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Evyopiotiec

Ye autd to onueio, Bo MPEAD Vo OTOTVTOG® TIG CKEYELS KOl TO GUVOICONUATA LoV, HE TNV
oLYYPOPN TG AUTA®UATIKNAG LOV EPYAGIOG KOL TNV OAOKANP®MOT) TV 6TOLO®V Hov. Mia dtadpoun
YEUATN HE TOKIAQ KO OVAUEIKTO, GUVOLGONUATO, LE OTEPLOVEG OVOKOAIEG KOl EUTOOIN KO OU®G
HEYAAN tKavomoinon kol ayaAiioo, ev TEAEL

Apywcd, o n0era va evyapiotnow Bepud tov k. I'idpyo [avvn, Kabnynt g ZxoAng [ToAtikmv
Mnyovikeov EMII, t6c0 yio v eumotocvvn mov pov €0e1ée pe v avabeon g mopovoag
gpyaciog Kot TV KoBodnynor| Tov o€ avTiv, 0G0 Kol Y1t To YVOOTIKE £QOdL0 TOV LoV Topeiye Ko’
OAN TV S1dpKELD TV GTTOLOMDV OV KOl Y10, TOL wpaio. ToV A0yl tov Oa Bupdpon Yo wévto.

‘Eva. peydro evyapiotd Bo nbero va amevbive kot otov Ap. Xpnoto Kotpokdlo yio tnv
vrootpign kot kabodnynon tov, Yo 11§ GUUPOVALS, TIC YVAOGELS KOL TOV ETOYYEALATIOUO TOL KOl
YL TNV €V YEVEL cuvepyacia, 6E OAN TN SLAPKELL TG EKTOVIONG TNG EPYACIOG.

‘Eva tepdiotio euyoplotd otovg yoveig pov Kot v adepen pov Hpa, yio tnv vroompién, ta
€O, TIG CLUPOVAES TOVG KOt TNV TAPOTPLVGT TOLG KOl WAHTEPO STV UNTéPQ Lov, Mapia, mov
LLE VTEUEIVE KOl TTOL Y®PIg avTnVv dev Ha TV Timota EPIKTO.

AUEPIOTO ELYOPLOTH GTOVG GLVOSOITOPOVS LoV GE OVTN TN dadpouny Xpnoto, Adumpo, Avva,
Bodwpn kot ZTéA10, TOL pE fonONcav EIMKPIVE 6TV TPOCMOTIKT KOl AKOONUOTKT fov eEEMEN 660
kaveic. Tepdotio gvyaploTd 0Peil® Kol 6TOLG TOOWKOVS LoV PIAOLG Yo TV OKPOAGY, TNV
KATOVON O™ Kot TIG GUUPBOVAES TOVG.

KAetvovtag, 6o n0eha va avagepbd oe OA0 10 epeuvnTikd Tpocsmmikd Tov Topéa Metagpopmv Kot
ZVYKOW®VIOKNG YTOdoUNS, EKepalovtag Tov Bovuacud Kot Tig ELMKPIVEIS LLOL EVYOPLIOTIEG Y1 TO
a&émavo akadNUAiKO TOug €pyo, HEGO amd TAPA TOAAEG MPES APAVOVS EPYACIOG KoL Yo TNV
OVOTTOAOYIGTY] GLUVEIGPOPA TOVG otV e&EMEN NG emomung. Xopig to dkd TOVG €pYyo, 1M
0AOKAN PO TNG TaPoVcaG Epyaciog Bo fTov SQLGETITELKTN.

AbMva, NoéuPprog 2022

Avtodvng Kootdémovrog
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Avdrivon Mnyovikne MabOnonc ovicOppom®mV OEO0UEVOV TNAEUNTIKNC
v TNV TPOBAEWN TNC GLUTEPIOOPAC TOL 0ONYOV

Kwootoémovrog Avidvng
EmPrénwv: Tavvnc MNopyoc. Kabnyntmg, E.ML.II.

2ovown

Avtikeipevo g mopovcoc Aumlopatikng Epyaciog amotelel 1 avdAivorn dedopuévev QLGIKNG
odnynong (Naturalistic Driving Data — NDD) yw tv ta&wvounon kot mpofAeyn g 0dtkng
CLUTEPLPOPAC Kot TV coPapdv mepiotatikav (harsh events), pe texvikég Mnyaviking Mabnong
(Machine Learning). A&womombnkav dedopéva tnAepotikng g etapiog OSeven, ywo v
taSvounon kot TpdPreyn g OOKNG GLUTEPIPOPES, LE TN ¥pNon Tov ockTov Emikivovuvng
OJd1KNG CLUTEPLPOPAS ATOTOUMV EMLTAYVVOEDV Kot ETPpadvtveemv og avaywyn 100 yilopétpmv
Swdpoune. ITo cvykekpuéva, EMOIOKETOL O TPOSIOPIGUOS TOV PabIOD ETPPONG TOV 0OKOV
OEQOUEVMV OTIG KOTAGTACELS EUPAVIONG OTOTOUMY TEPIGTATIKMV, LECH TNG dladikaciog Emdoyng
Xapaxtnpiotikov (Feature Selection) kot 1 ta&wvounon tov amdtopwv emraydvoemv (harsh
accelerations) kot amdtopwv emPpadvveewv (harsh brakings) oe dvo enineda acpareiog péca amod
texvikée Mnyavikiigc Mabnong. H opadomoinon pe K-means xotédeiée oOtt ov odnyol e
neplocdtepeg amd 48 amdtopes emtaydvoelg kot 45 amotopeg emPpaddvoels avd 100yAp.
001NYNOMNG EUPAVIGAY TNV TTLO EXIKIVOLVT cvumepLpopd. Ta aroteAéopata TG epyaciog avédeiEay
TNV GLVOAIKY] S1ovvBeica amOoTOoT SOPOUNG OC TNV UETAPANTA UE TNV UEYOAVTEPT EMPPOT GE
OTOTOUO TTEPLOTOTIKA, EVA TIG KAAVTEPEG UETPIKES AEI0AOYNCELS TOEIVOUNONG G KAAGELS Y10 TO
oLYKEKPUEVO TPOPANHa M1 Icopponnuévng Mabnong édwoav ot okyopBuor Gradient Boosting
ko Multilayered Perceptrons, pe a&ioloyec emdooel; yio v e€oywyn ypHOIUOV GLUTEPUCUATOV
OXETIKA pE Ta emineda ac@irelag TS OSKNG CLUTEPLPOPAES.

AEEEIS KAEWOWA: avAAVOT 001KNG CLUUTEPLPOPACS, TASIVOUNGT OOIKNG GLUTEPIPOPES, OedOUEVAL
QLOIKNG odNynong, mpOPAeyn aTLVYNUATO®V, HOVTEAO TOAVOPOUNGONG, MOVTEAD Ta&IvOuUnoNG,
pnyovikr]  pdbnom, un woppomnuévn  paBnorn, molvemimeda O£dOUEVA,  CMUOVTIKOTNTA
YOPOKTNPIOTIKAOV, OTOTOUN TEPICTATIKG, OMOTOUES EMTUYVVOELS, OMOTOUES EMPPUSVVOELS,
Teyvntd Nevpovikd Aiktvo, Badid Mdadnon


https://oseven.io/
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Imbalanced learning analysis for driving behaviour prediction using
naturalistic driving data

Kostopoulos Antonis

Supervisor: Yannis George. Professor, N.T.U.A.

Abstract

The objective of this Diploma Thesis is the exploitation of imbalanced learning for the task of
classifying and predicting driving behaviour and harsh events, using naturalistic driving data. Data
was collected through the telematics company OSeven, in order to classify and predict driving
behaviour in terms of harsh accelerations and brakings occurences. More precisely, this thesis
intends to determine the most crucial predictors for the occurrence of harsh events, through a
feature selection process and to identify two safety levels for harsh accelerations and brakings using
Machine Learning techniques. K-means clustering revealed that users with more than 48 harsh
accelerations and more than 45 harsh brakings per 100 km of driving were deemed the most
dangerous. The imbalanced classification results showcased that the total driving distance was the
more impactful variable to harsh events occurence, whilst the best techniques for this particular
imbalanced learning process, were achieved by Gradient Boosting and Multilayered Perceptrons
algorithms.

Key words: driver behaviour analysis, driver behaviour classification, naturalistic driving data,
dangerous driving prediction, regression model, classification model, machine learning,
imbalanced learning, contextual data, feature importance, harsh accelerations, harsh brakings,
harsh events, Artificial Neural Networks, Deep Learning
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Iepiinyn

2tox0¢ G mapovoog Auwmdopatikng Epyocioag eivor o evtomioudg TV GNUOVIIKOTEP®V
TOPAYOVIOV ETIPPONG oTNV eupavion Emkivovvne OOKNG GuumepLpopdc Kot 1 ovamTuén
OMOTEAECLATIKOV LOVTEA®V TOSIVOUNONG Kot TPOPAEYNS TG OJ1KNG CLUTEPLPOPAS, OELOTOUDVTOG
TeYViKég Mnyovikig Mabnong kot Nevpovikdv Awktdmv. Ta odwd dedopéva mov vréotnoav
enséepyacio mopoympiOnkay omd tnv etoupia OSeven Telematics® xor cvAAéyOnkav os
TPOYUATIKEG 001KEG GUVONKEG HECH TOV KIVITOV TNAEPOVOV TOV 0dNYDV. XT0 GOVOLO TOVLS TO.
dedopévo. Tov avoldOnkay Moy  KUKAOQOPLOKNG GUONG Kot Oeikteg Kivnomg Kot 00KNG
ocoumeprpopds. Ilpotov Eekivioert M avdAvon tov  dedopévev, Kabopiotnkav, oC
avTmpooonevTikol deikteg Emukivouvng OSKNG cuumeptpopds, ot amOTOUES EMTOYVVOELS KOl
emPpadvvoelg mov mpaypatomolel o odnydg oe avayoyn 100 ytmopétpwv, ot omoieg Kot
amotélecay TIC €EPTNUEVEG UETAPANTEG TG €pEvvag, HEe TNV OVATTLEN TV HOVIEA®V Vo
TPOYLOTOTOLEL TN KOl Yol TIS dV0 petafAntég Eeymprotd. H avdivon epappootnke pe v fondeia
™me YAdooag Tpoypappatiopod Python, oe mpoypappatiotikd nepiBariov Jupyter Notebook kot
Google Colab.

270 TPOTO PEPOG TNG AVAALONG, EMYEPNONKE O EVTIOMIGUOG TOV CNUOAVTIIKOTEP®V TOPAYOVIMV
OTNV EUPAVION OTOTOU®MY TEPLOTATIK®OV, HEow TG dtadkaciog Emloyng Xapaktnpiotikov. H
dwdwoacio ovty mephdpPoave TOov LTOAOYICUO TOL GLVIEAESTN) oLOYETIONG Pearson tov
eCopmuévov PeTafANTOV pe To VTOAOUTE 0OIKA JEOOUEVO KOl TNV dlEPYACio ZNUOVTIKOTNTOG
Xapaxtnpiotikov (Feature Importance), uéow avamtvéng poviédov Iolwvdpouncewv yuo vo
nocotikomomBel o Pabuodg emppong tovg, pe TEXVIKEG Mrmyoavikng MdOnong. Toa povtéia
[MoAwdpopncewv mov avamtdyOnkav MoV Técoepa. Zuykekpluéva, avoamtoyOnkav Ipoppikég
[Molvopopunoetg, [Hoalvdpounoelg Aévopaov Amdeaong, Tuyxaiov Aacov, Axpaiag Evioyvong
KMong ko I'pappkég [orwvdpopnoeic Mnyoavov Atavospdtov YTostpiEng kot a&toloynonkay,
Bdost Tov ovVTEAESTH Tpocdlopiopod Tovg R2Z To  GLUVOLOCTIKG OTOTEAEGUATO  TOV
[ToAtvdpopnGE®V Kl TOV GUVTEAEGTH GUGYETIONG OVEDEIEOV MG CNUAVTIKOTEPES UETAPANTEG TIG
e€ng: M davubeica andotaoT, 11 CLVOAKT S1dPKELD TG 0ONYNONG €V KIVIGEL 1 LEST TOYVLTNTA
001YNOMG, TO OKOP ¥PNoNG KvNntol TNAEQPOVOL Kol TO 6KOp VITEPPACNS 0piov TaYVTNTAG.
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Triangle Correlation Heatmap
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Cpbonpa Mepiinumg 11 Zoviedeotis ovoyétiong Pearson twv eéetacbéviwy dedopévav

Qg guputepo poviélo tagvounong kot mpoPreyng g emikivovvng OSIKNG cvumepLpopds,
eMAEYOMKAV G TAEELS KaTavouns ot NG ovo: Emikivovvn Odikn cvpmeprpopd kor Mn Enucivéoovn
Od11 cupumepLPopdL.

[Tpotob avamtuyBoHv ot adydpOpot TaEvounomng, ta SESOUEVE OTALTOVTOV VO TPO-EMEEEPYAGTOVV,
npokeévou vo avapaduiotovv ta mpoPientikd povtéda. H dwadikacio g mpo-emeepyaciog
dwkpinke oTIg TEYVIKEG OUAOOTMOINONG TOV EEAPTNUEVOV UETOPANTOV KOl OTNV TEXVIKY
Yrepostypatonypiog tng HEWOVOTIKNAG TAENS. Me tv ypfion tov aAyopiBuov K-pécov,
evromiotnkay 6pa tipndv (thresholds). Avo kot kdto avtdv tov opiov, ot eEaptnuéves peTafAntég
LETOTPATNKOV GE OVOOIKT LOPPN, TPOGPAETOVTAG GTNV KOTOVOUT TOVS OTIG EMAEYEioES KAAGELG
ta&wvounong Od1KNG GLUTEPLPOPAS. TN CLVEXELD, EQPUPUOCTNKE 1) TEYVIKN Y TEPIELYUATOANWIOG
YuvOetiknc Metovotikng (SMOTE), mpokeipévou va emAvbei to Tpofinua g Gviong Katavoung
TOV 0£O0UEVOV EKTTOLOEVONG OTIC 0V0 KAAGELC.

IMa v dwdikacio g Tagvounong avartdiydnkoay oktd alyopifuotl yu Tig 000 e&aptnuéveg
petafintés. Ot ta&vopnoels mepthdpupavay tovg alyopibpovg ta&vounong Aévopmv Atdpaong,
Evioyvong Kiiong, Akpaiog Evicyvong Kiiong, Tvxaiov Aacaov, [Ipocappoostikny Evovvéapwon,
K-minciéotepwv yertovav, Mnyavov Atavocpdtov Yrootpiéng kot [loAveninedwv AicOntpov.
Mo v a&oAdynon Tov TpoPAERTIKOV LOVTEA®V TOV avamTO)OnKoy, aSlomo|fnKay CTOTICTIKES
HeTpIKEC a&lodoynoelg, pe kpunplo v 00k Acedieio. H ovykpion tov aAdyopiBuwmv
napatifeton ota akdAovBoug Iivakeg kot I'papnpato.
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ITivoxoc Iepiinync 1:

2oyKpion puetpikdv alioloynong toltvounong yio. Tic OmOTOUES ETITOYOVaELS avd, 100yAu.

e
W

. fl-score

B False Negative Rate

AlyoprOpog Ta&vounong OpBomTa Axpipsaia Avaxinon FNR AUC score
Decision Trees 53.03% 54.12% 65.35% 34.65% 70.48%
GradientBoosting 65.28% 55.15% 68.05% 31.95% 75.10%
XGBoost 66.76% 55.09% 67.46% 32.54% 74.26%
Random Forests 70.83% 55.16% 66.39% 33.61% 73.98%
AdaBoost 29.97% 53.51% 59.44% 40.56% 59.44%
KNeighbors 72.70% 53.46% 60.08% 39.92% 64.55%
SVM 61.07% 54.30% 65.60% 34.40% 65.60%
MLP 68.16% 55.26% 67.65% 32.35% 74.67%
Performance of classification models for ha/100km Performance of classification models for hb/100km
07
o 06
0.6
¥ s % 05 . Accuracy
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= Prcion g 04 - el
% E 03 . fl-score
H ]
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ITivokoc ITepiinync 2 :

e False Negative Rate

MLP
SV

o
~

o
,ﬂ

o
o

Decision Trees
XGBoost
KNeighbors

AdaBoost

GradientBoosting Trees

MLP

Random Forest

Classification models

SVM

Xoyrpion uetpikadv alioloynong talvounong yio i amotoues exifpodvveeis ava 100yiu.

AlyoprOpog Talivopunong OpBétta Akpifera Avaxinon FNR AUC score
Decision Trees 62.51% 56.58% 66.03% 33.97% 72.35%
GradientBoosting 63.36% 57.36% 67.91% 32.09% 74.88%
XGBoost 64.53% 57.20% 67.30% 32.70% 74.28%
Random Forests 67.78% 57.20% 66.48% 33.52% 73.62%
AdaBoost 65.51% 57.03% 66.66% 33.34% 73.04%
KNeighbors 68.45% 54.88% 60.55% 39.45% 65.00%
SVM 58.35% 54.58% 61.33% 38.67% 61.33%
MLP 62.96% 57.29% 67.80% 32.20% 74.69%

O1 emddoelg TV aAyOpIOL®Y TPOYVOONS Kot TaEvounomng Kupdveinkay o Tapepueep enineda,
kafotdvVTag To HOVIEAD TOL avomTuyOnkav ypnowo vy v tasvounon g Odkng
ocvoumeppopds. O arydpiBuog Evioyvong Kiiong £é0woe to KaAHTEPO AMOTEAECUATO KOl EK TOV
obveyyvg akorovOncav ot ITolverinedor AoOntipeg (MLP).
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Bdoetl tov arotedecudtov mov Tpoékuyay o€ OA0 To €0pog ¢ Tapovoos Epyaciag, avékvyav
OPIGUEVO YPTOLUN CUUTEPAGLOTO, AUESH oYETILOMEVO LE TOV 6TOYO TNG. [T10 cuykekpluéva:

1. H ovvolkn dSwavubeica amdotaon amotelel v onuavtikdtepn HETAPANT] Yoo TV
avayvopton g OdkNg cuureppopds.

2. Koatd Baon ot 0dkég cuumeprpopés dev Nrov vrepPorkd embetikés, KabMG o1 oyeTikol
OLIUECOL TV AMPOOTTMV TEPICTATIKOV NTAV UNOEVIKOL Kol o1 0dnyol evapuovilovror pe
TOUG  KovOveG KukAogopiog. Ampoomta mEPOTATIKA eu@ovilovioar o€ SLodPOUES
emPapopéveg o ypOVO 1 KoL ATOGTOOT).

3. Ot péon taydnrto Kivnong, 1 xpNnon Kwntov ThAEP®VOL Kot 1 VTEPPAST 0piov TaYHTNTOC
elvar appnkta ocvvdedepéveg pe v Emkivovvn Odikn cvumeprpopd Kot v eUQEvion
ATUYMNUATOV Kol pmopobv va a&tomombodv oto péEAAOV ¢ HETOPANTEG avTioTOLNG
ta&vounong.

4. Ot odyopiBpol Evioyvong Kiiong (Gradient Boosting) kou [ToAverninedmov AwsOntpov
(Multilayered Perceptrons) mov avorthybnkav Eenépacav o€ EMOOGES TOVG VITOAOITOVE
aAyOpOHovG, OU®G Ol JPopéc dev MTav peYOAec. XvUmépacpo OomoTehel OTL Ol
eCaptnuéveg PETAPANTEG TOV aTPOOTTTMOV TEPICTATIKOV NTOV KOAG OUAOOTOMUEVES, LE
Slokp1tég KAGoeELS, pe ) néBodo tov K-péoov oe duadikn Katavour| Kot ETnedo ac@aieiog
KoL OTL 01 GUYKEKPIHEVOL ahyOp1OLLot Hrropohv va ovatuyHovV Yio amod0TIKES TOEIVOUNGELS
o€ emineda acPoreiog OVO KAAGEWV.

5. H Xvvbetiky Mewovotikny (SMOTE) amodeiytnke mo amotedecpatiky pébodog omd v
[Mpocappootiky Zvvletiky (ADASYN) oe KOTOOTACES HEYAA®MV Kol TOAVETITES®V
dedopévev Kol dlokprtdv  KAdoewv, emPefardvoviag TNV eyydplo kot oebvn

BipAoypapio.

