Yes: 1, No: 0)
2. Are many people outside shopping? (Yes: 0, No: 1)
3. Do you have enough money to spend? (Yes: 1, No: 0)

Next, we can make the following assumption, which will provide us with the subsequent
inputs:

e X1 =1, sinceitis a sunny day, but not too hot.
e X2 =0, since it is Christmas time and almost everyone is outside.
e X3 =1, since you have saved an amount of money to spend on gifts.

We must now assign weights to each input to determine their significance in the decision-
making process. Higher weight values correspond to variables that are more critical in the
decision or result.
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W1 = 3, since you prefer not going shopping on rainy or extremely warm days.
W2 = 2, since you are used to the crowd, but you have a liking to not wait in large queues.
W3 =5, since it is the most important factor to have deposited money to spend and not
use your credit card.
Finally, we will also assume a threshold value of 4, which is equivalent to a bias value of -4.
Using the above variables and this value, we can start utilizing the formula to obtain the desired
output.

y=0%3)+0=x2)+(1x5-4=4

By using the activation function described earlier in this section, we can conclude that the
output of this node would be 1 because 4 is greater than 0. In this scenario, the decision would
be to go shopping. However, if we alter the weights or the threshold, we can obtain different
results from the model. The example above demonstrates how a neural network can make
progressively complex decisions by building upon the outputs of previous decisions or layers.

In the preceding instance, we used perceptrons to illustrate the mathematical concepts
involved in neural networks. However, in reality, neural networks employ sigmoid neurons that
produce values between 0 and 1. As neural networks function similarly to decision trees by
transferring data from one node to another, using x values between 0 and 1 diminishes the effect
of any single variable on the output of an individual node and, consequently, the output of the
entire neural network.

When we consider more pragmatic applications for neural networks, such as image
recognition or classification, we will leverage supervised learning or labeled datasets to train the
algorithm.

As we start to think about more practical use cases for neural networks, like image recognition
or classification, we’'ll leverage supervised learning or labeled datasets, to train the algorithm. As
we train the model, we will assess its accuracy using a loss function (or cost function), which is
commonly known as the mean squared error (MSE). The equation for MSE is presented below,
where:

i stands for the index of the sample,
¥ (y-hat) is the predicted outcome,
y is the actual value, and

n is the number of samples.

Loss Function (Cost Function) that we chose is Mean Square Error:
n
1 & \2
MSE = = (=97
i=1

The primary objective is to minimize the loss function to ensure the best possible fit for any
given observation. To achieve this, the model maodifies its weights and bias using reinforcement
learning and the loss function until it reaches a local minimum, also known as the point of

83



convergence. Gradient descent is used to adjust the weights of the model, allowing it to determine
the best direction to minimize errors and reduce the cost function. The parameters of the model
gradually adjust with each training example, allowing it to converge towards the minimum.

Most deep neural networks are feedforward, meaning they only proceed in one direction,
from input to output. Nevertheless, it is also possible to train the model using backpropagation,
which is the opposite direction from output to input. Backpropagation permits the calculation and
assignment of the error associated with each neuron, allowing for appropriate adjustment and
fitting of the model parameters.

4.6. Convolutional Neural Networks (CNN)

Different kinds of neural networks are utilized for different use cases and datasets. Before
the advent of CNNs, manual, time-consuming feature extraction techniques were used to identify
objects in images. Now, convolutional neural networks offer a more scalable approach to image
classification and object recognition applications. They accomplish this by leveraging principles
from linear algebra, particularly matrix multiplication, to identify patterns in an image. Despite their
undisputed usefulness, they can be very computationally demanding, requiring graphical
processing units (GPUSs) to train models [16].

fc_3 fc_a

Fully-Connected Fully-Connected
Neural Network Neural Network
Conv_1 Conv_2 RelU activation
Convolution Convolution I\ /—M
':5).1 5) ker|.1el Max-Pooling (5 X 5) ke":'e' Max-Pooling (with
valid padding 2x2) valid padding (2x2) dropout)
e 41
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n3 units
Figure 12. A CNN sequence to classify handwritten digits.

A Convolutional Neural Network (ConvNet/CNN) is a Deep Learning algorithm that is capable
of receiving an input image, assigning importance (learnable weights and biases) to various
objects/aspects in the image, and discerning one from another. The pre-processing requirements
of a CNN are much lower compared to other classification algorithms. Although filters are hand-
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engineered in primitive methods, CNNs can learn these filters/characteristics with sufficient
training [17].

The architecture of a ConvNet is like the connectivity pattern of neurons in the human brain
and was inspired by the organization of the Visual Cortex. In the visual field, Individual neurons
react to stimuli only in a limited area known as the Receptive Field. A set of such fields overlap to
cover the entire visual area.

Convolutional neural networks are highly recognized for their superior performance with
image, speech, or audio signal inputs in comparison to other neural networks. They have three
main types of layers, which are:

e Convolutional layer

e Pooling layer

e Fully-connected (FC) layer

The convolutional layer is the initial layer of a convolutional network, which can be succeeded
by other convolutional or pooling layers. In contrast, the fully-connected layer is the ultimate layer.
As each layer of the CNN is added, it becomes more complex and can identify larger parts of the
image. At first, the earlier layers detect straightforward characteristics like edges and colors. As
the image data advances through the CNN layers, it begins to perceive more substantial features
or forms of the object until it ultimately recognizes the target object.

4.6.1. Convolutional Layer

The core block of a CNN is the convolutional layer, which performs most of the computation.
It needs three components: input data, a feature map, and a filter. When working with a color
image, the input data will consist of a 3D matrix of pixels representing height, width, and depth
(corresponding to RGB in an image). The feature detector, also named as a kernel or filter, moves
across the image receptive fields to check for the presence of a feature. This process is called
convolution.