6. EmPePforcdveron n enidoon g pebddov mupnvae Radial Basis Function otig Mnyoavég
Awvoopdtov  YmoompiEng, OuyKptikd pe  Tig  evaAAokTIKEG  peBoddovg  mupnva,
emoAnBevovtag v I'kaovciovn Katavoun Tov e£eTocBEvimv ototyeimy.

7. H pébodog opadomoinong K-puésov evtomioe mg Péitioto threshold yuo v kotdtaén tov
OmOTOUMV TEPLOTATIKOV ©T0 Emkivovvo eminedo aceodeiog tig 48.82 amdTOpE
emrayvvoelg avd 100yAu. ko t1g 45.40 andtoueg emPpadvvoetg avd 100yAu., Tapdyoviog
TPOTOTLO.  AMOTEAECUATO YOO TO Oplo. OVO KAAcE®V TOSVOUNONG NG  OOIKNG

GLUTEPLPOPAG.
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1. Ewoayoym

1.1 Tevikn Avookomnon

Me v avodo oTIg 001KES LETAPOPES VAL Etvar S1apKNG Kat pe Tov puOud petafoing Toug oloéva
Kol oEAVOUEVO, 01 YEPOOIES LETAPOPES amOoTEAODY TNV KVpla uéBodo petakivnong, avd tnv
EVPOTOIKT EMKPATELN KOl TAYKOGHIMG. ATOPPOLO TOV HETAKIVIGEMY GUVIGTA 1] VTTapEN 0dIKMOV
ATVYNUATOV, TOAADV €K TV omoimv amofaivovv Bavatneopa. oueovo pe v Evpomaikn
Emutponn) ko v Tevikrp Atevbvvon Kivnrikdmtog kot Metagopadv (Directorate-General for
Mobility and Transport), onueiodnkav, mtpoceyyiotikd, 19.800 andAelec 6TOVE EVPWTAIKOVS
dpoéovg Yo 1o £10G 2021, pe yopaktnplotikn peimon amod 1o £10¢ 2019 6e cuvinKes KvNTIKOTNTOG
PO TOVONiag, TG TaEems Tov -13%. Ot tpavpaticpol amd 001KA ATVYAILATO OTOTEAOVY THV KOPLOL
artioe yio Bovdtovg oe modld Kot vEoug evilkeg mAkiag 5-29 etdv, pe TO GUVOAO T®V
BovatTNEOPOV TEPIGTATIKDOV, TOV TPOKAAOVVTOL AUEGH 1] EUUECH OO OOKA ATUYNUOTO, VO PTAVEL
ota 1.3 exatoppvpia avhpomovg avd étog (WHO, 2022).

Hivaxog 1.1: Goavarnpdpa axvynuote oty Evpdmy (2010-2020)

IInyn: NTUA — Road Safety Observatory, [Available: https://www.nrso.ntua.gr/ ]
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Hivaxag 1.2: Xovoyn Bacikadyv otatiotikdy atoiyeiwy Odikic Aopdielac otnv EAAdda (2010-2019)

nyn: Hellenic Statistical Authority (ELSTAT), [Available: https://www.statistics.gr/ ]
Traffic Police,

Ermelepyacio: NTUA — Road Safety Observatory, [Available: https://www.nrso.ntua.gr/ ]

Greece 2010 - 2020

Basic Road Safety Figures

2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2020/2019 2020/2010 2016/2020

Injury Road crashes' 15,032 13,849 12,398 12,109 11,690 11,440 11,318 10,848 10,737 10,712 9,105 -15.0%  -39.4%  -19.6%
Fatalities, 1,258 1141 988 879 795 793 824 731 700 688 579 -15.8% -54.0% -29.7%
Seriouslnjuries. 1,709 1,626 1,399 1,212' 1,016 99 879 706 727 652 487 -25.3% -71.5%' -44.6%‘
Slightlnjuries' 17,399 15,633 14,241 13,963 13,548 13,097 12,946 12,565 12,422 12,350 10,130  -18.0%  -41.8%  -21.8%

Vehicle Fleet (x1000) 8,062 8,087 8,070 8,035 8,048 8,076 8,173 8,263 8,237 8,402 8519 1.4% 5.7% 4.2%
Fatalities per million vehicles 156 141 122 109 99 98 101 88 85 82 68  -17.0%  -56.4% -32.6%

Speed infringements| 263,382 238,033 186,675 178,816 156,892 173,476 176,592 208,190 213,333 234,169/206,554  -11.8%  -21.6%  17.0%

Drink & drive infringements 38,033 34,992 30,707 30,853 29,597 29,191 33, 192 32,964 33, 394 3,557 19,09 -39.5%  -49.8%  -42.5%
Seat belt infringements 49,703 37,120 33, 722' 35,478 34,526 29,611 34,831 31,510 33,380 34,594 30,174 -12.8%' -39.3%  -13.4%
Helmet infringements 51,526 47,250 47,736 56,122 54,354 52,783 63971 59,405 52, 706 52,089 46394 -10.9%  -10.0% -27.5%

Road fatalities, Greece 2010-2020

Fatalities Vehicles
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Cpdonua 1.1:  Oavatnedpa atvyiuate koi otolog oxnudzwy oty EAdoa (2010-2020)

nyn: Hellenic Statistical Authority (ELSTAT), [Available: https://www.statistics.gr/ ]

Encfepyacia:  NTUA — Road Safety Observatory, [Available: https://www.nrso.ntua.gr/ ]

Emopévog, n Odwn Acoedieln amoterel (Nmuo peilovog onuaciog yw tovg 0ecpovg g
Evponaine Evoong kot tig empépovg 0vikég g uVIGTMOOES.
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Ta tekevtaio £In kot pe yvopova v Pertimon g Odwng Acedieiac, n Evporaikn 'Evoon éxet
Oeomicel a&lompdoekta PETpa, xapn ota omoia, ektdTor 6Tt onueiwdnkov 50.000 Arydtepa
Bavatnedpa tpoyoio atvynuate. XapoKTnplotikd avaeepetal 0t 1 EAAGSa NTov 1 povadikn
EVPOTOIKT YOPO, HETOED TOV KPOTOV HEA®V, 1N omoia avianeEnAbe otov tebelévo otdY0 Yo
petoon 50% twv Bavammedpwv tpoyainv atvynudtov v dekoetion 2010-2020, pe cvvolikt|
ueimon mepinov 52%.

H xvpiotepn mpwtoPoviia mov €xel 1N Anebei eivar to «Opapa yio Mndevikég Andreiecy (Vision
Zero), cOpemva e To 0moio TibgTan 6TdY0G Vo TPOGEYYIGTOVV Ol Undevikoi Oavatol kot coPapoi
TpovpaTIcpol, péxpt to £10¢ otodyo 2050. Meconpdbeoun emdimén amotelel  peiwon kotd 50%
TOV coRopOV TEPIOTATIKOV £m¢ T0 £€t0og 2030, svppmva pe v Awoknpoén g BaAiéta kot to
kataototikd ‘EU Road Safety Policy Framework 2021-2030 — Next steps towards “Vision Zero”
(SWD (2019) 0283), to omoio Paciletor otV mpocéyyion «Aceaiovg Tvotnuatogy. Kopilog
a&ovag g npmtoPfoviiog Vision Zero givar 1 dnuovpyion vOg S10lGVVOESEUEVOD GUGTHILATOC
nponmtikng Odwkng Acpdhelag, e to gyyeipnua va Eekvd and v Zoundia 1o 1994 ko va
eykpivetar amod to Bvikd KowvoBovito to 1997, mpv vioBetn el €€ olokAnpov and v Evpomaikn
Emponr). Ta evpun dedopévo cLYKPOTOLV £val ONUOVTIKO TAEOVEKTNUO, OGOV apOopd Tnv
emitevén Tov otOY®V Tov Vision Zero kot ot TAnpoeopieg mov Pacilovtal o€ dd0UEVH amoTELOVY
onuaivov TAeovEKTA Yo KA oTpatnyKd oyEd10 001KNG acedielas. Ev télel, o katdAinAog
YEPIOUOG TOV EVPLVAOV KOl TOAVETIMES®V dESOUEVOV UTOPEL VO GUUPBAAAEL CNUAVTIKA GTO Vol
YIVOUV TO KPOTIKA 001KGL GUGTILOTO CPAAESTEPA Y10l TAEIOLOL.

*
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Cpdonpa 1.2:  Zyenuxéc uetafolés (%) ota Qavarnpdpa exvyipora anv Evponn (2011-2021)

nyn: ETSC PIN report, 2021, [Available: https://etsc.eu/projects/pin/ ]
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EU FATALITIES AND TARGETS 2001-2020
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Source — CARE (EU road acddents database)

I
®

pdonpa 1.3:  Bavatneopa arvynuora (2001-2016) kar otdyog yio to érog 2020 otnv Evpamn

Onyy: CARE (EU road accidents database), [Available: https://road-
safety.transport.ec.europa.eu/statistics-and-analysis/methodology-and-
research/care-database_en ]

[Tépav TV YEOUETPIKOV YOPOKTNPLOTIKOV TNG 0000 (Y¥Opalr), UNKOTOUY, OlaTour, 000GTPMLLA,
KATL.) Ko g kukhoeopiag (tayhtnteg, GOPTOl, CHUAVON, CNUATOOOTNON, KAT.), N avOpdmivn
CLUTEPLPOPE amoTeAel TNV KOPLOL otio TPOKANONG GOPapdV TPOYOimY TEPICTATIKOV. AVA T
POV, £xel TpaypatomomBel TANOMpa HEAETOV Yo Vo evTomioTel TOGO MOPA KAOe oToryEio TOv
001KOV O1KTOOL Kot TG avOpdTIvNg OJ1KNG SLUTEPLPOPAS GTOV aplBUd Ko TV cofapdtnTa TV
0dw®V atvymudtov. TTapdro mov o1 pekéteg Exovv deifel OTL VILAPYOVY GTATICTIKG CTLLOVTIKES
oyxéoelg Petaél Tov eEETOlOUEVOV TOPAYOVIMV, TO GUUTEPAGLOTO TIG TPOTYOVUEVES OEKOETIES,
yopoaktnpiloviov emo@aA], Kuplwg AOY® TG TOAVTAOKOTNTOG TNG OvAALoNG Oedouévev
(Bargman, 2015). Mg v dwpkn avamntoén tov teyvoroyudv, n Evponaiky Evoon Osomilet
JPKDG VEEG KavoTopieg kol ypnuatodotel £pguveg otov Topéa g Odkng Acpaielog Kot Tng
ENeEEPYNOIOG OTOUTIOTIKMOV OEOOUEVOV GLUVOPOV LE OVTYH, TPOKEWEVOL vo e€ayBovv ypnoiua
CUUTEPACLLATO, AVOPOPIKA [LE TNV EMKIVOVV 0O1KT) GUUTEPIPOPA, TOL £Vl 1) KOPLOL OLTioL Vil TV
TpoOKAno”n Tpoyaimv atvynuatov (Bienkowska, 2018). Kbpiog aEovag yio v Bedtimon g 001kng
acQdrelng, oamotedel M avaivon tng OJKNG ovumeplpopds pe TV AvATTLEN KOTOAANA®V
alyopiOumv pnyovikng paonong.

Inuetoveror Ot M VIEPPOAKN TAXOTNTA KOl Ol GYECELS EMTAYVVONG-EMPPAOVLVOTNG ATOTEALOVY
Baowod mapdyovta oto 30% TtV BavatneopoV atuyNUATOV, TPOGEYYISTIKA, pe TV Evpomaikm
Emtpomn va kalel ta kpdn HEAN Vo 0DGOLY TPOTEPOLATNTO GE EVOV KEVTPIKO dEova dlayeiptong
™G TOYVTNTOC, TPOKEUEVOL VO TPOAAUPAVOVTOL TEPIOTATIKG VIEPPOAMKAOV EMTAYVOVOEDV KOl
emPpadvvoewyv. H taydtnra €xel dueon emppor o1y ouYVOTNTA OTLYNUATOV Kol GTNV
coPapdmra avtov. Mio adénon g tdEems tov 1% oty péon taydTNTa 0dNYEl otV avénon
Katd 2% mepinov ™G GLYVOTNTOS ELPAVIOTIS NTLOV TPOVUATIGHOV amd 0dtKd atvynpota, katd 3%
™G oLYVOTNTOG EUPAVIONS GOPap®dV TPaVUATIGUOV Kot 4% TV Bovatneopmv TEPICTATIKMOV
(Nilsson, 1981 & 2004). Emopévac, yuo Adyovg mpdinyng kot ta&vopnone, n yopoyxpovikn

4
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OlIoTAOT E TNV OTOl0L TPUYUOTOTOOVVTOL Ol EMTOYVVOES Kal ol emiPpadvvoels, ypiletan
WUTEPMOS ONUOVTIKY Kot omodidetan a&io 6TV Katnyoplomoinon tovg o€ kKAdoelg «Emkivouveo»
Kol «Mn emkivouveoy.

1.2 X16y0c¢

H mapovca Amiopatiky Epyoacio arockonel otov gviomiopo, tasivounon kot Tpopfieym g
EMKIVOLVNG 0OKNG CLUTEPIPOPAS KOl TOV GORUPADV TEPIGTATIKOV LECH UAONONG 0VIGOPPOTOV
dedopévarv kot aryopifumv ta&vounong.

[T ovykekpéva, Eywve kabBopiopdg tov Pabpod emppong Twv aveEdpTntov HETAPANTOV OTIG
eCapnuéveg, OTMG aVTES elyav Tpokabopiotel, e tnv dradikacio tng Emioyng Xapoktnplotikmv
(Feature Selection) xor g onuavtikotntog (uetdbeong tov) yoapaktnplotikdv [Feature
(Permutation) Importance], pe v ovuPorn poviédwv IlaAwdpouncewv. Meténetrta,
avartoyOnkav povtéda Ta&vounong, Tpokelévon ot eaptnuéveg petafAntés va ta&vounfovv
oto kofoplopéva emimeda ac@aAeiog Kol vo KOTAoKELOOTEL éva LovTéLo TpoPreyng cofapav
TEPIGTATIKDV.

Ta ocvumepdopato mov Bo mpokdyovv amd v avdAvon ocvuPdriovv oty depedvion
EVOALOKTIKOV HOPOOV KOOOPIGHOL Kot TPOPAEYNC TOV EMKIVOLVOV O0IKOV TEPICTUTIKMV,
GLYKPLTIKA e TIG vITdpyovsec. Ev katakAeidt, n exkndvnon g napovoog Aumhopatikng Epyaciog
TPOGPAETEL 6TV CLUPOAT GE TPEXOVOESG Kol LEALOVTIKEG £pEuVeC Kol otnV e£EMEN TOV TopéN TNG
Odwnc Acpalretog.

1.3 MebBoooroyia

2V GUYKEKPWEVY]  €VOTNTO, TEPLYPAPETAL GLUVONTIKA TO pebBodoroykd mAiG0 7oV
akolovOnOnke, yia v exkmovnon g mopovcsoc Aimiopatikig Epyaciog.

Apyikd, oprotikomomnke to Bépa g epyaciog ko Kabopiotnke 0 GTOYOG TOL SLVNTIKA
TPOKEITUL VAL EKTANPAOCEL, LEGH KABOPIGHOD TV KOHPLOV aEOVOV KOl EPEVVITIKOV EPOTULATOV.
AxolovOnoe mn  dwowkacio G  PPAMOYPAPIKIG  avOCKOTNONG  GLVOQAOV EPELVOV KOl
EMGTNUOVIKOV EPYOUCIDV, Y10 TNV AVIANCT TANPOPOPLOV GYETIKEG e TO BEUa TS AUTTA®UATIKNG
Epyaociag, 6mwg pébodot xepiopod tov dedopévav mov yxpnoiporomonKay, KatdAANAo LovTELL
vy v enegepyacio Kot avaAvon TV OG0 LEVOV Kot TUYOV EAAEIWELS KO LELOVEKTLLOLTOL TTOL OV TEG
o1 epyaocies/ dwtpéc mapovctdlovy, £T61 MOTE Vo, AmoPevyHovv.

21 ocvvéyela, Tpaypatomotdnke 1 cvAloyn kot enesepyacio Tov ototyeiwv. [lapovsialovtal o
my£EC kot ot pEBodOL GLALOYNG TOLG KOl TPOLYLOTOTOLEITOL 0L TPOKOTAPKTIKY TEPTYPOPIKT KO
OTOTIOTIKT] OVAALON TV OEOOUEVMV, YO, TNV KATAAANAN TPOoePYasio. TOVG, TPOKEWEVOL Vol
vroPAnBovv peténetta mpog eneepyacio. Metd TV GUAAOYN KOl TPOKATAPKTIKY] ENEEEPYOTIN TOV
otoyeimv, akoAovOnoe N avdntuén twv poviéAwv Mnyovikng Mabnong yia IlaAwvopounon kot
Ta&voUNoT TOVG, KOOMG Kol 1) GLUVOTTIKN Tapovsiaon Tov amotelecudtov. H avamtuén tov
LOVTEA®V TTPOyHOTOTOONKE pe TNV YA®ooa mpoypoupaticpod Python oe mpoypoppotioticd
nepiPairiov Jupyter Notebook kor Google Colab, pe v apoyq katddiniov Piprodnkodv
avéAvong oedopuévev ko Mnyovikng Mabnong.

Téhog, €yve avolvTiky] mapovoiaorn, ocOykplon kot aloAdynon TOV OTOTEAECUATOV Kol
e&NyOnoav opiopéva ¥PHGILL EPELVNTIKA CLUTEPACUATO OO TIC OVOAVCELS. L€ AVTO TO GTAS10, O
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oLYYPOPENS VTTOPBAALEL GUYKEKPIUEVEG TTPOTAGELS, TOL O UTOPOVCOV VO AEITOVPYNGOLV MG
EPOATIPLO Y10 TEPOUTEP® EPELVNTIKO EPYO KoL TNV €V YEVEL EEEMEN TOV YVMOOTIKOV OVTIKELLEVOU.

Y10 mapaxdrto I'papnua (Cpdonua 1.4), tapovoidletar to pebodoroyikd TAaiclo, UE To ETUEPOVS
dtadoykd oTAdLd Tov, TOL aKoAoLVONONKE Yia TNV ekdvnon TG Authopatikng Epyacioc.

0 ] « KaBopLopog EpEUVITLKWY EpWTnUATWY

BLRALOypapLKS

AvookdTinarn cuvagp!

03

MNny£g kat peBodol curhoyrg Tw
MPOKATAPKTLKI] OTATLOTLKN KL TIEPLYPApLKD)

06

Cpdonpoa 1.4:  Awaypouua pong — Xovown uedodoloyikod wioioiov tne Aimdwuotixis Epyaciog

1.4 Aoun mg Authopatikng Epyaciog

Ymv mapovoa evotnta, mapovcstaletal 1 doun ¢ Amiwopotikng Epyaciog kot 1 adpopepng
TEPLYPAPT TOV SLOKPLTMV TNG EVOTHTMV.

210 Tpd 10 Ke@dAo1o, EMOIOKETL L0 TPMTN ETAPT TOV OVOYVAGCTY| UE TO YVOOTIKO OVTIKEIILEVO
mov mpoypatedetar 1 Amiopotikny Epyacio, Swapécmg tov vmokepoAaiov g [evikng
AVOooKOTNONG Kol TEKUOIPETOL 1) GUVEIGQOPA TNG TOPOVCAG EPELVNTIKNG amooTOANS. [TapatiBevron
OLYKEVTIPOTIKG OTATIOTIKA oTolyeia yioo TV Odik1] Ac@Aielo Kot TV ETPPON TOV OTOTOU®Y
TEPLOTATIKMOV GE OLTI, KOOMS Kol TPAKTIKEG TOV £YovV vIoBeTNOel TV TEAELTATN dEKOETION OTNV
Evponn, pog v PeAtion Tov VPIGTOUEVOV GUVINK®OV. ZVYKEVTIPOTIKA, TEKpaipeTol n agio g
TPOANYNG KoL TNG TPOPAEYTG TOV EMKIVOLV®V TEPLOTATIKMV, GLVOUPTNGEL TOV OEO0UEVOV PUCTKNG
001 yNong Kat tov avlpmrivov Tapdyovra.