The feature detector is a two-dimensional (2-D) array of weights that represents a portion of
the image. Although the filter size is not fixed, it is usually a 3x3 matrix, which also determines
the receptive field size. Next, the filter is implemented to a section of the image, and the input
pixels together with the filter generate a dot product. This dot product is then forwarded into an
output array. The filter moves by a stride and repeats the process until the entire image is covered.
The output obtained from the dot products of the input and filter is called a feature map, activation
map.

Following every convolution operation, a CNN implements a Rectified Linear Unit (ReLU)
transformation to the feature map, which introduces nonlinearity to the model.

As previously mentioned, a subsequent convolution layer may follow the initial convolution
layer, creating a hierarchical structure in the CNN. Thus, the later layers have access to the pixels
in the receptive fields of the prior layers. To illustrate this, we can consider identifying an
automobile in an image. The vehicle can be viewed as a set of parts, such as a windshield,
windows, wheels, mirrors, doors, etc. Each part of the car corresponds to a lower-level pattern in
the neural network, while the combination of all these parts corresponds to a higher-level pattern,
forming a feature hierarchy within the CNN.
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4.6.2. Pooling Layer

Pooling layers, which are also referred to as downsampling, perform dimensionality reduction
by decreasing the number of input parameters. The pooling operation is similar to that of the
convolutional layer, as it employs a filter that is swept across the entire input. However, the filter
in the pooling layer does not have weights. Rather, the kernel uses an aggregation function to the
values within the receptive field, which are then formulating the output array. There are two
primary types of pooling:

e Max pooling: As the filter moves across the input, it selects the pixel with the maximum
value to send to the output array. At this point, it should be stated that this method is
generally employed more frequently than the average pooling.

e Average pooling: As the filter moves across the input, it calculates the average value
within the receptive field to send to the output array.

Although much information is lost in the pooling layer, it also has several advantages for the

CNN. Specifically, they are beneficial in terms of reducing complexity, achieving efficiency, and
minimizing the risk of overfitting.

4.6.3. Fully-Connected Layer

The fully-connected layer is appropriately nhamed because it connects every node in the
output layer directly to a node in the previous layer. This comes in contrast to partially connected
layers, where the pixel values of the input image are not directly linked to the output layer.

The layer is responsible for classification by utilizing the resulted features from the previous
layers and their distinct filters. ReLu functions are mainly used in convolutional and pooling layers,
but FC layers typically implement a softmax activation function to ensure appropriate input
classification, generating a probability score between 0 and 1.

4.6.4. ResNet50 Architecture

ResNet stands for Residual Network and is a specific type of CNN introduced in 2015 [18].
ResNet-50 is a variant of this network that consists of 50 layers, including 48 convolutional layers,
one MaxPool layer, and one Average pool layer. Residual neural networks are a type of ANN that
constructs networks by stacking residual blocks.

ResNet-50 has an architecture which is illustrated in the provided model diagram. The 50-
layer ResNet employs a bottleneck design for its building blocks. This design incorporates 1x1
convolutions, known as "bottlenecks," that reduce the number of parameters and matrix
multiplications. Consequently, this approach enables faster training for each layer. Unlike the
typical two-layer structure, ResNet-50 utilizes a stack of three layers in its bottleneck residual
blocks.

The architecture of the 50-layer ResNet includes the following components, as depicted in
the diagram below [19]:

e A 7x7 kernel convolution alongside 64 other kernels with a 2-sized stride.
e A max pooling layer with a 2-sized stride.
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e 9 additional layers of 3x3, 64-kernel convolution, followed by another with 1x1, 64
kernels, and a third with 1x1, 256 kernels. This sequence is repeated 3 times.
e 12 more layers with 1x1, 128 kernels, 3x3, 128 kernels, and 1x1, 512 kernels, iterated 4

times.

e 18 more layers with 1x1, 256 kernels, 3x3, 256 kernels and 1x1,1024 kernels, repeated
6 times.

¢ 9 more layers with 1x1, 512 kernels, 3x3, 512 kernels, and 1x1, 2048 kernels iterated 3
times.

(At this stage, the network has reached 50 layers)

e Average pooling layer, followed by a fully connected layer with 1000 nodes,
implementing the softmax activation function.
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Figure 13. A block diagram representation of pre-trained Resnet-50 architecture.

4.7. Computer Vision

Computer Vision, also known as Machine Vision, is a subfield of Artificial Intelligence (Al) that
utilizes digital images, videos, and other visual data to enable computers and systems to extract
significant information and provide suggestions or take action based on that information [20].

While Al empowers computers to think, the purpose of computer vision is to help computers
see, scrutinize, and comprehend visual content, like human vision, albeit with different tools and
time to learn. Human sight has the benefit of a lifetime of experiences to train itself on how to
differentiate objects, determine their distance, detect motion and identify issues in images.

Computer Vision uses cameras, data, and algorithms to teach machines to perform such
functions, without relying on human-like biological systems such as retinas, optic nerves, and
visual cortex. When machines are trained to scrutinize products or oversee the operation of a
production asset, they can analyze thousands of products or processes per minute and identify
even the slightest imperfections or irregularities. This ability allows machines to outperform
humans quickly. Computer vision has become ubiquitous in a variety of industries, from energy
and utilities to manufacturing and automotive, and the market for this technology is still expanding
[21].
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To achieve accurate image recognition, computer vision requires a large amount of data. It
processes and analyzes the data repeatedly until it can differentiate between objects and
eventually recognize them. For instance, in order for a computer to learn to identify automobile
tires, it needs to be given a massive amount of tire images and tire-related objects so it can learn
the differences and detect a tire, additional caution has to be paid to the ones with no
abnormalities.