Y10 devtepo Kepdhow, cuvvtdooetar M PPAOypa@iky ovOoKOTNGN TOL AEITOVPYNOE ©C
TpOdpoog yia TNV ekmoévnon g Epyaciag. [Tapovsialovior cuvaeeic épguves Kot amoteAéopata,
KaBMG KOl GUUTEPAGLOLTAL, TO OTTO10L SLUPEPOLY LETOAED TOVG G TPOGS TOL TOGOTIK( KO TTOLOTIKE TOVG
YOPOKTNPOTIKE , pe TG avrtiotolyeg pebBodoroyieg mov axorovOnbnkav. A&iomoteitor T0
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EPELVNTIKO £PYO amO Vol ONULAVTIKO VTOGVVOAO NG AteBvoig kot g EAAnvikng Emotnpovikng
Kowdtmroag, pe T1g empépous mapabEcelg TV EPELVIITMVY KOl TOV SIOUKEKPIULEVOL £PYOV TOVG.

Y10 tpito Kepdiaio, mapovcidletal To Oempntikd vwofabpo, mTov a&lomombnke yio To pELVNTIKO
avTikeipevo g mapovoag Amiopatikng Epyacioc. Ilpaypatoroleiton avalvTikn Teptypoer| g
dwdikaciog mTov akolovdnOnke, pe to empuépoug BewpnTikd oTolXElol TOL TNV GLVOJEHOLV, Ol
puébodol avaivong kot emeCepyaciog TV OEOOUEVOV  HE  TOVTOYPOVN EMICHUOVOY 1TNG
ONUOVTIKOTNTAG KAOE S10KPITHG TEXVIKNG. AVOADOVTOL Ol OB UOTIKES KOl GTATIOTIKES Bewpleg kot
ot Bewpieg avamtuéng aiyopibuwv Mnyavikng MdaOnong (Machine Learning), Teyvntov
Nevpovikov Awktdov (Artificial Neural Networks) kot Babudc Mabnong (Deep Learning), otic
omoieg Pacilovtar ot uéBodotl mov e€eTdoaTNKOY Kot YiveTan avapopd, €V CLVTOUIN, GE EVOAAIKTIKES
nebddovg mov Ba pmopovoav vo extedectoldv. Ev télel, €16ayovTol ol €VVOlEg TOV UETPIKMV
a&loroynoemv (Metrics) kot Twv Kprmpiov anodoyng TV HOVIEA®Y, TPOKEWEVOD VO, ETAEYEL 1)
KATAAANAN HéEB0d0G avaAvong.

210 1€10pT0 KE@EAO0, TPOYHOTOTOLEITOL 1] TEPLYPOAPT| T®V OESOUEVOV TTPOC emelepyacia, KaODS
Kot 1 Odwkooios GLALOYNG KOl EMAOYNG TOvG otV TeMKY Pdomn dedopévov g OSeven
Telematics®. Tt cvvéyeia, to dedopévo vITOPAALOVTAL TPOG HIOC TPMTNG TAEEMC TPOKATUPKTIKY
emeepyaciao, €161 OOTE va Yivel 1 KATAAANAN TPoEPYAGia, TP TO GTASO TNG TEMKNG TOVG
avéAvong.

Y10 méunto KepdAaio, mpaypatoroleiton n Koplo eneEepyacio Kol avaAluon TV 0E00UEVOV, KATA
To. emMPEPOVS povtéda mov aglomombnkav. To cvykekpluévo Kepdiolo dSapBpdvetar oe 600
Kuplmg TUNUATO, OVTO TNG ZMUOVTIKOTNTOS XOPOKTNPIOTIKOV UECGH TOL VTOAOYIGHOV TNG
emppong Tov eEapmmuévov petofAntov otig aveéaptnteg (Feature Importance) kot avtd g
dwadikaciog ta&vounong (Classification). Avaivovtar Aentopep®ds To PAUOTO Kot 1 €V YEVEL
dtdtkacio Tov aKoAOLONONKE Yyl TOV KATOPTICUO TOV HOVIEA®MV KOl TPOYLOTOTOLEITOL Lo
GUVOTTIKN TEPLYPOPIKN KOl GUYKPITIKT] AVIAVOT] TOV ATOTEAEGLATOV LLE KPITNPLO TIG LETPIKES TOVG
a&loloynoeig (metrics).

Y10 ékto Kepdhowo, yivetar AEMTOUEPNG TOPOVGIOCT, TV TEMKAOV OTOTEAEGUATOV, UECH
YOPUKTNPLOTIKOV TIVAK®OV Kol YPOPNUAT®V, TOL TPOEKLYAV Omd TNV avAALGT TOv Tponynonke
oto Keparaio 5. Emdibkeror n katd pépn KatdAAnAn cOvOeon TV amoTeELECUATOV, TPOKEUEVOD
va g€ayxBodv PO CUUTEPACLATO YO TO EPELVNTIKO £py0 Kot T 0€dopéva. XTO TEAOC,
napotifevial To copmEPAGUATO TOL avVEKLYAY Ond TO TAPOV EPELVNTIKO €pyo, KaOBDG Kot
OPIOUEVEC TPOTAGELS TTOL ¥PNLOLV TEPAUTEP® OLEPEVLVNONG KOTA TOV GLYYpapEd, PAcel TG
gumelpiog Tov AMOKOUCE OO TNV EKTOVNON NG Tapovcsas Amimpatikng Epyaciag.
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2.  Biroypagun Avackonnon

2.1 Ewayoynm

YKomdg avuTig TG evOTNTOG, €lval M ovooKOTNoN Kot 0EOAOYNON EPELVAV, TEXVIKOV Kol
pebodoroyidv cuvapdv pe To ovtikeipevo 1Tng mapovoog AwmAopatikng Epyacioc. [T
OCLYKEKPIUEVO, TpaypoTomomOnke olepedhivnon g Oebvodg ko eyydplag Pipioypaeiog ot
ONUOCIEVUEVES €PEVVEG, TOL TPAYHaTEVOVTOL TO avtikeipevo g O0KNg Ac@aielng, HECH
avdAvong g OSIKNG CLUTEPLPOPAS, EMEEEPYUTTNG OEGOUEVMOV PLGIKNG 00T YNONG KO IKOVOTNTOG
TPOPAEYNC GLUTEPIPOPES TV poVTEA®V Mryavikng Mabnong. To epeuvntikd €pyo mov TpdkelTon
VO TOPOVGLACTEL AEITOVPYNCE MG TPOTOUTOS Yo TNV EKTOVNON TNG TAPOVGOS ATA®UOTIKNAG
Epyaciog, apol copemva pe avtd kabopiotnke o 6tdy0g kot Kataptiotnke 1 pebodoroyia mmg. Ot
emeyBeioeg Epevveg e€etdlovv mpoPinuata tavounong g OSKNG CLUTEPLPOPAS E TEXVIKES
Mnyavikng Mdabnong kot pefddovg dayeiptong Kot ovaAvoNng [N 1IG0PPOTNUEVOV TOAVETITES®V
dedopEVAV. ZTO TEAOG, EMYELPEITOL ] GUYKPLON T®V EVOAAOKTIKOV LEBOSOAOYIDV KoL 1) KOTOYPOpT|
TUYOV EALEIYEMV 1] LELOVEKTNILATOV OV OVTEC TTOPOVSLALOVY, KAOME Kol GUVOTTIKES TPOTAGELS Y10,
TEPALTEP® E£pevVa G€ KAOE pia amd Tig akOAovOeg dNUOGIEVGELS.

2.2  Toa&wounon g OdKNG CLUTEPIPOPAC

Ymv mapovoa vroevotnta, eEeTaletol T0 epeLVNTIKO £pYyo o€ mpofAnuata Tasvounong Oong
ocouneppopds. H ta&ivopnon mmg Odikng cvumepipopds amotelel 1014lovca TpdKANoN Yo TV
BeAtimon ™ Odkng Acpdielog, KaBmG eMTPEMEL TNV AVATTLEN Kol TNV EEMEN TEXVOAOYIK®V
CLOTNUATOV AGPOAEINS, TOV £YOVV TPOPAETTIKO, O10PHMTIKO KOl ATOTPENTIKO YOPUKTNPO, OCOV
aopd TNV emBeTikn Kot v v yével Emkivovvn Odwkn cvumepipopd.

H duvntikn emkivduvotnta g 001KNG CLUTEPLPOPES EIvaL APPNKTO GLVOEOEUEVT] LLE TIG GLVIOELES
OV 00MYoL, KAt TNV OdpKeln Tov TaEWd tov. To mopamdved amodelkvieL 1 épevva TOV
Papadimitriou et al., 2019 1 onoio EMSUDKEL TNV TOGOTIKOTOINGT THG GLGYETIOGNG TNG XPNONG
KIVNTOU TNAEPOVOL KOTA TN SLAPKELD HOG OLOPOUNG KoL TNG EMKIVOLVNG 0OKNG CUUTEPLUPOPALS.
Ta dedopéva mov ypnotpomomnOnkayv tponAbav omd TPayUATIKO 0dKA TEPALOTA OEOOUEVMDV
(QLOIKNG 00N yNoNG Kot yo TV eneepyacia Tovg aglomomonkay teyvikés Mnyavikng Mdadnong kot
vreloNABav dedopéva OTmG M T vTNTO, N EMLTAYVVOT, Ol ATOTOUES EMPPUSVVOELS KAl 1| XPNOoN
Kiyntov TNAepmvov oty dwdpkeld ¢ Odpouns. Ta omoTeAESHOTO KOTASEIKVOOLV TNV
EMKIVOLVOTNTA LE TNV OTotal GYETICETOL 1 XPNOT) TOV KIVNITOV THAEPDVOL LE POVOLEVO VITEPPOCNC
TOV 0plov TOYVTNTOC KU OTOTOMO TEPIOTOTIKA, KLPIMG amoTopes otpoPéc. H mpoPiemtikn
KOVOTNTA TOV HOVTEAOL SVASIKNG AOYIOTIKNG TOALVOPOUNoNG ToL avortvyOnke, etdvel to 70%
Kot KpiveTot 1d1aiTepa tKOVOmoOmTiK.
H épevva tov K. Yang et al., 2021 otoyever oty ta&wvounon g OdkNG cuumeplpopds o€
kabopiopéva enimeda acpareiog Kot otnv aSloAdynon g o€ mpaypatikd xpovo. H mpotevopevn
pefodoA0Yio EMKEVTPOVETOL GTIV EVPECT TOV BEATIOTOV apBOV Kol TV BEATIGTOV OpimV TV
eMmESOV ao@aAeiag Yo TNV a&loAdynon g OdKNg GLUTEPLPOPAS KOl OTOGKOTEL otV €EEMEN
tov [poyopnuévov Zvomudtov Odikng Bonbewog yuo v e£0c@dMorn KaADTEPOL EMITEOV
Odwne Acedrelas. Epappootnrov tpelg texvikég opadomoinong tov dedouévov: K-péoov,
lEepopykn  opadomoinon kot petypo I'kaovowoveov  poviéhov  (GMM)  pe  adyopiBuo
9
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Meyotomoinong Ilpocdoxiog (EM algorithm). Ta anoteléopata katédei&ov O0tL 0 PBéEATIOTOG
apOpdc emmédmv acporeiog eivor 4: opain 001 ynomn, 0d1yNon YOUNANG EXKIVOLVOTNTOS, LEGOIOG
EMKIVOLVOTNTOG KOl VYNANG EMKIVOLVOTNTOG, LLE TO OTOTEAECHOTIKO LOVTELO VO TTOOEIKVOETAL
avtd Tov K-péoov. T v ta&vounon tov odik®mv ototyeiov a&lomombnke o alyopiBpog SVM
pali pe v ypnon tov I'kaovciavav HoviEAmy, pe Ty akpifeia Tov povtélov va etével to 97.9%.

Yty dnuoocigvon tovg, ot Zhang et al., 2016 erxyelpovv v avarvorn OSIKNG GLUTEPIPOPAS OO
O€0OUEVO. TTOL TPOEPYOVIOL HOVO omd oucOntipeg YounAold emumédov, OmM®G aVTOLS TOL
OVTOOLYVOGTIKOL GLGTHHATOG ToL oyfuatog (OBD) kot tov xkvntov tiepmvov. Ta dedopéva
OV OVOAVONKOV OTNV GLYKEKPIUEVT €pevva. TPONADOY amd eAeYYOUEVEG OOKIUEG OEdOUEVMV
QLOIKNG TPoéAevong Kot e€etdotnkay aveEdptnto Kot cuvovaoTikd Yo kdbe asOntipa. O
oLVOLAGUOG ACONTNPOV KIVIITOU TNAEPMOVOL KOl EVOOUATOUEVOV O1GONTNPOV TOL OYNUOTOC
AOOELYTNKE O MO AMOTELECUATIKOG, Pe TOG0oTO axpifetog tavounong €og kot 97.5% vyia ta
dedopéva evOg OYNLOTOG KO 1) TOEVOUNON LLE TPOGEYYIOT TPUYUATIKOV GLVONK®OV 001yNnong yo
Oho ta e€etalopeva oynpota éptace 10 86.67%, pe v Ponbeia Mnyavov Atavvopdtov
YnootpiEng.

H ta&wvounon Odikng ocvumepipopds oty épevva tov Ghandour et al., 2021 Paciletoanr otnv
avOIAVON EVOALOKTIKOV GUVOICONUATIKOV KOl YUYOAOYIKOV cuvOnk®v Tov 0dnyov. [TAnbopa
epeuvav €yel Nom ekmovnBel Pacel avtng g TaSvouNons, OU®G UE XOPOKTNPIOTIKY EAAEYN
akpifelog oe Eleyyo TPAyHOTIKOV 0dKOV cvvOnkedv. H pebodoroyia twv Ghandour et al.,
TEPIAAUPAVEL TNV OVATTUEN HOVIEA®V TOEWVOUNONG UNYOVIKNG Mabnong Omme ta&ivounon
Aoylotikng TTolvdpounong, Random Forests, Teyvntov Nevpovikov Awtoov ko Gradient
Boosting, pe tig empépovg kAdoelg tagvounong va xopilovtal o€ OLOAT] CUUTEPLPOPE, ETOETIKN
ko vootaypévn. H épeuva mpayuatomomOnke Eexwplotd yio V0 PAcELS dEGOUEVDV O1UPOPETIKTG
npoéievong. H pio Baon meprhapPaver dedopéva aviyvevong Ampidag pe to dedopéva g va
ePLEYOLV otolyela BEong Kol Katevhuvong Tov OYNUATOC, EVM 1) OEVLTEPT TEPIAAUPAVEL dEdOUEVA
ocuvinkov EopToL, HE otoyeio oyeTikd e to mEPPEALov Tov oynuatos. H Pdaon dedopévov
oLVONKOV EOPTOL AMOOEIKVOETOL KATAAVTIKOTEPT Ko axpiféctepn otnv taSivounon ot 3
Yuyoloyikég Khaoels, pe v ta&vounon Gradient Boosting va divetl ypnoipo GuUmepaoLoTo Yo,
TOV TPOGOIOPIoUO TNG EMKIVOVVOTNTOC.

To gpgvvntikod épyo twv Mumcuoglu et al., 2019 aoyolieiton pe v ovayvopion potipov Odkng
CLUTEPLPOPAS, e YVOdpova TV eEEMEN TV Zvotnudtov Odikng Acealeiag. H katackeun tov
HOVTELOL TOEWVOUNONG CUUTEPIPOPAS TpaypaTomomoOnKe e dedouéva mov GLAAEYONKaY omd
TPOGOUOIWTES 0dNyNoNg eoptnyod oynuatoc. Ot Mumcuoglu et al., avértvéav éva povtého
paxpoypoviag Bpoyvrpdeoung pvnung (LSTM) Nevpovikov Awtdov, mtov aglonotel o 001Kd
ofuoto Tov mopEyoviar amd cvothuota Adpovelakng Movadog oynuatog (IMU), GPS kot
Radar/LiDAR kot amootéAlel o Tpocopotmths. Ta extpuépovg ototyeio mov alomomdnkay eivat
oTolEl, OTMOG M SUNKNG KO TAELPIKY| EMTAYLVOT|, 1| TOYVTNTA, 1] KOTOVOAMON KOLGIHOV, O
aoOntpog mevTdA emtdyyvvong Kot g mieong mevidA empPpdovvong. H épevva emkevipmOnke
oTNV QUEST] avdALoN Kol TAEWVOUNGN TG CLUTEPIPOPAS, LE TO OMOTEAEGUOTO VO KOTAOEIKVOOLV
0Tl T0 YpovIKO TapdBvpo avAALONG TV OEOOUEVOV EMNPEALEL CNUAVTIKO TO OTOTEAEGLLOTO
ta&vounong, e to BEATIoTO Tapdbupo va vodoyionke ota 15 devtepdrenta. Xe dgvTEPO YPOHVO,
0 1010¢ alyop1Bpoc LSTM mov kataokevdotnke omd 0£00UEVO TPOGOUOIMTY), EAEYYONKE [LE 00IKE
OedoUéva, 6€ PEOAIGTIKG LOVTEAOTOMUEVO OPOUO. XVUTEPOACUOTIKA, 1) GUYKEKPIUEVT] EpELVA
Katédelle OtL o mpotewopevog adyoplBpog LSTM  amedelyBn 1dwaitepa amodotikdg otnv
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TaS VoMo KOl OvVOoyvOplon OYECE®MV OLVOMIKNG omd O0dlKG ONUaTO Kol TPOKELTOL Vol
xpNooron0el evpéwe e LEALOVTIKEG OVOADGELS.

Ytov [livoka 2.1 mapovsialovror adpopep®s ot EAAeIYELS TOL TapatpRONKaY 6TV avacKoTnon
tov gpguvav Tagwounong mmg OdKNG cuumeplpopds, kabmG Kol TPOTAGELS Yo TEPOLTEP®
dlepedvnon, Kot ToV EPELVNTY.

11
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Hivoxag 2.1: EXMetyers kou Ipotaoeis ard v avaokonnon epeoverv Taltvounons OSikng ooumepipopas
, . . Ipotaocerg yra peirovriki
Epsgvva E)lheiyerg épeovag P srin e

épevva,

Papadimitriou et al., 2021

[Tepropiopévn avdivon oe
OYKO HETAPANTOV Kot
TEYVIKOV TOEWVOUNGNC.

Atepedvnon pe dedopéva
TPOEAEVOTG OO LLEYOADTEPN
TOWKIAle aucOnTp®V.

K. Yangetal., 2021

Ta dedopéva dev
coumeptérafoy HETAPANTES
ONUOYPAPIKAOV KO
YUYOAOYIKAOV GTOLYXEI®V Kot
OVTIANTITIKTG 1KAVOTNTOG
TOV 00Ny DOV.

[Tepartépm diepedvnon otov
EVIOTIGUO TOV GNUOVTIKOV
petafintaov yo ke eninedo
QCQOAELOG KO TV OYECT
UETOED TOLG.

[Tepropropdg mAnpogopiog
Ao TOVG OCONTPESG
oYNUaTog omd TO
npwtdéxorro OBD-II. To

"EAeyyog pe mpocéyyion

OKTO®V Mredllovnig
BeAtioTomoinong, yio v
BeAtimon ¢ akpifetog
tavopnong. Iepartépom

delypa 0dNydv Kot avdAivon pe dedopéva and
oYNUATOV fTav wiaitepa TEPLGGOTEPOLG 001 YOVS KOl
Zhang et al., 2016 TEPLOPIOUEVO. oyNuoTaL.
Avdlvon e vBpLowo
cLOTNUO TAEVOUNONG e
ouvovaoud teyvikav. H
To dedopéva mponAbav avdAivon €ywve pe toyoio
povo amd odnynomn oe delypata and 10 GHVOLO TV
QVTOKIVITOOPOLLO. OEQOUEVMV, GUVETADG
[Tepropropévog apBpog amoteiTon OAOKANPOUEV

Ghandour et al., 2021

KAAGE®V TOEIVOUNONG Yo
TNV YUYOAOYIKY] KATAGTOON
TOV 00MY0V. Mn
coumepiinym petafAntov
OTMOC 0 TVELUATIKOG POPTOG
Kot to. OploL ToYOTNTOC.

avéAlvon pe 6Ao 1o TAn00g
T0vG. Beltimon tov cuvorov
g Pdiong dedopévav, pe
oLvoLOoUO TOV SVO TOL
eEetdoTnKOV Kot
emmpocheTmV.

Mumcuoglu et al., 2019

[Tepropiopévn avaivon og
KAAGELS TOEIVOUNOTC.
Yynin mbavotnta
[Tapatnpnon yo Kown
GUUTEPLPOPE TV
SLPOPETIKOV KAAGEDV GTNV
TAELOVOTNTA TOV AGOOC
TaEIVOUNUEVOL OETYLOTOG.

E@appoyn tov mpotetvopevoo
alyopiBuov LSTM o
oYNUOTO LLE ooONTPES
VYNNG evocOnciog.
E@appoyn tov poviéhov ce
TPOLYLLOTIKES 00IKEC GUVOTKEC.
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2.3  Mn Isoppornuévn Madnon oty ta&vounon mg Odwkng
GUUTEPLPOPALS

Ady® ™G un 1ooppomnuéEVNG @HONG TV dedOUEVOV TOL TASIVOUOUV Kol TpoPAEmovy TV
EMKIVOLVN] 001K CULUTEPIPOPA, 1 HEWOVOTIKN TAEN, TOL aPOpPd T Oetypoto VYNANG
emkvouvoTnTaG, cuvNlmg dev emeEepyaleTon Kot 0gv avaAveTal pe PEATIOTO TPOTO, OO TOLG
ouvnbeig adyopibpovg tavounong. Xe avtnyv v evotnrta eEeTdlovTot S10POPETIKEG TPOCEYYIGELS
otV uetayeipion ™G UEWOVOTIKNAG TAENG ME TAPOLGINOT) EVOALUKTIKOV TE(VIKOV KOl
puefodoAoYIdV, Omd TAPATANGLO EPELYNTIKO EPYO0 TaEVOUNONG OOIKNG CLUTEPLPOPAG.

H avayvopion kot n tpofreyn tov emkivouvov TEPIGTATIKOV NTOV 0 KLPIopyog oTOY0G NG
uedétng Wang et al., 2021. To onpavtikétepo TpOPANUO TOL AVTIHLETOMILEL 1) EMICTNUOVIKY|
KOWOTNTO OG TPOG TV TAEWVOUNGT] TOV SLVNTIKA EMKIVOLVOV 03IKADOV QALVOUEVOV Elval 1) EAAEWYT
KOTAAANAOD YEPIGHOD TV SEG0UEVOV TOV OVIIKOVY GTNV UEIOVOTIKN TAEN, AOY® TNG TOGOTIKNG
OVIGOPPOTHOG OTIC OLLPOPETIKEG TAEEIG OV Tapdyovv To. 00KA dedopéva. I[Ipoxepévou va
OVTILETOTIOTEL TO TOPOTAVEO QAIVOUEVO, Ol EPELVNTEC TPOTEIVOLV £vOl KOLWVOTOUO TAOIGLO
OLTOUOTOTOMNUEVNG  PEATIOTOTOINGNG TOV  VAEPTOPAUETPOV  TOV  VREIGEPYOVTOL  GTOVG
aAyopiBuovg pnyavikng pdnomg, mov ev TéAEL EMOLOKOLV TNV OVAYVOPIOT TNG EMKIVOLVNG
oonynong. Ta dedopéva mov ypnoomomdnkay yoo TV TOPAYOYN TOV OVTOUATOTOUUEVOL
HOVTEAOL GUAAEYOMKAY omd TPOYUATIKE OEOOUEVO TPOYLIG OLTOKIVOUUEVOV KOlL GE 0OVTO
VIEIGNAOAY 01 SLOKEKPILEVOL GUVTEAEOTEC LETACYNUATIGHOD Fourier Tawv Staunk®v Kot TAEVPIKOV
TOYVTNTOV KOL TG ATOGTOCNG OVO SAS0YIKMY 0TOKIVOOUEVOV. O1 VITEPTAPAUETPOL ELEYYOVTOL
and aAyopiBuovg Mmebllovic Peltiotonoinong, evd m Ymepderypatoinyio (oversampling)
yewpiomre pe v Teyvikn ZovOetikng Melovotiknig Yrepderypatoinyiog Paciopévn ce SVM
(Supported Vector Machine based Synthetic Minority Oversampling Technique — SVMSMOTE).
E&etdotnrav 5 teyvikég Y moodetypatoinyiog kot S texvikés Y mepoely LaTtoAnyiag, pe v Kahbtepn
uébodo derypotoinyiog vo amodeikvoetar 1 SVMSMOTE, pe otabuopévn dactavpovpevn
evtporio (weighted cross-entropy) wg cuvapTnon anmAELOC.

H épevva tov L.Yang et al., 2017 otoyedel oty ta&vounon mg OSIKNG GOUTEPLPOPAS HUECHD
OLOYETIONG NG M Oedopéva miektpoeykeparoypapnuatog (EEG) tov odnyov. Iopepeepeic
épevveg elyov Mon exkmovnOei (Zeng et al., 2018; Atilla et al., 2021), dpwg n cvykekpuévn
ypnowonoinoce  peBddovg  pabnong o  emmédwv  pe MV GLUPOAN,  dedopUEVEDV
NAEKTPOEYKEPAAOYPAPNLATOC. XTO TPAOTO eMimedo, 11 Odkn cvumeprpopd tavoundnke Pacet
GOACTATOV 0OIKMV YOPAKTNPLOTIK®OV aélomoidvtag opadonoinon K-péomv (K-means) ko
aVOSPOUIKO amOKAEIGUO yapakTnplotikdv pe Supported Vector Machines (SVM). 1o devtepo
eninedo tavounong pe Mnyovikn Mdabnon, ta omotedéopota ¢ TavOUNong Tov TPAOTOV
emmédov  epapudotkay oe  tawvountny K-nearest Neighbors (KNN), ypnowonoidvrog
TapAAANA L Tayd petacynuationd Fourier kou aveEdptnm avilvon otoyeiov. H cvlioyn tov
JEQOUEVOV TTPOYHOTOTTOMONKE omd TElpa [LE TPOGOUOIMT 00N YNONG, EVAD 1 UELOVOTIKY TAEN
véotn Pektiotomoinon pe v TEYVIKN Ymepoetypatoinyiog Ilpocapuooctikny ZvvOetikn
(ADASYN). Ta oamotehéopato NG £psvuvoc Kotédel&ov epeavn ocvoyétion petaéd Tov
SPOPETIKOV HOTIPOV 0£d0UEVOV NAEKTPOEYKEPAAOYPAPTLATOG TOV 00100 KAl TNG 001KNG TOL
CLUTEPLPOPAS, GE TOGOGTO TOV £QTOCE Kol TO 83.5%.

H dwyeipion g avicopponiog dedopévov oty tostvounon Odwng cvumepipopds omoterel
onuovTikn TpdxkAnon oy tavounon, pe v épgvva tov Zhu et al., 2022 vo emdideton og avtn.
O1 ep1ocOTEPES EPEVVEG YPNOLUOTOLOVV TEYVIKEG Mnyavikng MdaOnong kot 6TatioTiKn) ovdAvon
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TPOKEUEVOD VO ATTOKATAGTHGOVY TO GUYKEKPLUEVO TPOPANUQ, v avTiBEoel pe TV Epguva tov Zhu
et al., 2022, n onoio emyelpel pa EVOALOKTIKY TPOGEYYIOT SLOYEIPIONG TNG AVIGOPPOTING. XTHV
CLYKEKPLUEVT Epevval, TpoTeiveTal 1) TaSIVOUN G TNG mkivovvng OJIKNG CLUTEPIPOPAS, LECH U
LOOPPOTNUEVOV BELYUATOV ¥POVOGEP®Y. Apyikd, epapudotnke 1 teyvikn MeanShift (Schnell,
1964; Fukunaga, Hostetler, 1975), évac un mopopetpikdg odyopidpog mov a&lomotei To HEYIoTO TG
OLVAPTNONG TLKVOTNTOG TV 0ed0opEVDYV, cuvdvalouevn pe avtopato gvpog Covng (bandwidth)
Yl TV GLAAOYY| SELYUATOV KoL TV adENCT) TOL HEYEDBOLG TOVG e TEKUNPLO TNV OUOLOTNTA TOVG.
Ye 0evTepN Qdom, xpnoomoOnke HOVIELO TOMIKNG JipeEcNS YL TNV TPOGOUOIMGN TOV
eETePKoD TEPPAALOVTOC TOV OYNUOTOG Kol £YIVE EENY®YT| YOPOAKTNPICTIKMVY Y10l TIG OLOPOPETIKES
LETOPOTIKEG KOTAGTAGELS TOV OYALATOC, GVpEmva pe To povtého Markov (MFE). Ta mapamdve
dedopéva, emeepydotnKoy e cLVOLAGUO TPLOV ZVVEMKTIK®V Nevpovikdv Atktowv (CNN), pe
TOL TEPOUOTIKG ATOTEAEGLOTO VO ETPEPALDOVOVY TNV 0TOS0GT TOV YPOVOCELPOV Y10l TV TOPAYWOYN
dedouéEvmV, 6 TPOPANUATA LN IGoppOTNUEVNG LEONn oM.

H npoPreyn odikdv atvynpdtov puropei vo mpoypatoromdel dtav to dedopéva cuykpivovtol e
Katootdoelg opaAng Odkng ocvumeprpopdc. Opme, otic meplocdtepes Epevveg oev e€etdletal M
SUVOUIKT KOTACTOOT TOV OTUYNUATOV, 0VTE OEIOAOYEITOL 1 VIGOPPOTLO TWV OOIKMV dEGOUEVMV
og Kabe TaEn, KA1l TOL PTopEl Vo 0dNYNoEL 6 EGPAAIEVES TPOPAEYELS g TTpaypatikd ypovo. H
épevva tov Katrakazas et al., 2017 enttoyydvet va AVGEL Ta TPoPANUATE AVIGOPPOTHLAG SESOUEVOV,
PN CULOTOIDVTOG GLVOLAGTIKH OEIOUEVA YPOVOCELPAG AVETEEEPYOUGTNG TOYVTNTOS KOt TEYVIKEG MM
Iooppomnpuévng Mabnong. H ta&ivounon g Od1kng cupmeptpopds mposkuye amd TV cOYKPLoN
TOV OTOTEAECUATOV OVAAVONG TNG TPOTOTLANG YPOVOCEIPES, HE TNV OVAALGT OEOOUEVMV
YPOVOGEIPAG, OTNV omoia epappootnkay texvikés Ymoderypatoinyiog (Undersampling) won
Ynepderypatoinyiog (Oversampling). Ta amotehéopoto TG €PELVOC KOTOJEIKVOOLV OTL GE
npoPAnuata TaSvopnong ota omoio ot EMUEPOVS KAAGELS Ogv €lval 0KOA SLOKPLTEG, M TTLO
a&lOmoTN TEYVIKN €ivol 0 cLVOVAGHOS TV alyopibumy Yrepderypatolnyiag Repeated Edited
Nearest Neighbors (RENN) kou Synthetic Minority Oversampling Technique (SMOTE), 1 omoiec
EMTLYYAVOVV KOAN SldKplon TV TaEEmV Kot BEATidvouy ta anoteAéopata taSvounons. Aeod
epappootel 1 dadikocio YrepderypatoAnyiog SMOTE, o adyopiBuog ENN, og pia emavainmtikn
dwdwcaoio (Repeated), kabapilel ta dedopéva, apapmdvtag kdbe ototyeio, Tov omoiov ot 3
KOVTIVOTEPOL TOV Yeitoveg £xovv AavBaouéva taSivoundel. H cvuykekpiévn pébodog doyeipiong
™G aVIGOPPOTIOG OESOUEVAOV OmodekvOeTOL WiTEPO XPNOIUN OE PACELS OESOUEVMV UE CYETIKDG
ppn| ovoloyia otoyeiowv oy BeTikn Taén g TaSvounons, OnAadT 6€ oTavio YEYyovoTa, Y. G
TACELG GLYKPOLONG OYNUATOV.

Ytov Ilivaxa 2.2 mov axolovbel, mapovcsialovior toxdv ehdelyelg mov evromicTnKov GTNV

avaoKOTmNon TV gpevvedv Yy Mn Iocoppommuévn MdOnon oty ta&vopnon tng OJdkng
CLUTEPLPOPAS, KAODG KO TPOTACELS Y10 TEPALTEP® OLEPEVVIOT), KATA TOV EPELVITN.

14



Kootémoviog Avidvng | Avéiven Mnyavikng MdaOnong avicdppon@v Sedopévav TNAELOTIKNAG Yo TNV TPOPAEYN TG CUUTEPLPOPAG TOV 051 YOV

[Mivokag 2.2: Elletyers kou Ilpotdoeig amd v avookornon epeovav Mn iwooppornuévng Mabnong otnv
oévounon OOIKNG GOUTEPIPOPLS
, , . IIpotacelg yio pelhovTiky
Epegvva Ellelyerg Epevvag P STl 1
épeuva
Epappoyn og alyopibuovg pe
oTOYElD OO TPOLYLOTIKES
OLVONKEG KO TEPALTEPM
avaAVoT TOVG, Yo TV
[Tepropropévog aptdpog eCakpifpwon g a&omotiog Tov

Wang et al., 2021

UOVTEL®V TaEWVOUNGNC.

OLTOULOTOTTOINUEVOL LOVTEAOV.

L.Yang et al., 2017

H axpipela tov povtédov
tavounong elvat
nepropiopévn. E&etdotnkay
OEdOUEVH OYETIKA LOVO UE TNV
SLOdOYIKOTNTA TV OYNUATOV,
Y OPIG AAAEG TOPAUETPOVE
001KOV GLVONKWV.

E&étaom tov adyopiOumv pe
Baon dedopévmv TapapETpwV
amo aAloyn Awpioag 1 Kot
GTPEPOVCAOV KIVIGEMV.
Epoappoyn og mpaypatikd odikd
TEPALLOTA, Yo TNV eEAAEYN
pepoinyiag g
QVTIANTTIKOTNTOG TMV 00N YDV.

Zhu et al., 2022

Ol TapQUETPOL LE TOVG OTTO10VG
TPOYLOTOTOONKE 1) TOTIKY
owaipeon (RD) ko 1o povtéro
petdPfoaong Markov (MFE) dev
NTAV ATOCOPNVIGUEVOL.

Avdivon pe mepiocdtepa
TPOYLLOTIKG OE00UEVL Y10
cuvinkeg 0dfynong xauning
EMKIVOLVOTNTOG.

Katrakazas et al., 2017

Eappoyn nepropiopévov
LoVTEA®V Ta&vOUN oG,

Avdivon pe dedopéva Tov
SLALAEYOMKOY OTTO TTPOY LOTIKEG
0dwég ocuvOnkes. Epappoyn
TeYVIKOV Mrebliavav Aictdov
kot Bafidg Mabnong yuo v
AVTILETOTION ToL BopvPov TV
YPOVOGEPOV HUKPADV YPOVIKOV
nepLodmv. [epartépm avaivon
LE LOVTEAD LLOPPNG OEVIPOL
amoeacng, Kabhg to Tuyaia
Adon rav moAd amodoTIKd.
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2.4  X0voym avacKOTNoNg

H ovykekpyévn Aummiopatiky Epyocia a&lomotel moapeppepeig texvikég kot pebodoroyieg, mov
avapéptnkav oto mapov Kepdrowo wor egetdler minbopo poviéAov tagvounong, v tov
evtomio o tov BEATIGTOL ahyopiBuov. O KaBopiopdc Tov 6TdYoV TG £PYACiag TPOEKLYE amd TNV
dwpkn  avdykn avaivoenv toastvounong Odkng ocvumepipopds, Kabmg dlaigvkaivovion
TPOPANUOTA AVTILETOMTIONG, HETOYEIPIONG dedopEVOV Kat a&loAdynong TG TaSvOuUnong, Yo 0G0
10 duvatdv mAnpéotepn Kol akpiPEcTtepn cvvelspopd oty Pertioon kot e€EMEN g OdKNg
Acopdrernc. Ta koprotepa {ntmuoto Kot eAAelyelg mov cuvavindnkoav xotd tn Odpkeln g
Bihoypagikng Avackonnong oxetiCoviat pe v oo TV dedopévev Tov a&lorotnonkay, agpon
OTNV TAELOVOTNTA TOLG EMPOKELTO YL TELPALOTO 0ONYNONG Kot O)L PUOIKE oTotyEln, KOOMDS Kot Le
v EMAEWYT €QaPUOYNG TOKIAA®WV povtédmv tastvounong. Emmiéov, ol mepiocdtepec Epevveg
TPOGAVOATOAIGTN KOV GTOV EVTOMIGUO Kot TAEIVOUNGT| G TEPIGGOTEPO A0 VO EMITES AGPALELNS.

H nopovca Amhopotikn Epyacio emikevipodvetotl oty avaivon TAn0mpos ded0UEVOV PLGIKNG
001 YNONG Le TOAAOVS JEIKTEG 0OIKNG CLUTEPIPOPAS Kot POPTOL KVKAOPOPING, EVM Ol OVOAVGELG
tavounong ovo emmédmv acpareiog Bo TpaypatomronBodv pe peydAn ToiAa, TPOKEUEVOL VO
TPoKVYEL pio evoederypévn néBodog avdivong g OSKNG CLUTEPIPOPAG.
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3.  BOeopntkd YnoPadpo

3.1 Ewoayoym

210 TOpOV KEPAAOLO TEPTYPAPETOL OVOAVTIKA TO BempnTikd mAaiclo mov a&lomoidnke yu va
ekmovnOel 10 cuykekplpévo gpeuvntikd £pyo. H ocuykekpipévn evotnra amodidel to podnuotikd
KOl GTOTIOTIKO TAIGIO TOVL EPOPUOCGTNKE Yol TNV OVOAVLOT) TOV SEGOUEVOV KOl TV SOKPLTOV
TEYVIKOV TG Mnyavikng Mdabnong mov avoartiydnkayv, Kabmg kot ta Kprtiplo amrodoyns LoviELov,
Baoel twv petpik®dv toug aSloAoyncewyv. ‘Htot, n mapovoa SIMAOUOTIKY epyacia dtapBpdvetal o
3 koplo eMPEPOVG GTASIN. ZE TPMTO GTAOIO TEPLYPAPETOL TO VILOPaBpo yio TV dradikacio TG
emoyng yopoktnplotikov “Feature Selection” (Liu et al., 2011), ue v copPoin poviérmv
[MoAwdpopnone. Metémetta, avolvetal 1 ddKacio TG Tpo-eneEepyaciog TV ded0UEVOV, TOV
TPOEKLYOV OO TNV  CNUAVIIKOTNTO YOPOKTNPIOTIKOV KOl Ol OPOPETIKEG TEXVIKEG TOV
epappootnkay. AxoAovbel 1M mopaywyn TV amotelecudtov pe v Pondewa poviéAwv
Ta&VOUNOoNG KO TO KPLTNPLOL 0T0d0YNG TOV LOVTEA®MY TTOL EAEYYOMKAV.

3.2  Emioyn XopaKtnpiotikov

H dwadikacio g Emioyng Xapaxktnpiotikav Baciletor oty 10€a TG EMAOYNG TOV KATOAANA®V
eCapmuéveov HeTafANTAV, TOL E£YOLV TNV CNUAVTIKOTEPN EMPPOYT] TNV TUEWVOUNCT TV
arotedeopdtov. Ilpoxkertar yuo dwdkoacio PeAtiotomoinong g oOwdikaciog tagvounong,
TPOKEWEVOL VO PNV TTapatnpniodV QaivOUEVO, EKTPOTTNG TOV TEMK®MOV OTOTEAECUATOV AOY®
nepiooelog OyKov petafAnTdv €66dov. Eivar o dadikasio amhonoinong tov HoviéAov yio
BeAtimon g epunveiog Tovg amd TOVS EPELVNTEG, AMOGKOTMVING GTOV KOAVTEPO EAEYYO NG
avaALONG, KAODS OTOV VTEIGEPYOVTUL TOPATAVED UETAPANTESG, Ol LOBNUOTIKOT XDPOL TNG AVAALGNG
avéavovtar pe ekbetikd pvOud otic Eukieideleg S100TAGES e OMOTEAEGLOL VO TTOPATIPEITOL TO
eowvopevo g katdpag dtotdoemv (Bellman, 1957). O Baocudg dEovag eivat 6Tt ot peTafAnTég
TEPLEYOVV OPIGUEVO YOPOKTNPLOTIKA TOV SUVNTIKA OTOOEIKVOOVTOL TTEPITTE KO UTOPOVV VL
apopefodv ywpic onuaviikn ondAelo mAnpoeopioc. ' v emAoyn TV KOTAAANA®V
HETAPANTAOV  TPAYHOTOTOMONKE GLVOVACUOC TNG GCLOYXETIONG TOVLG KoL NG  Oldkaoiog
nuavtikotntag  Xoapokmnplotikov  (Feature  Importance), pe v ypnon UHOVIEA®V
[MoAwvdpdumonc.