To accomplish this, two vital technologies are utilized: deep learning and CNNs. Machine
learning involves the use of algorithmic models that allow computers to teach themselves about
visual data context. When enough data is fed through the model, the computer will "see" the data
and learn to differentiate one image from another. Algorithms allow the machine to learn on its
own, without being programmed by a human to recognize a particular image.

Convolutional Neural Networks assist machine learning and deep learning models to “view”
images by breaking them down into pixels and assigning tags or labels to them. These labels are
then used to perform mathematical operations, called convolutions, to predict what the image
represents. The neural network conducts convolutions and verifies the accuracy of its predictions
in a series of iterations until the predictions reach the real value, allowing it to recognize or "see"
images in an analogous manner to humans.

Similar to how humans identify distant objects, a CNN initially detects hard edges and basic
shapes and then refines its prediction with each iteration to recognize the image. CNNs are used
to comprehend single images, while RNNs are used similarly but for video applications to assist
computers in comprehending how images are interconnected in a sequence of frames.

4.8. Multispectral Imaging in Computer Vision

Multispectral images provide additional information to that of RGB images, which make them
useful in increasing accuracy for our image classification model. However, the implementation of
those images is not as effortless as for the RGB ones, since they have either 16 bands (VIS) or
25 bands (NIR). First, in order to read the raw binary files and convert them into the commonly
established 3-dimensional hypercubes, a certain procedure is required. Then, the process
followed to end up with 3-channel images and maintaining the most information possible is known
as Principal Component Analysis. However, in this case, the 3 channels do not represent Red,
Green and Blue colors but they are different shades of black and white.

4.8.1. Principal Component Analysis (PCA)

Principal component analysis, or PCA, is a dimensionality reduction method that is often used
to reduce the dimensionality of large datasets, by transforming a large set of variables into a
smaller one that retains most of the information in the initial large set [57].

PCA involves a mathematical process that calculates the covariance matrix of the original
variables, which represents the relationships between each variable. It then computes the
eigenvectors and eigenvalues of this matrix, which indicate the direction and magnitude of the
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most significant patterns in the data, respectively. The eigenvectors are the principal components
that form a new coordinate system for the data, and the eigenvalues represent the amount of
variance in the data captured by each principal component.

The principal components are arranged in descending order of their eigenvalues, so that the
first principal component accounts for the most significant pattern in the data, the second principal
component accounts for the next most significant pattern, and so on. By selecting a subset of the
principal components that account for the majority of the variance in the data, PCA can effectively
reduce the dimensionality of the dataset without losing important information.

PCA is widely used in various fields, such as image and signal processing, data compression,
and machine learning, where it is used as a preprocessing step to simplify and enhance the data
before applying other algorithms. Although reducing the number of variables in a dataset can
resultin a loss of accuracy, the trade of dimensionality reduction is the simplicity increase, making
it easier to explore and visualize smaller datasets. This, in turn, makes it easier and quicker for
machine learning algorithms to analyze data points without extraneous variables to process. In
essence, the goal of PCA is to decrease the number of variables in a dataset while maintaining
as much information as possible.

PCA is commonly used in multispectral imaging. Multispectral imaging produces high-
dimensional data, which can be challenging to analyze and interpret. PCA can be used to reduce
the dimensionality of the data by identifying the most significant spectral features in the images
and transforming them into a smaller set of principal components.

In multispectral imaging, the principal components represent the most significant spectral
patterns in the data. For example, the first principal component might represent the overall
brightness of the scene, while the second principal component might capture the difference
between vegetation and non-vegetation areas. By selecting a subset of the principal components
that capture most of the spectral variability in the data, PCA can effectively reduce the
dimensionality of the data without losing much important information.

PCA can also be used to enhance the visual appearance of multispectral images by creating
false-color composites that highlight specific features in the data. For example, by combining the
first principal component with the third and fourth principal components, it is possible to create a
false-color composite that enhances the contrast between different types of vegetation and other
features in the scene.

4.8.2. Applying PCA on Multispectral Images

Dealing with multispectral data has a drawback, which is the large number of bands that need
to be processed, and the challenge of storing such a huge amount of data. The time complexity
also increases with the increase in data volume. Therefore, it is important to either reduce the
data amount or select only the relevant bands. Nonetheless, it is important to ensure that the
guality of classification does not decrease with the reduction in the number of bands. One way to
address this issue is to preprocess the multispectral data using Principal Component Analysis
(PCA) [58].

PCA relies on the fact that the adjacent bands of the Multispectral Image are highly correlated
and convey the same information. This technique is based on the mathematical principle known
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as Eigenvalue decomposition of the covariance matrix of the Hyperspectral bands that are being
analyzed. The eigenvalues and eigenvectors are then arranged in a descending order to identify
the ones that hold the most significant information, which will be placed at the top of the list [59].

Initially, we begin with Multispectral images containing 16 or 25 bands, which need to be
narrowed down to just three bands. To achieve this, we should select the three eigenvectors that
carry the most information, just as in RGB images that are composed of three channels. Thus,
we extract the top three eigenvectors after the PCA is completed.
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Figure 14. Plot of the eigenvalues of the NIR image of the LDPE product depicted below.

. ..: o

Figure 15. The NIR image of the LDPE product whose eigenvalues are shown above.
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The above graph demonstrates that the three highest eigenvalues contain most of the
relevant information, while the remaining ones primarily represent noise. Employing PCA not only
decreases the time required for classification, but it also decreases the amount of data that must
be processed. Lastly, this preprocessing technique produces classification outcomes that are
reasonably precise and accurate.
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Chapter 5

Tools and Methods

5.1. Data Generation and Training of the Model

In this chapter, the steps that were followed in this research will be addressed. Firstly, we
collected a large dataset of objects. Our dataset consists of two main classes and seven
subclasses. Our two main classes are Wood and Plastic and our seven subclasses include
Medium-Density Fiberboard (MDF), Melamine-Faced Chipboard (MFC), Oak Veneer, which
belong to the Wood, while the rest High Density PolyEthylene (HDPE), Low Density PolyEthylene
(LDPE), Polyethylene terephthalate (PET), Polypropylene (PP) belong to Plastic. Thus, in total
we have three kinds of wood and four kinds of plastic. Approximately 100 pieces of each category
were accumulated that range in types and sizes.

Then, we continued with the generation of the image dataset. This process involved placing
every object on the platform and capturing photographs with the help of the cameras. We used
the RGB industrial camera, the visible (VIS) multispectral camera and the near-infrared (NIR)
multispectral camera. Therefore, for every object we have three different types of images captured
which will eventually form our three classifiers. In addition, we changed the orientation of the
objects and repeated the same process for two main reasons. One of them is to increase the
number of images in order for the model to train better and the other is to test different shadows,
placements and angles of the object.

Next, stood the multispectral data preprocessing. It included reading the raw files and
converting them to 3-dimensional hypercubes, which had either 16-bands (VIS) or 25-bands
(NIR). Furthermore, a PCA had to be executed in order to obtain the top three eigenvalues with
the most useful information.

Subsequently, after having converted all three types of images into files that we can work
with, the resizing and normalization were our succeeding steps. Data Augmentation came just
after and played a major role. At this step, the aim was to create more data in order to test whether
our models would make a wrong decision in every augmented version of the samples. This
technique included creating five new (so, in total 6 images of every object) versions of the
captured images by applying random zoom (0 to +20%), random rotation (-36° to +36°) and
random horizontal flip.

Hence, we ended up with 6522 image files from every camera type, which are the input of
our CNN. These images were then split into training and validation sets, which do not overlap with
each other and do not share any version of the same sample. The rule followed for this separation
is the one that is the most commonly used [22], the 80-20% ratio, 80% for the training set and
20% for the validation set.
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As a result, the training set contains 5238 files while the validation set contains 1284, which
add up to the total of 6522 image files. Into more detail, each material class of the seven

contributed as shown below:

Class Number of Number of Total
Training Images | Validation Images Images
MDF 456 108 564
MFC 552 132 684
Oak 576 144 720
Venee
r
HDPE 498 120 618
LDPE 492 120 612
PET 1398 348 1746
PP 1266 312 1578

Table 3. Contribution of each material image to the sets.

Figure 16. Image Data Augmentation: Starting from the top left corner: Original RGB Image of an Oak Veneer

piece of wood, Original VIS image, Original NIR image, Five Augmented RGB versions of the same piece.
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An important procedure during this study was training models with various architectures and
experimenting by changing their parameters until finding the one that had satisfactory
performance.

The ultimate parameters selected for the training of the model are:

Criterion: Cross Entropy Loss between input logits and target, since this type of loss
reaches its maximum potential when training a classification problem with various classes
by adjusting the weights of the model. The mathematical formula of cross entropy loss is:

Leg = — Xiz1 tilog (),

where n is the number of classes, t; is the truth label and p; is the Softmax probability
for the it" class.

Optimizer: Stochastic Gradient Descent (SGD). The key idea behind SGD is to update
the model parameters iteratively by taking small steps in the direction of the steepest
descent of the loss function. In each iteration, SGD randomly selects a subset of training
examples (called a mini-batch) and computes the gradients based on that mini-batch.
The gradients are then used to update the model parameters. This process is repeated
for multiple iterations until convergence, or a stopping criterion is reached. It requires
careful tuning of learning rate and other hyperparameters, and its convergence can be
sensitive to the choice of mini-batch size. That is the reason behind our four next choices.
Learning Rate: 0.001. The learning rate is a hyperparameter used to govern the pace at
which the algorithm adjusts or learns the values of a parameter estimate, meaning that it
regulates the weights of our CNN regarding the loss gradient. It indicates the frequency
at which the neural network incorporates the knowledge it has gained, refreshing its
learned concepts.

Batch Size: 4. The batch size defines the number of samples that will be propagated
through the network.

Gamma: 0.1, a multiplicative factor by which the learning rate will deteriorate. For
example, if the learning rate is 1000 and gamma is 0.1, the new learning rate will be 1000
x 0.1 =100 and so on.

Step size: 7, decays the learning rate of each parameter group by gamma every N (N is
defined as 7 here) epochs.

Epochs: 50

Their performance was calculated through the CNN metrics, such as accuracy and loss. The
outcomes of this attempt are presented in a subsequent section. Thus, by utilizing our selected
CNN architecture, we generated three image prediction models - classifiers (RGB, VIS and NIR).
The task of these classifiers is to accept an image of their type as an input and give as an output
their vector of probabilities — the probability that the given input fits into each of the seven
predetermined categories. The category with the highest percentage is considered as their final
output-prediction.