3.2.1 Xvoyétion

H ovoyétion (correlation) dvo petafAntdv oviavakid Tov TPOTO WHE TOV ONOI0 OVTEG
ocvppetafdiiovtal, pe v mopoadoyn 0Tt ovtd cvuPoivel pe ypopukod tpdmo, £I61 OGTE Vo
TPOCOOPIOTEL AV KOl TOGO LIAPYEL AUTIOING GYEon N un, peta&d tovg. H cuoyétion meprypdopetal
LE TOV OEYHOTIKO GUVTEAEOTY| YPAUUIKNG cvoyétiong tov Pearson (Pearson moment), o omoio
TPOVTOOETEL KOVOVIKT] KOTAvOUn TV HeTAPANT®V, cvpPoArileton pe r xou opileton omd tnv
podnpatikn eéicmon 3.1:
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3.1) % (x; =) = ¥)

r= = -
30 -0 30, -3
1l| i=1 =1

Omnov
Xi, Yi : 01 TYWES TV 000 peTafAnTdv
KOl X , Y : 0 LEGOG OPOC TOV TIUDV

Ot apBuntiég Tipég Tov cvvtedeotn kupaivovtatl and -1.00 éwg ko 1.00, pe T pun pundeviKeg
TIES VO ONADVOLV KATO1 GUGYETIOT TOV PETARANTAOV €ite opvNTIKY, ONAON OTOV LELDVETOL T
plo petafAnt) mopotnpeitor avénon e GAAnG, eite Betikn, dnAadn moapotnpeitor Oetikn
GUUUETOPOAN TV peTofANT®V. OTtav 0 cLVTEAESTNG I' el UNdEVIKT| Ty, TOTE Ol EMAEYEIGES
petofPAntég koAovviar acvoyétiotes. I[lo  ocvykekpyéva, yioo v dodKacio  ETAOYNG
YOPOKTNPLOTIKAOV, onpaivovta poro mailovy ot HeTafANTEG OV £Y0VV AMOALTI T GUVIEAECTY|
ocvoyétiong Pearson o omoiog mpooeyyiler v povada. ‘Eva oovnbeg mpoPAnua  mov
avtpetoniletor otnv €pevva glval 1 TOALGLYYPAUIKOTNTA, ONANOT OTav 000 N TEPIOCOTEPES
petafAntég cuvoéovial Pe LYNAN GLOYETION, Kol TPOKEITOL Yol QOLVOUEVO TOV 00mMyel o€
emOeivoon g amddoong optopévev aryopibumy. To mapamdve QavoueEVO GuVOVTATOL GUYVA
katd v [pappuxn oAwvdpdunomn, 6mov pio and Tig TOAVGVYYPOUUIKES LETOPANTES TPEMEL VAL
apoapedel, mpokepévou va BeATiobel 1 tkovotT TOL HOVTELOV.

3.2.2 Inuovtikdtnta XopoKTnploTIKOV

To oebtepo kpumpro pe 10 omoio Ba yivel M emAOYN YOPAKTNPIOTIKOV givor 1 OlodtKacio
EVIOMIGUOD  TNG  ONUOVTIKOTNTAG TV dedopévav, 1 omolo  KoAsitor  EMHovTiKOTNTo
Xapaxtnpotikov (Feature Importance). Ev mpoxeiuévo, n Enpoviikomro XopoKnpioTiKov
emrvyydvetal pe v ekmaidevon adyopiBuwv Mnyoavikng padnone, Pacilopevovg oe pHoviéAa
[MoAwvdpodpNoNG, AMOCKOTOVTUS GTOV KOOOPIGUS KOl TOGOTIKOTOINGoT| TOL Bafod emppons Tov
dedopévav TV aveEdptnTov uetofAntdv, oTig emAeyeioeg eEaptnuévec. QoTOC0, OOPOPETIKES
pnébodor  Enpavtikdtnrog XopoknpoTtikdv givar mhoavd vo LTOAOYIGOUV  SLOPOPETIKES
Babuoroyieg, axodpa kot yio to 1010 cuvoro dedopévev kot [Tolvopounong, pe amotéAespa to
evogyouevo aotdbelng oto ocvunepdcpate (Rajbahadur et al, 2021). Ilpokewévov va
npoypatoroinfel cmot anddoon ota cvuumepdopata, N topovca Atmhopatiky Epyacio e€etalet
TAN0dpa adyopiOpmy ToAvopOUNoNS Kol TA AMOTEAECUOTO TPOKVTTOVY EV TN GUVOVACEL LE TNV
ocvoyétion Pearson.

3.3  AkyopiBuot [Tarwodpounong kat Tagivounong

2TV EMOTAUN TNS AVOAVOTG SEGOUEVMV KOl TNG UNXAVIKNG Ladnong, n avaivon [Hoakvdpounong
(Regression analysis) meptypdpel £&va chVOAO OTOTIGTIKOV S1AOIKACIOV Yo, TV EKTIUNGT TOV
oxéoewv petasd eCaptuévav Kot aveEdpmtov HetafAntdv. Zoxvd oty unyoviky padnon, tao
HOVTELQ TOAVOPOUNONG 0EIOTOI0VVTOL (G Mo LEBOOOC HOVTEAOTOINONG UG TIUNS GTOYOV, TOL
Bacileton og aveEapTovg TPoyvmoTikoHg Tapdyovies. Avti n péBodog ypnoomoteiton Kupimg
YL TNV TPOPAETTIKNG TG IKAVATNTA KOL TNV EVPECT) TG OXEGNG 0UTIOV KO AOTEAEGUATOG LETAED
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TOV PETafANTOV. Ot TEXVIKEG TAAMVOPOUNONG O0PEPOVY MG eml TO TAEioTOV UE Pdon Tov aplOud
TOV oVeEAPTNTOV LETOPANTOV KOt TOV TOTO oXE0NG LETAED TV aveEApTNTOV Kot TV e£apTnUéveV
petafintaov. Bdost avtg g dtapopomoinong tovg, ot akydpifpot [oAwvdpounong yopilovior og
YPOUUIKOL KO UN-YPOUUIKOL, LE TOVG OEVTEPOVLG VO EXOVV TNV SVVATOTNTA VO, AELTOVPYCOVV
OMOTELECUATIKOTEPO GE ETEPOCKEDAGTIKA dedopéva. 'Eva pun ypoppikd LovtéAo EYEL YEVIKT LOPOT
Yi=f{(Xi,p)+¢1, 6mov 1o Xi eival 10 dtdvocpa TV TPOPAETOVGOV HETARANTOVY Kol B To dtdvuoua
TOV TAPUUETPOV.

Emniéov, otmv Mnyovikn Mdabnon, n ta&vounon amotedel po 01001Kocio avoryvapiong Kot
onadomoinong otoryeiov eknaidevong oe mpokabopiopéveg KAAOEL, aflomoidvtag £va gupv
Qacpo aAyopiBuwv yoo v onuovpyio poviédmv katnyoplomoinong kot - mpoPreync. H
ta&wvounon epappolet po dradikasio avoyvopiong Lotifov pe texvikég EmpPrenopevne Madnong
(Supervised Learning), kotd v omoia 0 aAyopOpog ekmandedeTal amd To TopEOUEVO dESOUEVDL
ka1 Ppioketon o BEon va kaTnyoplomomoel véa mapayopeva ototyeio, pe otoryeion €600V Lo
KAdo, ev avtiBéoet pe Tig [Tolvopounoelg mov £xovv o¢ ototyeio e£6d0v o aptOUNTIKY TIUT.

Ymv mapovoa Aumiopatikny Epyacia 0o agiomomBodv ta povtéda Ipoppikng [Hokvdpounong
(Linear Regression), Aévopov Andpacng (Decision Trees), Tuyaiov Aacodv (Random Forests),
[Ipoocappootikfc Evéuvaumong (AdaBoost), Evioyvong Kiiong (Gradient Boosting), Akpaiog
Evioyvong Kiiong (XGBoost), K-mAnciéotepov yertdovov (K-nearest Neighbors), Mnyavov
Awavvopatov Yroompiéne (SVM) ko ITohveninedwv AicOntipwv (Multilayered Perceptron).

Ytov Ilivaxa 3.1, mopovoialovror to povtéda IlaAwvdopounong kor Toa&vounong mov
alomomOnkay pe TV avtiotoryn EAANVIKN Kol oyyAKn opoloyia, KoOMdC Kot 0 avtioTor(og
cupporiopdg Tovg mov cvvavtatal o€ petayevéotepoug [ivaxeg ko I'papnpoarta.

Hivaxag 3.1 : Opoloyia ko ovufoliouos alyopiBuwv

EAMviké évopa aryopi@pov Ayyhko 6vopo aryopiOpov Xoppoiropog
Aévdpa Amdpaong Decision Trees DT

Evioyvon K\iong Gradient Boosting GB

Axpaia Evioyvon K\kiong XGBoost XGB
Ipocappootiki Evovvauwmon AdaBoost AB

Tuyaia Adon Random Forests RF
K-minciéotepot yeitoveg K-nearest Neighbors KNN

Mnyovég Atovuoudtov YrootipiEng Supported Vector Machines SVM
IMolverinedor AteOntipeg Multilayered Perceptron MLP

3.3.1 I'pappikn [Moivdpounon

> otatwotikn, M Fpoppkn [Moivopoéunon eival pio Tpocsyyion Yoo T LOVTEAOTOINGN TG
oyxéong peta&y oG Pobumtg e€aptnuévng LetafAntig Kot piog N TEPIGoOTEP®V aveSapTT®V
petafAntov. Zmv poppkn TloAwvdopounon, to 000UEVO LOVTEAOTOLOVVTAL YPTCLOTOIDVTOG
YPOLLKEG AEITOVPYIES TPOYVOOTIKA, KOl O AyVOCTES TAPAUETPOL LOVTELOV VTTOAOYILOVTOL OO TOL
dedopéva. ITo ocvykekpyéva , n Ipappikn ToAwvdpounon avaeépetol o€ £vo, LOVTEAO GTO 0010
0 vmobBetikdc pécog Opoc tov Y-e€aptnuévng petafAntmg  dedopévng g alog Tov X —
aveEaptTnG HETaBANTNC, Elval (o GUVAPTNON APVIKGOV X, ONAad LETAPANTOV OV dtoTnpovV
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TNV GLYYPOUUIKOTNTO Kot Tov Adyo Twv anootdoemv tovg (Weisstein, 2004). H T'poappikn
[MoAwdpounon avtiotoryel o po vbeio ypoppun N ETPAVELL, TOV EAUYIGTOTOLEL TIC ATOKAIGELG
petall TV TPOPAETOUEVOV KOL TOV TPOYUATIKOV TILOV €£6d0v. H amdn I'poppicn [Haivopounon
elvan évag tomog avéivong Ioivopdunong, 6mov o apBudg tov aveEaptntov petafAntav sivon
plo Ko vwhpyel o ypoppikn oxéon petald g aveEapmg (x) ko g e&apmmuévng (y)
petafANTIG.
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Ewova 3.1: Movrelomoinon I popurns Ialivépounons o€ o16016.010T0 YHPo
nyn; Corrada Bravo, H. (2020) Linear Regression,
[Available:https://www.hcbravo.org/IntroDataSci/bookdown-notes/linear-
regression.html ] (Accessed 17-10-2022)
v
X
Ewova 3.2: Movrelomoinon mwolvuetafintic [popuirng Iolivépounons oe tpiodiaotato ywpo
nyn; Corrada Bravo, H. (2020) Linear Regression,

[Available:https://www.hcbravo.org/IntroDataSci/bookdown-notes/linear-
regression.html ] (Accessed 17-10-2022)
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H pmie ypapun g Ewovog 3.1 avapépetor wg n KaAbtepn evbeio ypoppn Kot el wg amoTéELEcUOL
po S1o01doTaTn YPOUUIKY YPaeikn Tapdotact. Me Bdon ta mapeyduevo onpeio dedopévmy,
emyelpeiton 0 GYEOGUOGC LIOG YPOUUNG TOV HOVTELOTOLEL T OEdOUEVE TTOV OVOTOPIoTAVTOL Ao
ta onueio, kohvtepa. H ypopun kardtepng mpocaproyng eival aut yio TV omoio T0 GLVOAMKO
o@AaApna TPOPAEYMC, SNAadn N amdotact petald onueiov kot ypopupung [Holvdpounong, ivatl 66o
70 duvatdv pKkpoTePo. H ypapuur avtn mteptypdeston amd v oyxéon 3.2:

(32) y!':}81$1;1+'°'+,8przp+5;§:xiTﬁ+Eg, i:l,...,n,

Omov
Xi, Vi : Ol TIHES TV dVO UETAPANTOV

X 1 TO EGMTEPIKO YIVOLEVO TMV SUVOGUATOV Xi KOL f, [E T TOV avAGTPOPO Tivoiko.

3.3.2 Decision Trees

O oaAlyopiBuog Decision Trees eivatr évo emomtevdpevo poviéAo Mmyovikng Mabnong mov
a&onoteiton og mpoPAnuata tagvounong kot [Haivopdunong kot viobetel P TPOGEYYIoN «EK
TOV Qve Tpog To. kKatw» (top-down approach) (Apté & Weiss, 1997) . H Aettovpyia tov poviélov
Bacileton otov avadpopkod dtapeAicpo-recursive partitioning (Lainiotis, 1976), dniadn otnv
onuovpyiot Soung He TNV Hopen VO 0EVTPOL TOL omoteLEiTOL Amd TOV TPpOTOPYIKO Piikd KOuPo,
YVOOTOG KOl MG TPDOTOG YOVENS, KOl KOTATEUVETOL G MUEPOVS Buyatpucods kouPovg. Ot
TOPAY®YOL KOUPOL PE TNV GEPA TOVG ATOTEAOVV TOVG YOVIKOUS KOUPOVG TV EMOUEV®DV, LE O1OPKT
akoAovBia. O Paocikdg adydpiBuoc v v dnuovpyio tov Decision Trees ovopdletor ID3-
Iterative Dichotomiser 3 (Quinlan, 1986) kot weptrypapetar avorvtikd oty Ewova 3.3. Xe kdbe
EMAVOANTTIKY dladikacio, To povtého Decision Trees mpaypotomotel v PéAtion Katdtunon,
Baoel tov ecoyféviov dedouévov aflonotdvtag tov ogiktn Gini, éva PETPO GTATIGTIKNG
daocmopag (Deaton, 1982).
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Ewovo 3.3:

Onyn:

Ewovo 3.4:

IInyn:

Inputs: R: a set of non- target attributes, C: the target
attribute, S: training data.
Qutput: returns a decision tree
Start
Initialize to empty tree;

If S is empty then

Return a single node failure value

End If

If S is made only for the values of the same target
then

Return a single node of this value
End if
If R is empty then
Return a single node with value as the most

common value of the target attribute values found in

S

End if
D « the attribute that has the largest Gain (D, S) among all
the attributes of R
(dij =1, 2 .., m} — Attribute values of D
{Sjwithj =1, 2, ..., m} «<The subsets of S respectively
constituted of d; records attribute value D

Return a tree whose root is D and the arcs are
labeled by d1, d2, ..., d,and going to sub-trees ID3 (R-{D},
C, S1),ID3 (R-{D} C, S2), .., ID3 (R-{D}, C, Sm)
End

Pevdokmoikoag tov alyopiBuov 1D3

Hssina, Badr & MERBOUHA, Abdelkarim & Ezzikouri, Hanane & Erritali,
Mohammed. (2014). A comparative study of decision tree ID3 and C4.5. (IJACSA)

International Journal of Advanced Computer Science and Applications. Special Issue

on Advances in Vehicular Ad Hoc Networking and Applications,

[Available:https://www.researchgate.net/publication/265162251 A _comparative_stu
dy_of decision_tree ID3_and_C45 ] (Accessed 17-10-2022)

>20
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<= 80 288,

Tomird didypapua Decision Trees

Stiglic G, Kocbek S, Pernek I, Kokol P. Comprehensive decision tree models in
bioinformatics. PLoS One. 2012;7(3):e33812,
[Available:https://doi.org/10.1371/journal.pone.0033812 ] ( Accessed 17-10-2022)
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3.3.3 Random Forests

O olyopiBuog Random Forests givan évag emomtevopevog akyoppog Mnyavikig Mabnong, mov
ypnoomotel ™ pébBodo ekuddnong Xvvorov yoo IHolvopdunon kot ta&vounon. H pébodog
ekpddnong Zuvorov gival po texvikny Tov cuvovalel TPoPAEYELS amd TOALATAODS ahydpiOpovg
UNYOVIKNG pddnomg v va kKavel pio o akpipn npoPreyn and éva pepovopévo poviéro. o
eeldikevpéva, 0 oLYKEKPIUEVOG aAyoplBog cuvdvdler pebodovg ekuddnong Zvvorlov pe t0
TAOIC10 OEVTPOL OmMOPAGE®Y, Yol VO, ONUIOVPYNGEL TOAAATAG TLYOi0 OYEOOGUEVE dEVTIPA
amo@dcemV and To dEdOUEVA, AAUPAVOVTAS TOV HEGO OPO TOV OMOTEAECUAT®V Yo va. eEdyet Eva
VEO amoTEAEGHLO TOV GLYVE 0dNYel o€ 1oyvpEg TpoPAdyelg Kot TaStvopnoels. H exmaidevon twv
TOALATADV OEVOP®V amopdce®v mov katackevdlovtal, Paciletor onv TE(VIKN TOL OVopaLeTon
Bootstrap Aggregation kot poKeLTOL Y10, TNV S1081KAG 0 TUYOL0G SELYLOTOANYIOG VTOGLVOL®Y amd
éva. eupOTEPO VITEPCHVOLD, GE &vav OedOUEVO OpPlOO EMAVOANYE®MY KOl OEOOUEVO aplOuod
uetapintov. H dwdikacio tov Bootstrap Aggregation esivar évag €101k0 KOTOPTIGUEVOS LETO-
eVPETIKOG aAyOpOpog mpokeévoy va Pertiotomolel v Evotdfeia ko v Axpifeia tov
povtélov (Brodeur et al., 2020).

Random Forest Regression

Irrigation area prediction

Decision Tree-1 Decision Tree-2 Decision Tree-n

Result-a Reswﬁlt-[} Result-y

Output means

Regression
Final result

Ewova 3.5: Tomird ddypapuo alyopiBuov Random Forests

Onyn: Wang, M., Huang, H., Gao, G., & Tang, W. Trend prediction of irrigation area using
improved random forest regression. Irrigation and Drainage,
[Available:https://doi.org/10.1002/ird.2695 ] (Accessed 17-10-2022)
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Bootstrap Learning : Ly,
| Sample1 Algorithm | | Classifier 1
Training Bootstrap Learning 5 Combined
Data — | Sample2 [] Algorithm et Classifier
Bootstrap Learning .
] Sample 3 Algorithm | Classifier3 \— | prediction

Ewdva 3.6:

IInyn:

Aaypapua Porig alyopiBuov Bootstrap Aggregation

Packt, Big Data and Business Intelligence, Bootstrap Aggregation. 2022.
[Available:https://subscription.packtpub.com/book/big-data-and-business-
intelligence/9781789136609/5/ch05Ivl1sec?29/bootstrap-aggregation ] (Accessed 17-
10-2022)

3.3.4 AdaBoost

To AdaBoost anotelel pia teyvikn mov ypnoponoleitor @ Mébodog Xvvorov oe dladkacies

Mnyavikiic Madnong. To cuykekpiévo peta-gvupetikd poviého aglomotei tov alyopifpo Decision

Trees evoc emmédov, omAadn Oévopov upe kolopPopoto andeacng (decision stumps),

VIEIGEPYOVTOS OPYIKA T dedOUEVA G 160Papn-1000TadIcUEVA. 2T CLVEXELD, aKoAovOEiToL
EMOVOANTTIKY] 010100 IKT S1adIKOGI0, KATA TNV omoia Ta 0gdopuéva mov Tasvoundnkay pe Adbog

TPOTO M Kol TO oQAApato TPOPAeyns, mpocapudlovial, amoKTOVTAS vynAdTEpa Pdpn,

TPOKEWEVOL va dopBwBodv ta Aabn tafivopunons. Mo avtdv tov AOyo KoAeitow Ko

[Ipocappootikdg adyopBuog. Le kdbe emavainyn g ddikaciog ekmtaidevons, fapog ico pe o
oQaAna exywpeital o Kabe AavOaouéva tagvounuévo ototyeio. O alyoplBpog KatoAnyel o€

TAN0dpa evicyvuévov dévopav andpacnc (Boosted Decision Trees -BDT) (Marsh, 2016).