At this point, it was necessary to combine those three classifiers and compare their
performance individually and in pairs. Again, the outcomes are projected in a later section.
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Finally, an excessive review upon bands required the repetition of the whole process, at least
for the multispectral images. At this stage, we are examining the impact of worse equipment,
laboratory conditions and consequently images with less bands and therefore the significance of
the role that the bands play. For this purpose, it is fundamental to compare the CNN performances
of the good equipment and of the inadequate equipment, the one that captures multispectral
images with less bands.

5.1.1. Approaches to the selection of the bands in case of
inadequate equipment

There are four different approaches that were followed to select only three bands instead of
their combination provided by the method of PCA. Of course, these approaches are referring to
the multispectral images due to their nature of having more than three bands in comparison to
RGB images. As we have already mentioned, we are working with seven different classes and
two types of multispectral images, NIR and VIS.

The first perspective was random selection, which was repeated enough times until no major
improvement or deterioration was shown to the average results. The intention behind
implementing this method was to act as a reference point for the other three approaches.

The second technique was “best in total” selection. By applying PCA on our two multispectral
datasets we ended up with the eigenvalues and eigenvectors of every image. We isolated the first
three eigenvalues and eigenvectors of every image since the rest eigenvalues include mostly
noise. Then, by multiplying them and repeating the same process for every image we derived the
sum of all the images’ product which indicated the three bands that offer the most information for
every type of spectrum. Thus, for images of NIR type we concluded that the most important bands
are 1st, 12 and 17, and for images of VIS type 2", 15" and 16™.

The third method applied was “best of each class” and then selecting the 3 most repeated
bands. We employed the same process as in the second technique. Nonetheless, we applied it
separately to each class, noting down the top three bands for every class. Ultimately, we identified
the three bands that appeared most frequently. Thus, for images of NIR type we concluded that
the most repeated bands are 5", 12" and 18", and for images of VIS type 2", 10" and 14™.

The fourth approach was similar to the third one, however, implemented on the worst bands
of each category, followed by the selection of the most frequently recurring bands. Thus, for
images of NIR type we concluded that the most repeated bands are 20", 23 and 24", and for
images of VIS type 3, 4" and 7t.
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Chapter 6

Experiment

6.1. Experimental Setup

The laboratory setup for the experiments follows the common setups found in bibliography
[23], [24], [25], [26]. The Figure shows the setup implemented for the purposes of this study. The
main elements portrayed include, firstly, a conveyor belt which shares the same characteristics
of an actual production line.

Secondly, there is an industrial RGB camera, with the following specifications:

Characteristic | Value Characteristic Value

Sensor Vendor | e2v Resolution (H x V) | 1280 px x 1024 px
Sensor EV76C560 Resolution 1.3 MP

Shutter Global & Rolling Shutter Pixel Size (Hx V) | 5.3 ym x 5.3 um
Sensor Format | 1/1.8” Frame Rate 60 fps

Sensor Type CMOS Mono/Color Color

Sensor Size 6.8 mm x 5.4 mm Pixel Bit Depth 12 bits

Table 4. Specifications of the Industrial Camera.

Thirdly, there exist two multispectral sensors, one of visible, Short-Wave InfraRed light (SWIR
Sensor) and one of near-infrared light (Multi-spectral Sensor) with their specifications shown
below:

Method of Capturing, Camera Heads Spectrum
Snapshot, SWIR Sensor Head (VIS) 470 — 620 nm, 16 bands
Snapshot, Multispectral Sensor Head (NIR) 600 — 975 nm, 25 bands

Table 5. Specifications of the multispectral sensors.

In addition, the light source that is utilized offers a continuous spectrum that is fundamental
for the image capturing. Lastly, there is a robotic arm/manipulator to place the samples in the right
container after predicting their classes.

All these components are interconnected through a Central Processing Unit (CPU), which
gathers the information provided and processes it. Not only that, but the CPU is also responsible
for the actions of the robotic arm by directing it.

The conveyor belt transfers the object to the front of the RGB camera where its first
photograph is taken and then the same procedure is followed with the other two multispectral
cameras. The light source is an important factor for the capture of the multispectral images since
it illuminates the sample and (as it is shown in a following section) affects the expected results
tremendously. Then, the average probability of the three classifiers’ predictions provides the
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ultimate result (prediction of the material) and an order for the robotic arm to place the object in
the correct container. As far as the computer vision part is concerned, the machine learning
framework and the CNN architecture employed are PyTorch and ResNet50 respectively. The
model is set to run for 50 epochs and to stop in case the loss of the training dataset falls under
0.1 to avoid overfitting. Moreover, the state of the model at the epoch with the best accuracy is
saved at the end.

The code developed to implement this thesis can be found in the following GitHub repository

([27]).
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Figure 17. Laboratory Setup of our Experiments - Autonomous sorting system, which is made up of an industrial
bucket, a mechanical separator, a multi-camera identification system, a robotic arm, bins, and a central processing
unit.

6.2. Evaluation Metrics

6.2.1. Confusion Matrix

A confusion matrix is a table representing the performance of a classification algorithm. It
provides a concise summary of the model's performance in terms of correctly identifying and
misclassifying instances of different classes. An example of a confusion matrix is depicted at the
previous figure, where "N = benign” tissue is classified as healthy and "P = malignant” tissue is
classified as cancerous [28].

The confusion matrix consists of four main values that are utilized to define the evaluation
metrics of a classifier. These four numbers are:

1. True Positive (TP): This represents the number of patients who have been correctly

classified as having malignant nodes, meaning having the disease.
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2. True Negative (TN): This represents the number of patients who have been correctly
classified as healthy.

3. False Positive (FP): This represents the number of patients who have been misclassified
as having the disease, but they are actually healthy. FP is also known as a Type | error.

4. False Negative (FN): This represents the number of patients who have been misclassified
as healthy when they actually have the disease. FN is also known as a Type Il error.

Actual class

P N

P| TP | FP

Predicted
class

N FN TN

Figure 18. Confusion Matrix.

6.2.2. Accuracy

Accuracy is a performance metric used to assess the effectiveness of classification models.
It refers to the proportion of right predictions that the model has made [29]. More specifically,
accuracy has the following definition:

Number of correct predictions

Accuracy = .
y Total number of predictions

For binary classification, accuracy can also be computed in terms of positives and negatives
as follows:

TP+TN

Accuracy = —— .
Y = TP+TN+FP+FN

Where TP = True Positives, TN = True Negatives, FP = False Positives, and FN = False
Negatives, as defined earlier.

We will now examine the accuracy of a given model using its confusion matrix. The model in
guestion has classified 100 tumors as either malignant (the positive class) or benign (the negative
class) with the results shown in Table 6 below.

TP+TN 1490
TP+TN+FP+FN  14+90+1+8

Accuracy = 0.91.

The accuracy of the model is calculated to be 0.91 or 91%, which means that it has made 91
correct predictions out of the total of 100 examples. At first glance, this high accuracy may suggest
that the tumor classifier is effectively identifying malignancies. However, to gain a more thorough
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understanding of the model's performance, it is necessary to conduct a more detailed analysis of
the positives and negatives.

Out of the 100 tumor examples, 91 of them are benign (90 true negatives and 1 false positive),
while the remaining 9 are malignant (1 true positive and 8 false negatives). Out of the 91 tumors
that are benign, the model has accurately classified 90 of them as benign which is a positive
outcome. However, out of the 9 malignant tumors, the model has only correctly identified 1 as
malignant. This is a concerning result, as the model has missed 8 out of 9 malignant tumors,
indicating that the model's ability to detect malignancies is poor.

Table 6. Confusion matrix of a model that classifies 100 tumors as either malignant or benign.

An accuracy of 91% may seem impressive. However, if we consider another tumor-classifier
model that always predicts benign, it would achieve the exact same accuracy of 91 out of 100
correct predictions. This means that the current model is no better than a model that has no
predictive ability in distinguishing between malignant and benign tumors. When dealing with a
class-imbalanced data set, such as the one in this scenario, where there is a significant difference
between the number of positive and negative labels, accuracy alone cannot fully describe the
situation.

6.2.3. Loss Function

A loss function is a function that compares the predicted output values of a neural network to
the expected output values and calculates the difference between them. The loss function is used
to evaluate how well the model is performing on the training data. During training, the goal is to
minimize the loss between the predicted and target outputs [30].

We tune the hyperparameters to minimize the average loss, which involves finding the values
of weights, w”, and biases, b, that lead to the minimum value of /, representing the average loss:

JWT,b) = =31, LD,y D).

Analogous to the concept of residuals in statistics, which quantify the deviation of the actual

y values from the regression line (predicted values), our aim is to minimize the net distance.
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There are two primary types of loss functions used in supervised learning, which correspond
to the two main types of neural networks: regression and classification loss functions.

1. Regression Loss Functions: are employed in regression neural networks, where the
model predicts an output value corresponding to an input value instead of pre-defined
labels. Examples of regression loss functions include Mean Squared Error and Mean
Absolute Error.

2. Classification Loss Functions: are employed in classification neural networks. They
produce a vector of probabilities that indicates the likelihood of an input belonging to
various pre-set categories, allowing the network to select the category with the highest
probability. Examples of classification loss functions include Binary Cross-Entropy and
Categorical Cross-Entropy.

Unlike accuracy, loss is not expressed as a percentage but rather as a summation of errors
made on each sample in the training or validation sets. In the training process, minimizing the
value of the loss function is the objective in order to determine the optimal parameter values for
the model, such as the weights in a neural network.

6.3. Results and Discussion

The first outcome is related to the model architecture used. After trying different models, we
reached the conclusion that ResNet50 is the one that best fitted our purposes and the most
optimal for this research in terms of GPU and available resources usage, expected accuracy
provision and of handling a medium dataset of images.

The second result refers to the classifiers. The three classifiers created, give better results
when combined instead of each one separately. Additionally, the Average Classifier is the one
that provides the best results. The Average Classifier is created by adding every class’s
probability percentage of the three other classifiers (RGB, NIR, VIS) and then dividing by 3 to get
the average percentage. For a better understanding, it is worth mentioning that classification
neural networks work by outputting a vector of probabilities. These probabilities refer to how well
the given input fits into each of the pre-set categories and then the classification NNs select the
category-class with the highest probability as the final output.

Some of the outcomes provided by the average classifier are:

¢ Confidence in case of a right guess: 80.968%.

e Confidence in case of a wrong guess: 52.705%.

e Accuracy: 92.523%.

e Accuracy: 93.457%, by applying the reverse process of augmentation.

e Below stand the confusion matrices of the Average Classifier. The second and fourth
matrix depict the results of the reverse augmentation. The reverse process of
augmentation is a technique similar to repetition coding in telecommunications. Into more
detail, they present what the result is if we take into consideration the majority of the
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versions’ guesses for every image. For example, if 4 out of 6 versions of an image are
selected as LDPE then it is considered as an LDPE.
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100

Wood Plastic
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Figure 19. Confusion Matrix of Wood and Plastic of the Average Classifier.
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Figure 20. Confusion Matrix of Wood and Plastic of the Average Classifier (Reverse Augmentation).
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Figure 21. Confusion Matrix of all 7 categories of the Average classifier. The following misclassifications are
depicted: 17 samples of MDF, 3 images of LDPE, 6 of PET and 70 of PP, while no mistakes were made for MFC,
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Figure 22. Confusion Matrix of all 7 categories of the Average classifier (Reverse Augmentation). We can

observe that only 14 out of 214 sets of 6 versions are misclassified, hence the 93.457% accuracy.
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Another outcome produced by the average classifier that has its own value is the number of
wrong guessed versions per image. To present this, we use the help of histogram. The histogram
displays the number of images that have had their versions -from zero to all six of them- distributed
wrong. For instance, four errors per image means that four of the six versions were misclassified,
while zero means that all were correctly classified.