Original data set, D, Update weights, D, Update weights, D,
B ™ P =l
-+ - P - ~
+ " Combined classifier
- + - + - + o -
+ + + RO « -
- T®
Trained classifier Trained classifier Trained classifier # +
- - &) = E q
=& + - b 2
_) + e u 4 -
. + 3
=1 - ) e
+ i+ + i

Ewova 3.7:

nyn:

Midypouuo Pong exmaidevons odyopiGuov AdaBoost

Marsh, Brendan. (2016). Multivariate Analysis of the Vector Boson Fusion Higgs Boson.

[Available:https://www.researchgate.net/publication/306054843 Multivariate Analysis
of_the Vector Boson_Fusion_Higgs_Boson ]
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3.3.5 Gradient Boosting

O oAyopibpog Gradient Boosting amotehei pion pébodo Xvvolov, pe ovyvi] €QOPUOYN OF
mpofAuata TaAtvopounons Kot ta&vounong, Pacilopevog otnv Astovpyio 0EVEPOV AmTOPAGEMV.
Q¢ néBoodog Zuvorov, a&lomolel moAlamAovg olyopiBpovg ekpdONoNg TPOKEUEVOD VAL OTOOMGEL
TNV KOAVTEPT] TPOYVAOOTIKY SUVOTOTNTA, LE TNV LOPPN EVIGYLUEVOL dEVEpoL amtogaong (BDT). H
Kuplapyn Wéa T and aVTOV TOV OAYOPBo eival 1 KOTAAANATN KOTAGKELT TOV TPOTAPYIKMOV
HOVTEA®V TTOVL YPNOUOTOLEL, £TCL MOTE VO, EIVOL LEYIOTO GUCYETIGUEVO LE TNV OPVNTIKY KAIoM
(gradient) g awbaipeng kot dtopopiocung cvuvaptnong anoieidv (Natekin & Knoll, 2013). H
Aertovpyio Tov akyopibuov sivar mapeppepg pe ot Tov AdaBoost, pe v e16omo1d dapopd Ot
T TOPOYOUEVO COAANOTE amd £vo LOVTELO TPOPAEYNC, TPOCAPUOLOVTOL GTO EMOUEVO LOVTELO
oL aKoAoVOEel, Ywpic va mapatnpeital petacynUoTicpdg Tov apovs/ctabucng kdbe dedopévou.
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Ewoéva 3.8: 2oviBerc Zvveyeic Zovaptiioeic Anwleiwv oy Evioyvon Kiiong: (A) L squared; (B)
L, absolute; (C) Huber loss function; (D) Quantile loss function,

Ipocapuoyi GBM ae avvaptnon kapdivdiiov nuitévoo Sinc(X) dedouévav ue 6opvPo:
(E) original sinc(x) function; (F) fzio GBM ue arnwieies and Ly, Lo; (G) im0 GBM
ue omieteg Huber; (H) 5o GBM ue Quantile arwleieg

Onyn: Natekin Alexey, Knoll Alois, Gradient Boosting Machines, A Tutorial, Frontiers in
Neurorobotics, vol.7, 2013 [Available: https://doi.org/10.3389/fnbot.2013.00021 ]

3.3.6 XGBoost

O aAy6p1Bpog XGBoost avarntiydnke amd tovg Tiangi Chen ko Carlos Guestrin ko amotelel pua
Beltiotomompévn popen tov povtélov Gradient Boosting. Tlpoxettal ywoo éva povtéAo Tov
Aertovpyei mg akyopiOpog Newton-Raphson, pe v Bondeia devtépag tdéemc Tpocséyyiong Taylor
OTOV GLVAPTNOKO XDpo, ev avtifécel pe to Gradient Boosting, mov otpileton oty kdbodo
Baoiopévn oty kAion (gradient descent). ITwo cvykekpyéva, o XGBoost eivar pia viomoinon
OEVIP®V ATOQACEMV UE EVIOYLUEVN KMOT), 6TOV 0010 TOL OEVTPOL ONUIOVPYOVVTAL LE SLUO0YIKO
TPOTO Ko Kot Béon amodidel apkeTd peyodlvtepn akpifeio LoviéAov, 6€ KPITEPO VITOAOYIOTIKO
YPOVO eKmaidevoNG, amd Ta cLVHON povtéda unyavikng pddnonc. H epapuoyn tov mpovmobétet
TEYVIKEC GLUTMIEONG TOV EKATOVIAOMV YIMAOWV TOPAYOUEVAOV OEVOP®Y OTOPACE®V GE &Va
teMk0. Boowkdc mapdyovtag mov emnpedlel To cuyKeKpluévo poviédo eivar m otdBuion. H
otabuion Tov petafAnTdv mov tpoPAémovtal Aavlacuéva avEdvetal, Le OTOTELEG L TV EK VEOL
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dnuovpyia 6£vopoL, KATOANYOVTOG cVVEVACTIKG 610 gviaio teAko. (Chen & Guestrin, 2016). O
aAyOPOOC TEPYPAPETAL TEPIANTTTIKG 0o TV KATmo e&icmon 3.3:

. A 154
&) Ui = D gy Ji(®i), feF

Omnov

Xi, Vi : 01 TWES TV 000 petafAnTtav,
K: 0 apBpdg tov 0évipwv,

F: 10 cUVOLO T®V TOOVOV SEVIPWV

f: 0 cuvapTNGLOKOS YDPOG TOL F

[ Total data set (N data; M Featue) ||

<&
Bootstrap k (tree number) training data sets |

Bootstrap by randomly selecting and bagging

sampling I *’

| No. 1 training | | No. 2 training | | No. 3 training eoe  NO Ktraining

|set with N data | set with N data| set with N data set with N data|
{ | J
[ ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ Al
(7 Feature block columns |
Block | Sorted ) |
structure | feas10| () | I,’"'z'l, Find best!
fm;| | : feard —=( s ||| rea? ]| A lree-_splill
paralle g vV using
learning : fear7 |—+) f fead ‘ Gain |
: fea-t }*’: v!fen,-mf‘ \ @) S| ..m,r': 11“3/'11’,’3 ""” p : .
| [ feature number . Gradient statistic of Sorted pointer from feature | Adjust
| asd value ) = value to instance index | sample
____________________________ weight
"R S e e S Ut 1
"".“'""‘“IQ‘M\t":,»,Jzz,,: Control tree [ Small steps Prevent ||
optimation 25 complexity | approximation overfitting | !
T R i R | e == =
V2 o )
=) ) @ ’\ R
Building e V4. K a ) &
k CART 4 4 e S
trees & 5 & 5 &
‘ - N ’
CART tree 1| | CART tree 21 | CART tree 3| CART tree
Predictor 1 Predictor 2 [ Predictor 3 ‘ oco | Predictor k
2 pRU
([ Average regression value of"\
\\each CART tree prediclor//
Ewova 3.9: Aidypopua porg puovreAov XGBoost
Onyn: Zhifen Zhang, Yiming Huang, Rui Qin, Wenjing Ren, Guangrui Wen,XGBoost-based

on-line prediction of seam tensile strength for Al-Li alloy in laser welding:
Experiment study and modelling, Journal of Manufacturing Processes. 2021,
[Available: https://doi.org/10.1016/j.jmapro.2020.12.004 ] (Accessed 19-10-2022)
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3.3.7 K-nearest Neighbors

O alyopiBuoc K-nearest Neighbors (KNN) anotelel évav amd Tovg o onpavTikovg Kot amlons
o€ eQaplLoYn o€ TpoPAnpota TaSvopmongs, Kobme 0V amoLTel TPOTAPYIKT YVAOGCN Y10, TNV OLOVOUY|
(distribution) t@v dedopévmv, VITEPKAADTTOVTOC KOl TO EUTOSIO TOV TOPOUETPIKOV EKTIUNCEDV
TOV TUKVOTNTOV TOavITNTAG TOL £ival OVGKOAO va arocapnvictovy (Peterson, 2009). T'a awtodv
0V AOYO, TO GLYKEKPUYEVO HOVTELDO AEITOVPYEL OMOTEAEGUOTIKOTEPO, GE GYETIKAOG HKPE GHVOAQ
dedopévav. O ta&ivounte KNN Baciletar oty Bedpnon g Evkieideiog amdotaong Heta&y evog
detyporog dedopévav dokung (test data sample) kot tov derypdtov dedopévav ekmaidevong
(training data samples), evtoniCovtag o dtdvvoud tovg. ITio amhovotevpéva, 1 Asrtovpyio TOL
alyopiBuov talwvopel ta dedopéva, PACEL TV KOWVMV TOVG YOPOUKTNPLOTIKAOV, KaBMG vrobétel 0Tt
avtd Ppiockovial o€ Kovivovg y®povs. To amotélespa Tov adyopiBuov eivor n katdtunon Tov
YOPOL TOV OedOUEVOV OTIG (NTOVUEVEG KAAGELG KOL 1] OTEIKOVICT TOL KOTOTUNUEVOL YDPOU
neptypdoetar amd Ty yneidwon Voronoi, to 1907.

=2k Al
2 2 3 4
X4
Ewova 3.10: Oruikoroinon alyopiBuov K-minciéotepwv yeitovwv e oidypoyuo. Oronoi
Onyn: lan McLeod, "k-Nearest Neighbor (kNN) Classifier”.(2011)

[Available:https://demonstrations.wolfram.com/KNearestNeighborKNNClassifier/ ]
(Accessed 18-10-2022)

3.3.8 Supported Vector Machines

Ta SVM oamotehovv évav alyopiBpo Emomtevdpevng Mmnyavikng MdOnong, extehdviog
Beltiotonoinon tetpaywvikod mpoypappoticpov (Zhongwen &.Huanghuang, 2017). Andtepog
o1OY0¢ TOL aAyopiBuov, eivar o evtomopdc g e€lowomng evog PEATIGTOL LETEPTAGVOL
(hyperplane), to omoio diaympilel Ta ToAvETITES O HEGOUEVQ DLAPOPETIKOV KAGoEWV. ['evikOTepa,
n Aettovpyia tov SVM Baciletar o€ éva LOVTELO E0PECTIG TOV KOWVMVY YOPOKTNPIOTIKOV OVAUEGOL
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OTIG KAAOELS, eV avTIOETEL e ToVg GVVNBELS aAYOPIBOVG, 01 0TTO101 EVTOMILOVV TO GTOLXEIN TTOV TIC
dwpopomoovv. Ta dedopéva pe kowd yopakplotikd peta&d 600 KAdoewmv kaAovvtot
Awvdopota Yroompiéne. o cvykekpipéva, og d16d0100TaTO YMPO, N €&icmon Tov PEATIOTOV
VIEPEMUTEOOV TEPLYPAPETAL LE YPOUUIKT Hopen Kot opiletor wg 1 gubeia pe v pEYIoTN Kot
oanéyovco andotacn pHeTa&d Tov Atvvoudtov YrootpiEng tov khdceov (Euwova 3.11).
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Eucova 3.11: Ameiovion PEATIoTOD DIEPTAGVOD OEOOUEVWY 000 KAGTEWY TE JI0OLAOTATO YMDPO

nyn: Wikiwand, Support Vector Machine (2018), [Available:
https://www.wikiwand.com/en/Support_vector_machine ] (Accessed 18-10-2022)

g TPIoOIAcTOTO YMPO, 1N TEXVIKN TNV omoia a&lomolel o adyopOpoc, ovopdletor pébodoc Tmv
IMuprveov (Kernels) kot copPdilel 6tov KATAAANAO UETOCYNUATIOUO TV OESOUEVOV E1GOOO0V
TEPLOPICUEVOV SOGTACEMYV, Y10 VO OVTIGTOLYIOTOVV GE YDPOVS YOPUKTNPLOTIKAOV TOAAUTADY
dwotdcewv (Euova 3.12). Xy tedkectikn Bewpia, ot cuvaptioelg TupnveV elonydncay amd Tov
James Mercer ka1 ypnoponotovvtol ektetapéva oe avaAvoelg Fourier, Osmpia ITibavotitov,
Ocopia [Temreypévov Zvvaptioeov kot oty Mnyoviky Mdadnon. Ov Boaocikdtepeg €K TV
ocvvaptioemy mopHvev Tov aélomotovv ta. Supported Vector Machines kot opifovton otov
EviAeideio yopo, meprhapfavoov:

o ['poppikdg Mupnvog: K(x,y) = :{T}r] X,y © R
e Tolvovopwog Mophveg: K (x,y) = {xT}r +r)", X y€ ]R,d._,“i"‘ =0,n>=1

e ZUVAPTNOT OKTIVIKNG lxy? ;
Baong (RBF): Kxy)=e > , x,yeR0>0

e Aamiaciavog ITvphvo: K(x,y)=¢" |x_3"”, X,y € Rd, a >0
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Linear SVM RBF SVM Poly SVM  Sigmoid SVM

Ewova 3.12: Taéwvounon we SNM epapuolovrag evaliartikés MeBodovg [Tvprvo.

Inyn;: Kaggle, Kernels and support vector machine regularization. (2017) [Available:
https://www.kaggle.com/residentmario/kernels-and-support-vector-machine-
regularization ] (Accessed 18-10-2022)

Linear Model Decision Boundary Non Linear Model Decision Boundary

Ewoéva 3.13: Aroywpropog mopnve. petald I poyyparod kou My ypouuikod toAvdiaotatov Hovielov
SVM

Lnyn: Cherkassky, Vladimir & Dhar, Sauptik. (2010). Simple Method for Interpretation of
High Dimensional Nonlinear SVM Classification Models.. 267-272, [Available:
https://www.researchgate.net/publication/220705021 Simple_Method_for_Interpret
ation_of High-Dimensional_Nonlinear_SVM_Classification_Models ] (Accessed 18-
10-2022)
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H I'papukn Mokwvdpdéunon SVM (Linear SVR), ev avtibéoel pe 11 Mnyavég Atovvoudtov
YrnootpiEng, oev alomotel v pébodo IMupnva. [MAnbdpa epevvdv €rovv KOTAGTAGEL TO
OLYKEKPIUEVO HOVTEAO afldmioTo Yo dedopéva peyding kApokag pe tayOtepeg O1001K0GiEg
ekmaidevong (e.g., Keerthi & DeCoste, 2005; Joachims, 2006; Shalev-Shwartz et al., 2007; Hsieh
et al., 2008). Me v dwadikocio evpeons PEATIOTOV VIEPTAAVOV, O GUYKEKPIUEVOS AAYOPIOUOC
KafioToTol ¢ TO HOVOSIKO YPOUUIKO HOVIEAO TTOV SUVATOL VO TPOYLOTOTOWOEL OO IKAGIES
[MoAwvdpdunong, oe dedopéva mov dev ival YPOUUIKOS dtoy®piotpLo.

3.3.9 Multilayered Perceptron

O awoOnmpag perceptron oamotelel Nevpwvikd Aiktvo povig oTpdons, POCIGUEVOS GTOLG
Bloroyikovg vevpaves. [a v Katackev TeXYNTOV veELp®dVOV, aglomoteital 1 Asttovpyia TV
OEVOPLITAV, VTEICEPYOVTOS OEOOUEVA EIGOO0V KOl EKYOPAOVTOG TOVG aviictolya Paprn/octabuion,
OTOGTEALOVTAG TO GE EMOUEVO YPOVO GE GLVOPTNGELS EVEPYOTOINGNG, Yo TNV TOPUY®YN
amotedecpdtov. Ot cuvaptoelg evepyomoinong (activation functions) eivot edikég cuvapToEL,
o1 onoieg kKaBopilovv To €dv Evag vevpmvag Tpémel va, evepyoromBel 1 oy, Pdoel TV dedouEvmV
€16000v. O ausOntipog perceptron mapéyet POVO YPOUHIKEG OXEGELS UETOED TOV O£dOUEVMV
€10000V-e£000V, |1 ATOTEAECHO VO UMV ETOPKEL Y100 TEMAEYUEVEG OYECELS. AVTO TO TPOPANLA
épyovtar va Aoovv ta Teyvntd Nevpovika Aiktvo (Artificial Neural Networks - ANN). Ta
Multilayered Perceptrons amotelovv Teyvntd Nevpovikd Aiktvo (ANN) mtpdécm tpo@oddtmong,
ONAad”N Ot ETUEPOVG GVVOEGELS LETAED TV KOUPWV 0eV UTOPOVV Vo £40VV KUKAIKT popen). Kdabe
MLP amoteAeiton kot’ eldylotov and 3 oTpdOES KOUP®V: TV oTp®ON €16600V, TNV KPLOY
otpwon (hidden layer) kot v otpdon €£6d0ov, 6mov kabe KOUPOG, €KTOG OWTOL TNG €160V,
amoTEAEITOL OO TEXVNTO VELPOVO TOL YPNCUOTOLEL UM YPOLUUKT GUVAPTNOT EVEPYOTOINGNG.
Kd&Be vevpovag kébe otpdong GuvoEeTal e TNV TPONYOVUEVN KO TNV EMOUEVT] GTPAGT), LE TNV
dwdwkacio vty va ovopdleton vevpikn cvvaymn (Synapses). Baowkd ctotyeio amdooong otnv
ta&wounon ota MLPS amotelel 0 aptBpodc t1ov kpuedv 6TpOoe®V, HETOED AVTAOV TG E1IGOO0L Kot
™mg €£600v. Xto. MLPS, o Baocwog aiyopiBuog expdbnong mov ypnoytonoteital, ovopdaleton
OmoBodiddoon (Backpropagation), éva poviého kobodikng wiiong (Gradient descent), mov
Baoiletat otig Oempieg Tov kavova arvcidag (chain rule) kot oty amopvnudvevon (memoization)
(Pinkus, 1999). ITwo avolvtikd, n dwdikocio evog Multilayered Perceptron meprypdpetan

paOnpotikd, o ENg:

e H otpdon €16060v €xel o¢ amotéreoua €E660V TOV GTOXEIOV j, TNV TN E10O50VL
Xoj.

e To otoyeio k g otpmdong 1 déyetan amotérespo e£660v Xij amd KaOe oTotyeio J g
(i- 1) otpidong. Ot tipég Xij rolhamAactdlovtor amd otabepéc (Papn/ctaduion) Wik
Kol To amoTeEAéoaTA ToVug afpoilovtal.

e Mio petatomon Bk, mov ovopdaletar O6plo N HEPOANYia, Kol UETEMELTA Mo
ouvaptnon evepyomoinong ¢ epapudlovtol 6to dvmbev ABpOIGHLA KO 1] TEAKY| TN
AVOTOPLOTA TO AMOTELEGHO €000V Xi+1k TOV GTOotXEiov K Tng oTpdong i, To omoio
Ba etvan {00 pe:

(3.4) Tip1p =0 E Wik; Tij — ;1.
J
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Hidden layer 1 Hidden layer 2 Hidden layer 3
Input layer
Output
layer
—
—
—
—>
Ewoéva 3.14: Apyzexrovikn Teyvntod Nevpwvikod Aiktdov pe 01060VIeFEUEVOVS VEDPOVES
Onyn: Pragati Baheti, Activation Functions in Neural Networks [12 Types & Use Cases]

(2022), [Available: https://www.v7labs.com/blog/neural-networks-activation-
functions ] (Accessed 19-10-2022)

—— Feed Forward Network —

Xiz

Inputs
x
L]

L=(y—=y/ )

Cost function:
1 A
MSE = “E(y-y")’

Optimization Goal : Find
the weights that minimize
Xiz «—— Backpropagation «——— the loss function

Ewova 3.15: Micypopua poric Iolverinedov AroOntipa NN (MLP NN)

Onyn: Saarathi Anbuazhagan, A Complete Guide to train Multi-Layered Perceptron Neural
Networks, (2021), [Available: https://paarthasaarathi.medium.com/a-complete-
guide-to-train-multi-layered-perceptron-neural-networks-3fd8145f9498 ] (Accessed
19-10-2022)
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3.4  Teyvikéc Metayeipiong Aedopuévov

Mo v ekndvnon g mapovoag Aummlouatikés Epyaciog a&lomombnkav oplopéveg texvikeg
petayeipiong 0edopévev, wg BeAtiotonoinon tov dadikactdv Taiwvdopounong ko ta&vounonge,
EMOUDKOVTOG GTNV 0EOMIGTIO TOV TOPAVTOG EPEVVITIKOV £PYOU.