Histogram of wrong editions per image

200 182
180

160

=
B
(=]

120
100

Number of Images
N D O ©
o O © ©

o

Number of Mistakes per image

Figure 23. Histogram of wrong editions per image. Six mistakes per image means that all of the six editions
were classified in the wrong category while zero stands for all of them being classified right.

The final section of the conclusions addresses the impact of inadequate equipment on
classifiers’ accuracy along with a study on band selection. The influence of lower-quality
equipment is demonstrated by examining the accuracy of multispectral classifiers. The analysis
reveals that NIR cameras exhibit a mere 2.07% accuracy deficit, whereas VIS cameras display a
marginal 1.69% decrease when compared to the best accuracy achieved with NIR (78.74%) and
VIS cameras (81.72%), respectively. The subsequent diagrams illustrate the accuracy
progression during epochs until overfitting occurs. Moreover, we conducted experiments on
dimensionality reduction for multispectral cameras, exemplifying feature selection using only
three different bands and evaluating its implications. Furthermore, by selecting various sets of
three bands from the multispectral cameras, we demonstrated that spatial and shape focus do
not significantly outweigh spectral footprint. This is supported by the fact that the average
accuracy of randomly selected band sets differs by less than 8% from the highest accuracy
achieved by three-band sets and less than 10% from utilizing PCA and including all bands.
Additionally, when utilizing the three worst bands of NIR cameras, the difference in outcomes
compared to the best three-band selected is less than 7%.
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Figure 24. Diagram presenting the NIR camera three-banded sets' accuracy evolution as epochs progress. The
peak of each line is depicted with a decimal number. Line explanation: “randomAvg,, stands for the average of the
random selection, “bestTotal, stands for the second technique (“best in total,), while “bestEach, and “worstEach,,

stand for the third and fourth method applied, respectively.
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Figure 25. Diagram presenting the VIS camera three-banded sets' accuracy evolution as epochs progress. The
peak of each line is depicted with a decimal number. Line explanation: “randomAvg,, stands for the average of the
random selection, “bestTotal, stands for the second technique (“best in total,), while “bestEach, and “worstEach,,

stand for the third and fourth method applied, respectively.

The proposed research demonstrates that CNNs can be used for the accurate and efficient
classification of wood waste. By providing a fast and accurate method of classification, CNNs
have the potential to improve the efficiency and effectiveness of wood waste management,
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leading to cost savings and reduced environmental impact. Through these findings, new
possibilities emerge for leveraging CNNs to implement similar waste management practices
across diverse waste industries such as Plastic, Metals, and Construction & Demolition Waste.

6.4. Contributions

Firstly, as a major contribution stands the generation of the image dataset of the wood and
plastic goods. This dataset was created by capturing images with three different types of cameras
(RGB, VIS, NIR). Then followed the data augmentation that included small changes in the images
captured and which allowed us to end up with 6522 image samples for every type of camera in
order to have safer final results.

Moreover, another contribution of this research is the testing of TensorFlow against PyTorch
under the same conditions and the establishment of the opinion that TensorFlow is easier to use
for entry level machine learning purposes, while PyTorch can prove to be more useful due to its
complex settings, although more complicated.

Thirdly, our main contribution is the classification accuracy achieved. Into more detail, we
accomplished a 100% accuracy into differentiating wood from plastic and a 93.45% into
classifying every material of the seven classes by reversing the augmentation. This outcome was
due to the implementation of the Average Classifier, which is a combination of the other three
classifiers and we can safely conclude that the Average Classifier is the best option available
since it produces the best results.

Furthermore, our research included many trials over different CNN models for image
classification purposes and therefore the conclusion drawn is that Resnet50 can successfully
handle a medium-sized dataset, provide accurate enough final outputs and collaborate efficiently
with processing units that do not belong to the higher end.

Finally, an essential outcome pertains to the use of inadequate equipment. As a final aspect
of our research, we conducted experiments on dimensionality reduction for multispectral cameras,
serving as a demonstration of feature selection in situations where the equipment may not meet
optimal standards, and assessed its implications. Remarkably, the results indicated a small
marginal reduction of less than 2% for both types of cameras. This finding serves as compelling
evidence that even with suboptimal equipment, satisfactory outcomes can still be achieved.
Moreover, by selecting different sets of three bands from the multispectral cameras, we
demonstrated that spatial and shape focus do not play a significantly dominant role in comparison
to their spectral footprint. Supporting this assertion is the fact that the average accuracy of the
sets of randomly selected bands differs by less than 8% from the highest accuracy achieved by
sets of three bands and less than 10% from utilizing PCA and benefiting from all bands.
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Chapter 7

Conclusions

7.1. Thesis Summary

In conclusion, this thesis explores the potential of using CNNs for the classification of wood
waste. The proposed research demonstrates the feasibility and effectiveness of CNN usage and
could help to establish the possibilities of CNNs in other industrial waste management areas. As
a result, the proposed research has the potential to make a significant contribution to the field of
wood waste management and to the development of sustainable wood-based industries, further
helping circular economy.