3.4.1 Kavovikonoinon (Normalization)

H xovovikomoinom odedopévov ypnoponoleiton ot Mnyovikn Mdabnon ywo va Kaver v
eKTaidEVOT LOVTEA®V AyOTEPO VTGO TN TNV KAipaka €0poVs TV PETAPANTOV. AvTd, emITPEMEL
0T0 HOVTELD VO GLYKALVEL GE KOAVTEPO PAPT KA, LLE TN CEPE TOV, VO 00NYEL GE éva o aKplPég
povtéro. H xavovikomoinon kafiotd to yopokTnploTiKd To GLVERY] UETAED TOVS, YEYOVOS TTOL
EMTPENEL OTO LOVTEAO VO TPOPAEYEL Ta amoTEAEGHOTO e peyohOTepT akpifeta. Q¢ dadkacio
npo-enelepyacioc, n kavovikomoinon petacynuotilel ta dedopéva pe tpOmMo mov T KOOoTH
ad14oTOTO 1) KO LE TUPOLOLES KATOVOUES, ONAad| TpocdidovTag To 1610 Bapog oe khbe empépoug
petafinty. Ev mpokeipévem, kavovikomoinon epaproctnke oTig aveEapTnTes LETAPANTES

Value Counts value Counts

B 58 8 54
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2 u 1 43
dtype: inte4 dtype: inted
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Ewova 3.16: A1000pES OUAIOTOINONG OEDOUEVOV TPV KO UETC, TV KAVOVIKOTOINON
Onyn: Mahbubul Alam, Data normalization in machine learning, TowardsDataScience.

(2020), [Available: https://towardsdatascience.com/data-normalization-in-machine-
learning-395fdec69d02] (Accessed 19-10-2022)

3.4.2 Opadomoinomn aryopibuov K-pésov

H dwdwocio ¢ tavounong tov eCoptnuévoy petafAntov oe T1aéelc Tpovimobétel v mpo-
emeepyacio Kot opadomoinon Twv dedoUEVOV TOVG o€ dLadikn popen. I'a va emtevyBel avt 1
dadikaocia, Tpénet vo oplotovy Kamoto dpa tipmv (thresholds) yio tov dvadikd katapepiopd tov
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dedopévmv. ‘Evag této10¢ adydpibuoc opadomoinong (clustering) oe molvenineda dedouéva givar m
uébodog tov K-péoov, o toyeio ko andd epapudoun teyvikn (Kodinariya, & Dr. Makwana,
2013). H opadomoinon K-péoov mpodkeirtat yio pia dtovocpotikny kfavrtomoinon tov dedopévemv
oe odedouéveg ovotddeg (clusters), ot omoieg a@opodv Tov aplBud TOV KEVIPOEW®OV TOL
onpovpyovvTal. TOV KOTA TNV omoio kdéOe T peToPAnTG petaoynupatiletor ®oTE v
Katoveun el otV GVoTAdA LE TOV TANGLEGTEPO HEGO OPO, ONANOT OTO TANGLEGTEPO KEVIPOELOES.
H xotavoun og KGO éva ek TV KEVIPOEWOMV TPOAYLOTOTOLEITOL pe TV dtadikacia g pelmong
00 afpoicpotog TETPUyOVOV €VIOC TV ovotadmv. O arydpiBuoc K-pécov amoterel o
EMOVOANTTIKY] dladikacio, Katd tnv onoia BeAtiotonoteital ) B€on TV KEVIPOEW®V G oNpEiov
ot10fepOonoincng TOLVG.

Clusters formed by the optimized centroids

T T T T

Cluster #1 data

o Cluster #2 data
Cluster #3 data
Cluster #4 data
Cluster #1 centroid
Cluster #2 centroid
Cluster #3 centroid |-
Cluster #4 centroid

* %k % o

Ewova 3.17: Tomxy orwtikomoinon opadoroinong ue alyopibuo K-péoov 4 keviposidmv

Inyn:  sepdek, K-means as a cost function minimization. (2018), [Available:
https://georgepavlides.info/k-means-cost-function-minimisation-matlab-octave-approach/ ] (Accessed
20-10-2022)

3.4.3 Teyvicég Ymepoetypatoinyiog 0edopévav o mpofAruoato Mn
[coppommuévne Mabnong

H oa&omotioa oty dwwdkacio g ta&ivounong oepsiletol kot 6to yeyovog OtL ot alyopifuot
ta&wounong mpobmobétovy katd Pdon v 1coppomict dESOUEVOV EKTOUOEVONG UETAED TMOV
Swpopetikdv tééemv petafAntav. Ouwg, otnv mAelovotnte TV TPOPANUATOV OEO0UEVOV
(QVOIKNG 00N YNONG, TAPOTNPEITAL AVICOPPOTIO KATOVOUNG 0TI KAAGELS VOGS GUVOAOV JEOOUEVDV
TOAMDV S106TAcEMV, e amoTéAespa vo avEdvetar  pepoinyio (bias) twv adyopibuwv mpog v
Kupiopyn KAGon (majority class) kot v apeiieyopevn aéoniotio g toEvounons. H epappoyn
TeXVIKOV Yepdetypatonyiog (Oversampling) avtiotaduilel tnv dvion Kotavou tov detypatog
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taéemg peoyneiag (minority class) pe emovdAnyn 1 mwapaywyn OeSOUEVOV TOPEUPEPDV
yapoxtmplotik®v (Mohammed et al., 2020). Avrtifetn kol 1codbvoun TeYVIKN amotedel 1
Ymnoderypoaroinyio (Undersampling).

Undersampling Oversampling

Adding samples
to minority class

Removing samples
from majority class

Ll

Orignial DataSet Original DataSet

Ewova 3.18: Aouikeg OLapopég Hetold DIOOELYUOTOANWIOS KOl VIEPOELYUATOLNWIOG

IInyn:

R. Mohammed, J. Rawashdeh and M. Abdullah, "Machine Learning with
Oversampling and Undersampling Techniques: Overview Study and Experimental
Results," 2020 11th International Conference on Information and Communication
Systems (ICICS), 2020, pp. 243-248 [Available at doi:
10.1109/1CICS49469.2020.239556]

H ocvwnbBéotepn teyvikn Ymepdetypatoinyiog, n onoio Kot €PapUOGTNKE GTNV EKTOVION TNG
Epyoaoiac, eivor n pébodog Teyvikng XZvvOetikne Metovotikng Ymepdstypatoinyiag (Synthetic
Minority Oversampling Technique — SMOTE). H pébodoc SMOTE kotookevdotnke amd Tovg
Chawla N. V., Bowyer K. W., Hall, L. O., Kegelmeyer, W. P. 1o 2002, tpocfAénovioc otnv
eMiAvoN NG AVIGOPPOTING OEOOUEVMV LELOYNPIKTG TAENGS, TapdyovTag TeEXVNTA onpeio 0E00UEVDV
Boaoilopeva ota apywd onpeion pe ovemaicOnteg Swwpopomomoels. O akyopibpog SMOTE
Baciletar oTig emepyoOpeveS d0d1KOGiES:

Toyaio erthoyn onueiov omd v peloynekn ta&n (Minority class).
[Ipoodiopiopdg tov K-minciéotepov yertdvov (K-nearest Neighbors) tov onueiov.
Emoyn evog amd toug K yeltoveg kot kaBopiopdg Tov davOicHaTOS HETAED TOL
eMAEYUEVOL YEITOVO KO TOL TUYOIOV oTMUEiOL.

[ToAAOTAOGIOG OGS TOV SLOVOCUATOG e TVUYio aptBud kopovopevo and 0 émg 1.
[Ip6cBeon tov mapayduevov d1avHGHATOG GTO TVYALO oMpElo.

[Mapaywyn tov cvuvBetiko onueiov dedopuéEvmy.
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Synthetic Minority Oversampling Technique
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Original Dataset Generating Samples Resampled Dataset

Ewova 3.19: Teyvikn Zovletikic Merovotikig Yrepderyuoroinyios (SMOTE)

Inyn: Emilia Orellana, SMOTE (2020), [Available: https://emilia-
orellana44.medium.com/smote-2acd5dd09948 ] (Accessed 20-10-2022)

3.4.4 Avalymon [TAéypatog (GridSearch)

H Avolnmmon IIAéypotog mpdkerton yo pio drodikosioo PEATIGTOTOMGONG VIEPTAPAUETPOV
(hyperparameters), texyvikn evpémg Owadopévn ommv  Mnyavikn Mdabnon, pe kaAdtepa
anoteléopato and v toyaio avalnmon (Random Search). Ot vrepmapdpetpol poviérmv
APOPOVV EEMTEPIKA YOPAKTNPIOTIKE TOV LIEGEPYOVIAL GTOVG OAYOPiOHOVG TaAVIpOUNONG Kot
ta&vounong Katd v Kpion Tov €peLVNT, HE TIG TIEG TOVG Vo dlvovtal TPV TV dtodikacio
ekmaidevong kot eivar aveEdptnteg Tmv dedopévav (Ndiaye et al., 2019). Tétoteg vrepmopapeTpot
givo 0 ap1Budc svotddmv K yio adyopifuovg K-tinciéotepav yertovov 1 K-péoov, n pubuiotiky
VIEPTOPApETPOG € Ko To poviéro [Mupnva (kernel) otic Mnyavég Atevuoudtmv vrostnpiEng Kot
0 apBpog tov kpuedv otpoocemv (hidden layers) ota Nevpovikd Aiktva. H dadikacio g
avalntnong mAéypatog (Grid Search) evromilel mheiddeg (tuples) tov Béltiotmv vaepmapausTpmv
vy koBévo SopopeTIKd alyoplOlo mPog eAyIOTOTOINCT NG TPOKAOOPIGUEVIC CLVAPTNONG
andietag (loss function) Tov dedopévov dokiune.
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Grid Search

Hyperparameter 1

Hyperparameter 2

Ewova 3.20: Alnlovyio drodikaciog ooVIOVIGUOD dDO DIEPTIOPOUETPMV LUE THYV avalHTHON
TAEyUaTOS

Onyn: Maél Fabien, A Guide to Hyperparameter Optimization (HPO). (2019), [Available:
https://maelfabien.github.io/machinelearning/Explorium4/# ] (Accessed 20-10-2022)

3.5 Merpikéc ASlohoynoelg

H a&ohdynon g amddoong towv HovtéAmv tagivounong Kot ToaAvopounong amotelel pio amd Tig
KOUPIKOTEPEG LUOIKAGIEG OTNV EKTOIOELOT TV HOVTEA®V 6TV Mryavikiy Mdbnon. [Ma avtd tov
AOy0, omouteital M TOGOTIKOTMOINGON NG TowdTNTOG Omddoong Kabe poviédov pe v €lcodo
LETPIKOV a&lOAOYHoEMY oTaTIoTIKNG PVoems ( Zhou et al., 2021). T tv ekndvnon g Topodoag
Authopotikng Epyaciog epappootnroy ot kATt HeTpikés.

3.5.1 Xvvteheotng mpocdiopiopon R?

TNV GTOTIOTIKN 0 GLUVTELEOTHG TPoSdiopiopod R? eivar 1 avodoyia TG SIOKOLLOVOTS TMV TGOV
g e€apnuévng petafAntig mov tpoPAémovron amd TG dedoUEVES aveEdpTnTeg Ko vtoAoyiletan
v va a&todoynBovv povtédo ITalvopounocemv kot avaAvong TAcEwV, MG €vo HETPO KOANG
TPOCAPUOYNS TOL HovTéAov. Opiletar ¢ 0 Adyog Tov afpoicuatog TV TETpaydVeV e&ottiog ™G
TOAVOPOUNONG TPOS TO GLVOAIKO dOpotcpa TETpAy®VOV. Ol TIHES TOV GUVTEAESTN TPOCIIOPIGLLOV
avikovv oto ddotnua (-oo, 1] (Kvélseth, 1985). Xuvtedeotig TpocdopiGHOD 1GOG e TV LOVAda,
VTOOEIKVVEL OTL 01 TPOPAEWELS TavTICOVTOL aAmOALTA [E T SEGOUEVA QOKIUNG, EVD 160G LE TO UNdEV
VTOOEIKVVEL OTL O aveEAPTNTEG UETOPANTES dev cuUPdALovy KaBOAOL GtV peTafAnToTTO TOV
eCapmuévav petafintav, oniadn ot TpoPAéyelg Tovtiloviot Le TUYAIOVE VTOAOYIGHOVS, KOVTE
GTOV HEGO OPO TOV SESOUEVOV SOKIUNAG. ApVNTIKOG GUVTEAESTHC TPocdlopiopol R? vmodnldvet
OTL 01 TPOPALYELS EXOVV XEPOTEPT EPUNVELD KOL OO TUYNUATIKE YEYOVOTOL.

S Sres

(3.5) R =1 ==
SStf.:t
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Omov

R? : 0 6UVTELEGTHC TPOGSIOPIGHOD

SSres : TO GOpOICUA TETPAYDOVOV TOAIVOIPOUNOTG

SStot : TO OAMKO GBpoOIoUa TETPOYDVAOV

3.5.2 Mntpeg Zoyyvonc (Confusion Matrixes)

O1 Mntpeg Xhyyvong amotelohv PETPIKEG OEIOAOYNCELG HEGM TNG OTTIKOTOINOTG TNG andO0oNG
alyopiBumv tavounong oe popoen mivaxa. Kabe cepd tov mivaka ovomapiotd to S10popeTIKA
JLKPLTA EVOEYOLEVO TOV TPAYUATIKOV KAAGE®V, VD KAOE GTNAN TOV TPOPAETOUEVOV KAAGE®V,
N 10 avtiBeto. H ovykekpévn avamopdotacn GLUPIAAEL GTNV OUECOTNTO OVAYVOONG TNG
amddO0oNG TOL HOVTEAOL Kol e€€Taom TS mOavOTTOG CLYYXDVELOTG TV dVO0 KAdoewy. Ta mbavd
EVOEYOUEVO LETA TNV EKTTAdEVOT TOV aAyopiBpov cuvoyilovtal og eENG:

e  Opbng Octikod ( True Positive — TP): 0 aptBudc tov npofréyemvy mov 0 ToEWVOUNTHG

TpoéPAeye TNV KAAGT TOL VKOV GMGTA.

e Opbog Apvntikd ( True Negative — TN): o apOudg tov mpoPfréyemv mov dev
AVIKOLV GTNV KAGOT Kot 0 TaEvouUNTHG TPOEPAEYE GMOTA.

e  Yevdng Oetiko (False Positive — FP): 0 ap1fudc tov npofréyemy Tov dev aviKovy
TPOYUATIKE TNV KAAGT, Op®G TaStvopunnkay 6e aut.

e WYevdng Apvnuikd (False Negative -FN): o apifudc tov mpoPfréyemv mov o
ta&wvountng Aavlacuéva tposPreye OTL AviKOLY G GAAN KAGGN.

Confusion Matrix

Actually Actually
Positive (1) Negative (0)

Predicted True Positives False Positives
Positive (1) (TPs) (FPs)

Predicted False Negatives True Negatives
Negative (0) (FNs) (TNs)

Ewova 3.21: Aoun Mitpag Xoyyvong

nyn;: Wei Bin Loo, Dominik Czernia, PhD, Jack Bowater, Confusion Matrix Calculator.
(2022), [Available: https://www.omnicalculator.com/statistics/confusion-matrix ]
(Accessed 20-10-2022)
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3.5.3 OpBoTTQL

H OpBomta evdg povtérov ekmaidevong opiletat g 1 ovoroyio Tov 0pOdS TAEVOUNUEVOV TILOV
oTNV KAGOT TOL VKoLV, ONANOY] TOGOTIKOTOLEL TNV aTOA0CT| TOV LOVTELOV TASIvOUNoNG, LECH
TOL TOGOGTOV TV COGTMV ToV TpoPréyemv. Xe dvadikn tavounon, n Opbotnta (Accuracy)
neplypaeetar omd v e€icwon 3.7:

TP+TN
TP+TN+FP+FN

(3.7) Accuracy =

Omnov

TP: Opbag Oetikd otoryeia
TN: OpBmdg Apvntikd ctotyeio
FP : Yevdmg Oetikd otoryeio

FN : Yevddg Apvnrikd otoryeia

[MopoX’avtd, dapkeilg €pguves amodekvoovy 0Tt 1 opBdTTA €VOC HOVTELOL dev emopkel Yol
povtéha mpoPreyng oe mpoPfinuota tagvounong, Aoyw tov gowvopévov tov Ilapddofov tng
OpBotnrag, cOppova pe to omoio gpeavilovtol TEPITOGES HepoANyiog AOy® TG Kuplapyns
TaENG dedopévav, emmpealoviog v teAkn oamddoon tov povtédov (Uddin, 2019). Tha v
avTipetdnion Tov [apaddéov, elcaydyovrol eVOAAAKTIKEG AEI0AOYNGELS.

3.5.4 Axpifewa

H Axpifeia meprypdoetal og v avoroyio g 6mTHg TaSVOUN oG TOV GTOLXEIDV amtd TO GHVOLO
TV otoryelov g KAdong mov tavoundnkav, OmAadn oamotehel €vo PETPO OTOTIGTIKNG
petafAntotnroc. Opileton coppmva pe v eicwon 3.8, mov axoAlovdei.

TP
TP+ FP

(3.8) Precision =

3.5.5 Avdaxinon

H Avéiinon mov ovopdleton ko og evaioOncio deiyparog, opileTon ®¢ 10 T0606Td TOL OPLOROV
TOV 0pODC KOTAVEUNUEVOV CTOEIMV 08 GLYKEKPIUEV KAAGT TTPOG TO. GLVOMK(G GTOUYElD TOV
aviKouv kot Bo Empemne vo avijKovv 6TV 1010 KAGoT, dNANOT OKOUO KOl TOV GTOXEIDV TOV OgV
ta&wvounonikayv opdmg Yo TNV GLYKEKPIUEVT KAAOT). Xe TpoPAnpata TpdPAeYNg EXKIVOLVOTNTOG,
Omm¢ avtd mov e&etdlel n Ttapovsa Aumdmpatikn Epyacia, 1 avakinon vrepioyvet g a&toldynon
™¢ akpifetog, kabmg meptroufaver ta Aavlacuévog karnyopromomuévo ototyeio (False Positive
or False Negative elements), mov Adym tov AdBovg Ta&ivounong dHvatotl vo amoBovv 11nTépme
Kpiolo. ZOUTEPUCUOTIKA, GE AVAALOT TASIVOUNONG EMKIVOLVOTNTOC, LOVTELQ LLE YOUNAL LETPIKA
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avakAnong yapoxtnpiCovror og emicpain (Gupta et al., 2021). H avakinon opiletal coppova pe
v e€lowon 3.9.

TP
TP+ FN

(3.9) Recall =

3.5.6 F;-score

To petpkd F1, n ahlidg cvvtedeotng Serensen—Dice, amotelel o GUVICTOGA TG YEVIKEVUEVNS
0V popeng Fp kar opiletar g o appovikodg puesog 0pog g opBotntag kot g axpifetag. To
OUYKEKPIUEVO UETPIKO GCLVICTA o ONUOVTIKY 0&lOAOYNoN OE MEPIMTMOGELS VTOAOYIGLOV
woppomiag peta&hd opBdtrag ko axpifelog oe mpoPfAnuota un coppomnuévng pddnong.
Qot000, Kol €V avTIOECEL PE TNV YEVIKELUEVI] TOL LOPQY|, COUP®VO LE EPELVVNTEG OTEPEITAL
dtnctnrtikng epunveiog oav agoldynon, kabmg dev Aoyilel otabon (weighting) peta&d dvo
dakprTdV gvvolmv, Omwe 1 opbotnta kot 1 akpifeia (Hand & Peter, 2018). Ot tipég tov Fr
kopaivovtatl and 0.0 g 1.0, pe v Ty 1.0 va vrodniovet téheto opBoTNTO Kot akpifeta, eV 1
i 0.0 pndevikég avtictorya Tpés. H e&iomon mov meprypdopet to F1 glvar n axdriovdn 3.10.

Precision ‘Recall

Precision + Recall

3.5.7 Eopoiuévo Oetiko mocootd (False Positive Ratio -FPR)

To esparpévo BeTikd 1060610, N T0606TO AavBacuévov cuvayeppov (False Alarm Ratio — FAR)
opiletar g M mBavotnto AavOacuévng TaEvounons oe KAGOT LoG apykng bodeomng Kot GuVieTd
™V avoroyio HETOED TV apvNTIKOV oTotyeimv mov Aavlacpéva tagvoundnkav wg Betikd mpog
TO GUVOAO TOV TPAYUATIKE OPVNTIKOV CTOLYEIOV.