Deep learning has shown enormous potential in many fields and especially CNNs in image
processing. This research was based on the state-of-the-art image classification CNN model
ResNet that was first introduced into the field of general waste sorting and used as a classifier for
waste in a complex industrial environment. A feasible sorting method based on ResNet was
proposed, and the whole flow was described in detail, including image generation, building of the
training set and validation set, image augmentation, construction of the ResNet50 model, wood
waste classification, wood from plastic waste classification and optimization of those results. The
results indicate that the proposed method has the potential to facilitate the automatic classification
of wood waste, which is important for many industries and municipalities to achieve better wooden
products life cycle management, reduce environmental burdens and increase sustainability.
Specifically, several conclusions were drawn as follows.

First, several model architectures were evaluated to determine the most suitable for our
requirements. Consequently, it was discovered that ResNet50 demonstrated excellent
performance in handling medium-sized datasets without demanding excessive amounts of
computing resources. Second, we achieved a score of 93.45% Accuracy in segregating each of
the seven classes and a perfect score of 100% in segregating wood from plastic.

Third, we conducted experiments on dimensionality reduction for the multispectral cameras,
serving as an illustration of feature selection in scenarios where the equipment may be
insufficient, and assessed its impact. The results showed a mere 1.69% reduction compared to
utilizing all the bands in the visible spectrum (VIS), and a 2.07% reduction in the near-infrared
(NIR) spectrum.
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7.2. Future work

Wood waste classification and waste classification in general are still open fields that need
to be discovered and they have a variety of open issues that need to be studied. Firstly, there is
a need to expand the study to include hyperspectral cameras which would be beneficial in
examining a wider range of wood categories. Hyperspectral imaging offers a unique opportunity
to capture detailed spectral information from wood waste materials, enabling a more
comprehensive understanding of their composition and characteristics. This expansion of
technology can enhance the effectiveness of wood waste segregation processes, leading to better
sorting accuracy of wood waste. Furthermore, the application of hyperspectral cameras can
contribute to the development of advanced algorithms and machine learning techniques
specifically tailored to wood waste analysis, allowing for automated and efficient segregation
methods.

Improving the accuracy of wood waste classification is a crucial area for future research.
While significant progress has been made in this study, there is still room for enhancing the
precision and reliability of classification algorithms. Researchers can explore advanced machine
learning techniques, or ensemble models to achieve higher accuracy rates. This could happen by
addressing issues such as inter-class variability and subtle spectral differences.

The impact of light on multispectral imaging is also an important aspect that needs to be
explored further. Understanding how different lighting conditions affect the spectral response of
wood waste materials and investigating techniques to compensate for lighting variations will lead
to more consistent results. Researchers should consider factors such as lighting angles, intensity,
and the influence of environmental conditions to develop robust algorithms that can handle
varying lighting situations.

Researching the spectral footprint instead of relying solely on the shape of objects presents
an interesting avenue for future study in wood waste classification. By analyzing the unique
spectral characteristics of different wood waste materials, researchers can gain valuable insights
into their composition and properties and unlock new possibilities for efficient wood waste sorting.
This shift in focus may require the development of innovative data processing techniques that can
effectively extract and analyze the spectral footprints of wood waste.

Furthermore, future studies should consider the utilization of better processing units, such as
high-performance GPUs and increased RAM capacity, to enhance the speed and efficiency of
wood waste segregation. These advanced computing resources can significantly accelerate the
processing of large hyperspectral datasets, enabling real-time or near-real-time classification
capabilities.

Additionally, incorporating different kinds of wood waste into the dataset and ensuring its size
and diversity are representative of real-world scenarios will further enhance the accuracy and
generalizability of wood waste separation models. Our research primarily focuses on a limited set
of wood types, while exploring additional categories, like large wood pieces that do not wholly fit
in the camera or sawdust that is tiny, will provide a more comprehensive understanding of the
challenges and requirements specific to each type.

Moreover, this research paves the way to explore the potential of utilizing Convolutional
Neural Networks (CNNs) in various other industrial waste management domains beyond wood
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waste. By showcasing the effectiveness of CNNs in wood waste classification, it opens up
opportunities for leveraging similar machine learning techniques to address challenges in areas
of distinct waste materials like plastic, metals, and construction & demolition waste. This
broadening scope has the potential to revolutionize waste management practices across multiple
industries, enabling more efficient recycling, and resource recovery processes.

Despite the progress made, a big challenge remains in implementing wood waste sorting
systems in real-world conditions, beyond the confines of protected laboratory environments.
Factors such as varying lighting, uncontrolled and dusty environmental conditions, and the need
to adapt algorithms and models to handle unpredictable scenarios pose significant challenges
which do not appear in a simulation. Future research should focus on addressing these practical
obstacles to ensure the successful deployment and widespread adoption of wood waste
separation technologies in real-world settings.

Finally, it is crucial that datasets pertaining to wood waste become openly accessible to
everyone, facilitating the advancement of scientific knowledge. By ensuring the availability and
ease of access to these datasets, researchers can collaborate more effectively, exchange
valuable insights, and collectively address the challenges associated with wood waste
management. Open datasets not only encourage interdisciplinary collaborations but also foster
innovation by enabling researchers to develop and evaluate novel algorithms, models and
techniques, while the availability of these datasets promotes transparency, reproducibility, and
accountability. By democratizing access to wood waste datasets, science can move further,
paving the way for sustainable waste management practices and informed decision-making that
benefit both the environment and society as a whole.
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