FP
FP+TN

(3.11) FPR =

3.5.8 Ecaipévo apvntikd mocootd (False Negative Ratio -FNR)

To eopaipévo apvntikd mocootd opiletar ¢ 1 mBavotnto AavBaosuévng tagvounong oty
SPOPETIKT KAAGN omtd anTiv Tov LTOAOYILEL TO e6PaApEVO BeTiKO T0c00Td. Ev mpokeuévo, oe
avaAvoelg TpoPAeyNg emkivovvoTnTag, VYNAG T0600T6 FNR vodnidvel mAnbdpa Aavlocsuéva
TAEIVOLUNUEVOV TPOYLOTIKA ETKIVOLVOV TPOPAEYEWV.

FN
FN +TP

(3.12) FNR =
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3.5.9 IIeproyn katw amd v Kapmoin (AUC score)

[Ipdkertar yio v TPOTHOTEPT LETPIKT AELOAGYNOT| V1o TV TPOPAETTIKY KOVOTNTA EVOG LOVTEAOD
ta&ivounong (Huang & Ling, 2005) kot opiletol ®¢ 10 T0G00TO amd T0 GLVOMKO YPAPTLLOL, TNG
TEPLOYNG KAt and v kopumdin ROC, oniadn g ypaeikng 0160146TaTNG AmEKOVIGNS TOL 0pBdg
Betikob mocootov (True Positive Rate) kot tov eopaiuévov Betikod mocootod (False Positive
Rate). H xapmdin ROC pmopei vo coppdirel otov kabopiopud evog opiov amodpaong (optimal
threshold) mov glayiotomotel 10 T0606TO GEAMUATOC 1| TO KOGTOG EGQOAUEVNG TAEVOUNONC OF
dedopéveg KAAGELS, GTOV TPOGIOPICUO TOV KAAVTEPOV TASIVOUNTY GE OEO0UEVO EVPOG TIUMV Kot
TEPLOYNG OTNV KOAUTOAY, KAODG Kol otV amdKTNoY PabUovounuévev eKTUNCE®V, KATO TNV
Mmnebliavn otatiotikn| (Flach, 2016).
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Ewova 3.22: Koundleg ROC kou tiueg AUC oe talivounon mollomdaov kAdoewv

nyn: Ajitesh Kumar, Data Analytic., (2020), [Available: https://vitalflux.com/roc-curve-
auc-python-false-positive-true-positive-rate/ ] (Accessed 21-10-2022)
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4,  Xvlloyn ko EmeEepyacio tov otoryeimv

Avt 1 evOTTO TTOPEYEL TEYVIKEG TANPOPOPIEG Yo TNV OAOIKAGIO CLAAOYNG TV dedoUéEVmV,
TEPLYPOPIKO OTATIOTIKA OTOUYElD, OLEPEVVNTIKES TOPOUUETPOVS KOl OLAPOPES EMTPOCHETES
TANPOPOPIEC, GLVAPELSG pe Ta dedopéEva Tov a&tomotndnkay oty tapovoa Aumhouatiky Epyacio.
210%0¢ etvar Ta TapeXOUEVA SEFOUEVA VO ATOCAPNVIGTOVV KOl VO amoTV®mBHovV 660 T0 duvatdV
TANPECTEPQ, TPOKEUEVOL VO TPOKLYOLV YPNOUN CLUTEPAcoUATO Kot vo ovoPaduiotel n
dwadkacio TIg KOpoG LETEMELTA ETEEEPYAGIOG TOVG.

4.1 Zvlloyn TV oTolElOV

Ta dedopéva PLGIKNG 0ONYNONG VIO TPAYUATIKEG 001KEG cLVONKEC oL adlomomOnkay Yoo TV
ekmdvnon ¢ epyaciog, cLAAEYONKaY Kol TopacyEOnkay and v etapio TAepotikng OSeven
Telematics® (https://oseven.io/), péc®m E181KE KATAGKEVOGUEVG KOl ATOAVTO EVGOUUTOUEVIS GTO
1a&idL, PapUOYNG KIvnToD THAEP®VOL, 1) OTolo KOTAYPAQPEL KOl GUAAEYEL dedOUEVA GLVEXOUEVO,
dtym¢ mapepuPorés oy odnynon. H avarntuén g epapproyng, n onoia tapovcidotnke 1o 2014,
Eexivnoe amd TNV avAyKn Yyl TNV GLAAOYN KOl OVOALGT OEOOUEVMOV OOIKNG CLUTEPLPOPAS
oToEl®V OANOVAV 00IKOV GLVONKOV, PeyaAng KAMPoKAg Vo TPAYUATIKO ¥POVO KOl [E GUEST
KOTOypoen Kol omofnKevor tovs. Am®MTEPOG GTOYOG TNG AVATTLENG OVTNG TNG KOVOTOLOV
ePapLoyNg etvar n a&loddynon kot BeATimon g 001KNG GLUTEPLPOPAS KOt 0OTKNG AGPAAELOC.

H Aerrovpyio g epappoyng Paciletor otovg arcOnmpeg hardware g cvokevng smartphone,
dlywg v ypnon Giiov efomiopoV. Emmpdoheta, yioo v avdyvoon tov dedopéveov Tov
Ao TAPOV KoL TNV TPOSOPIVY TOVG omodnKevon oty PAcn 0E00UEVEOV TOL KIVITOV, TPOTOV
uetadobovv oty kevipikn Paon odedopévav (back-end database) tng etaupiog, aflomoteiton
nAndopa APIs (Application Programming Interface). H tomiky draducacio mov akoiovbeiton og
Ka0e Kataypaen véov TaEdod mapovotdletot yapaktnprotikd oty Ewova 4.. To cuiieyBévta
dedopéva elvar 10101TEPMG SOKEKPLLEVA X OPOYPOVIKA KOt LOMS amoBnKeLTOVV oTNV TEAKN Pdom
OedOUEVAOV LETATPETOVTOL GE OEIKTEG 00IKT|G CLUTEPLPOPAS KOl AGPAAELOG 010, LEGM EMEEEPYATTOG
onuatov, olyopibpovg Mmnyavikig Mdabnong, ovyydvevon dedouévov (data fusion) ko
aAyopiBuovg Malikdv Aedopévov (Big Data algorithms) (Kontaxi et al., 2022). ITo cuykekpipéva
Y10 TV KATOYPOQT KOl TOPOYOYH TOV SEIKTMV, 01 cuodnTtipeg Tov sSmartphone mov a&lomolobvtat
TEPILOUPAVOLY  EMTAYVVOIOUETPO, YVPOOKOTIO, poyvntopetpo kot GPS, evd or teyvikég
ovyydvevong dedopdvav mapéyovtol amd v 10SC kar v Android® pe poviédo 9 Pabumdv
erevbepiag (Yaw, Pitch, Roll) (Tran, 2017), Tpoppikig emtdyvvong Kot Bopoutntog, He TIG
KOTOYPAPES TOV OEOOUEVMV VAL TTPOY LOTOTOLOVVTIOL GTNV HEYISTN 1oy Tov 1HZ.
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Connected Car Mobile Network Remote Servers Store / Manage / Analyse
Ewoéva 4.1: Porj dedopévav avariuarog OSeven
Onyn: Tselentis, Dimitrios & Vlahogianni, Eleni & Yannis, George & Kavouras, Loukas.

(2020). Hybrid Data Envelopment Analysis for Large-Scale Smartphone Data
Modeling. Transportation Research Procedia. 48. 975-986. [Available at doi:
10.1016/j.trpro.2020.08.126] (Accessed 21-10-2022)
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Ewoéva 4.2: 2vyyavevon dedopévev ue piltpo Kalman rollariov diaordoewv
Onyn: Sharath Srinivasan, The Kalman Filter: An algorithm for making sense of fused sensor

insight.  (2018), [Available: https://towardsdatascience.com/kalman-filter-an-
algorithm-for-making-sense-from-the-insights-of-various-sensors-fused-together-
ddf67597f35e ] (Accessed 21-10-2022)

210 POV EPELVNTIKO £PY0, TOL OEO0UEVA TOV GLAAEYOMKaAY amd Ty OSeven® kot enelepydonroyv
amoteLovVTAL OO KOTOYPaPES 356.162 SL0popeTIK®V 0dIK®V SLOOPOU®Y, UE TOVG OEIKTES TTOV
napdyOnkav v v kabe pia dtedpoun va avépyovtar otovg 75. Ot deikteg ko tor dedopéva
amotundOnKov o€ apyeio TV dyopouéveov pe koéppe tov Microsoft Excel (.csv). Ot
KOTAYPOQES TV OldpopdV mpaypatomomdnkay, o¢ eni to mAgiotov, Katd TV OldpKeld TG
é€apong g mavonuiog SARS-CoV-2, e 100G S&IKTEC TOV OVOPEPOVTAL GE VTNV, OTWS O OEIKTNG
Avompotmrag (Stringency index) 1 o deiktng Ilepopiopumv (Restrictions index) vo pnv
ocoumeptlopupdvovior 6tny aviAvon TV OedoUEVEV, AOY® OVETIKOPNG TOvS 1010TNTaS. Q¢
aKoAoVOmE, Ol OeikTeC HE TOVG OMOIOLG TPOYUATOTOMONKE €V TEAEL 1 OVAALGT, OVTOG Ol
ave€dptnreg ko e€aptuéveg petafAntés, avépyovror o€ 23 Ko meprypaeovtal otov Iivaxa 4.1 .
Ta cvideyBévta 0dKd dedopéva etval amoADTOS AVAOVL LA, GUVETHS GALN 0O YOKEVTPIKA GTOKE D,
OT®G M NAKia, TO GUAO KOt TO IGTOPIKO ATLYNUATOV EIVOL TAVIEADS AYVOOTA.
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4.2 Tleprypaon TV O£00UEVOV

2e VTN TNV LIOEVOTNTA TOPATIOETAL 1) TEPLYPAPT) TOV OEOOUEVOV TOV CLAAEYONKOV GE LOPPN
[Mivaxo (TTivaxag 4.1).

Hivaxag 4.1: Heprypagn twv dedouévwv mov ovAAéyBnkay amd v fdon dedouévav e OSeven

Metafint) Movéoo pétpnong Ieprypaei
duration sec ZUVOMKN S10pKEL. TG 6100p0UNG
total_distance km Yuvolkn dtovubeico andotoon

AwovuBeioca amdoToon Katd TV
dudpkela emkivovvng {dvng dpag
risky hours km (00:00 - 05:00)

Yuvolikr| dtdpkela 0dMynong (dev
TEPILOUPAVOVTOL KOTUGTAGELG
OKIVNOIl0G TOL OYNUATOG/ oTdo,

driving_duration sec otabugvon)

ATOTON®V EMTOYVVOELS OE U
ha - dradpoun

AmodTopeg emPPudVLVGEIC GE Lo
hb - dradpoun

Amotopeg emtaydvoelc ota 100
ha/100 km - YMOUETPA

Amnotopeg emPpadvveelg ota 100
hb/100km - LMOUETPAL
avg speed km/h Méon toydTnTo, S108poung

Méon Sapopd peta&d e
TaVTNTOG 001YNOoNG Kot TOV 0piov
av_speeding_kmh _no_changer km/h To0TNTOG

avg driving speed km/h Méon taydTnTa 0d1ynong

Méon TayvTnTo 01 ynong Katd
TNV o1dpkela vEEpPacrg opiov
av_speeding_kmh km/h TOYOTNTOG

ZUVOAIKT| SLAPKELD 00T YNONG ME

VIEPPOALKT TOYOTNTO CE LU0

Swdpopn (Opro TayvTag + Opa
sum_speeding sec avEyelog )

YUVOAIKY| SLapKELD YPNONG KIVITOD
time_mobile usage sec 0€ o S1dpoun

Algprelo yprong Kwntov ava
LOVAS0. GUVOALKNG S10pKELOG
time_mobile_usage/driving duration sec/sec 0dMynong
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Algpreto 00nyNoNG Le vepPoiikn
TOYVTNTO VG PHOVAOO GUVOAIKTG

sum_speeding/driving duration sec/sec d1apKeag 0dNyNong
speeding_score % 2Kkop LIEPPOMKNC TAYLTITOG
2Kop YPNoNG KN tov Kot TV
mu_score % S1apKeLOL TNG OLUOPOUNG
hb_score % TKop andTOU®V ETPPASHVEEDY
ha score % 2KOp OTOTOUWDY EMTOYUVOEDY
total score % 2UVOMKO oKOp
IMocooTtiaio nuepriola Stapopd
©6pTov 0N YDV 1.X. cUYKpPITIKA e
ouvOnkeg mpo mavonuiog (BL:13
GRdriving % Iav 2020)
ITocooTtiaio npepnola Stapopd
@optov odnyav L.X. cuykprtikd pe
ovvOnkeg mpo mavonuiog (BL.: 13
GRwalking % lav 2020)

[Tpoxeévov va agloroyndel n modTTo KAOE S10dPOUNG, TO LOVIELO OOIKNG CLUTEPIPOPES NG
0OSeven® katackevdlel évav OeikTn OKOp CGLYKEKPYEVOV TOPAPETP®V, Yo Kabe dadpoun. Ta
EMUEPOVS GKOP OLAKPIVOVTOL GE GKOP VIEPPOAIKNG TOYVTNTAS, CKOP ATOTOUMY EMTOYVVGEDV KOl
emPpadvvoemv (aptBpds Kot £vTacn), GKop ypNons Kvntod THAEQP®OVOV KOl GUVOAIKO GKOp, LE TIC
TéG Toug va kopaivovton omd 0 (xepdtepo) émg 100 (karkdtepo). To cuvolkod okop kabe ypnot
vroAoyileton g 0 GTAOUIGUEVOG HEGOG TMV KATAYPOUUEVOV d10dPOU®Y KAOE xpNoT o€ dSdoTno
12 pnvov, pe Ty amdoTao Vo OTOTEAEL TOV GUVTEAEGTT] OTAOUIOTG.

4.3 Emnefepyacio twv 0ed0uEVmV

H ene&epyaocia tmv dedopévav mpayuatomomdnke ue v yAdooao tpoypappoticpon Python kot
mv Bondeta tov Piprlodnkdv avaivong dedouévov pandas, numpy kot seaborn yio v

OTEKOVIOT) TOVG.

4.3.1 Tleprypo@ikn XTOTIGTIKY TOV OE00UEVMOV

Xmv evotnta. Tov 0KOAOLOElL, mopovclalovTal To OTOVKElN. TEPIYPAPIKNG OTOTIOTIKNG 7OV
GLVOOEVOLV TA EOOUEVD, OTTMG 1| LEGT TIUN, 1 TUTIKY OTOKALGN, 1 SIOKVUAVOTY|, Ol GUVTEAEGTEG
AOEOTNTOG KOl KOPTMOMG Kol Ol EAAYIOTES Ko HEYIOTEC TOVG TIHEG, KOOME Kol 1 AmEKOVION
OPICUEVOV BAGIKAOV TOVG YOPUKTNPIOTIKMOV GE LOPPT YPUPNUATOV.
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Mivokag 4.2:

Teprypagixn orotiotikn twv uetofintov

e Ve N wewem e M T e Ve
duration (sec) 962.04 1093.98 1.197E+06 4.044 29.179 61.00 25549.00
total_distance (km) 11.60 2231 4.979E+02 6.751 70.106 0.50 648.68
total_score (%) 75.66% 23.47 5.510E+02 -0.795 -0.491 10.00% 100.00%
speeding_score (%) 76.52% 32.92 1.084E+03 -1.026 -0.581 10.00% 100.00%
mu_score (%) 80.53% 34,62 1.198E+03 -1.333 -0.073 10.00% 100.00%
hb_score (%) 79.20% 2135 4.558E+02 -1.005 0.083 10.00% 100.00%
ha_score (%) 81.59% 19.74 3.897E+02 -1.347 1.045 10.00% 100.00%
risky_hours (km) 0.37 4.01 1.606E+01 30.709 1759.217 0.00 4277
ha (-) 0.89 1.97 3.882E+00 6.888 137.036 0.00 121.00
hb () 1.26 220 4.856E+00 4.355 45.307 0.00 87.00
sum_speeding (sec) 65.63 194.31 3.776E+04 8.744 139.920 0.00 7697.00
av_speeding_kmh (km/h) 4.00 6.03 3.633E+01 2.746 32.347 0.00 314.16
time_mobile_usage (sec) 39.11 159.27 2.537E+04 11.273 240.711 0.00 9901.00
driving_duration (sec) 769.97 967.15 9.354E+05 4.576 35.074 61.00 23900.00
ha/100 km () 11.95 27.86 7.763E+02 4500 31.378 0.00 597.01
hb/L00km (-) 16.39 20.76 8.858E+02 3.560 21.975 0.00 810.67
avg speed (km/h) 35.13 18.89 3.567E+02 1.309 2.037 1.96 262.52
gmgﬁg"r??si:%:::)ge/d”"ing 0.05 0.14 2.079E-02 4.090 18.010 0.00 0.99
sum_speeding/driving duration 0.06 011 1.133E-02 2.753 9.078 0.00 1.00
(sec/sec)

"("l‘(’r;f/f]‘;edi”g—kmh—”O—Changer 951 1111 1.234E+02 0.864 2.258 0.00 329.16
avg driving speed (km/h) 4257 17.58 3.001E+02 1.436 2.715 557 32391
GRdriving (%) 100.64 55.88 3.123E+03 0.250 -0.431 0.00 241.14
GRwalking (%) 11435 6194 3.837E+03 0.297 -0.809 0.00 254.21

Ta mePLypa@IKd oTUTIOTIKA GTOYEIN TOV TPOEKLYAY OO TNV OPYIKT] AVOAVOT TOV UETARANTOV,
TPOCPEPOLY EMTPOGHETN TANPOPOPIN, GNUAVTIKY Y10 TNV KATOVONGT TOV 0E00UEVMDY. META TV
apyIKn enegepyacia TV HETAPANTOV, 01 OATIOEUEVES O1UOPOUES VTTOAOYIOTNKAY VO EXOVV LECT
dubpreta 962.04 devteporéntmv, ot 16.03 Aentd. Eved mapatnprOnkav dtadpopés pe avénpévn
OLAPKELN, QVTEG NTAV TEPLOPLGUEVES KO SLVNTIKA OPEIAOVTAL GTOV KUKAOPOPLIKO POPTO TNG DPOG
kivnong, ovvovalopeves pe o KUKAMKN Oadpopr] omo@LYNG TOv.

napatnpeital oto I'ponua 4.1.

Avt) 1 Swkdpovon
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Cpéonua 4.1: A1oKOUOVeN TS KOTOVOUNS THS O10PKELAS OLAOPOUNG

Y& outég TG dwdpouéc, onueimdnkav oprouéve amndtoua cvuPavta (harsh events), ue to
TEPLYPUPIKA GTOLXELN VO ATTOJEIKVIOVY OTL 01 OOIKEG CLUTEPIPOPES OEV TPOKELTAL Y10 VILEPPOAIKE
emOeTIKES, KABMG 1 CLYVOTNTA ELPAVIGNC TOVG EIVOL TYETIKA YOUNAT KoL 01 GXETIKOT O1dpeGOT TOVG
etvan unodevicot (I'pdonua 4.2, 4.3). To pétpo kOPTOONG TOV ATOTOU®V GVUPAVTOV givar a&loloya
VYNADGG, YEYOVOG TOL KATOOEIKVOEL OTL 1) GLYVOTNTO TOV OTOTOU®V GULUPAVT®OV @aiveTol vo
axolovBel apketd acOppetpn Kotavour. To detypa twv odnydv amd Tovg omoiovg GLAAEXON KAV
T dedopéva, eaiveTal vor akoAovBovv Katd PAcT TOVE 001KOVG KMOKES Kol KAvOVeS, KaBdg M
uetafAntn total_score £yet didpeco 84.00/100 kot 1 drokvdpaven e meptypapstol oto I'pdonua
4.4, Ot TYég Tov PETPOV KOPTWOONG TOPAUEVOLY UEYAAEG GUVOAIKE, TEPAV TOV HETAPANT®V SCore
KOl TOV QOPTOV, EVO OKOUO YOUNAN elval Kot Yoo TV HéEST ToVTNTO 001 YNoNG Kot Sadpounc,
KATL IOV TIG YapakTNPilel ™G amokAIVOLGEG HETAPANTES LLE OPKETES YOUPAKTNPLOTIKE EKTOTES TIUEG,
OT™G 01 PLEYIOTEG TOVC.
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4.3.2 Xvoyétion Pearson

[Tpoxeévov va diepevvnBovv ot oyéoelg pHetalh Tov HETAPANTOV, VITOAOYIGTKE O GUVTEAECTNG
ovoyétiong Pearson, o onoiog anewkoviCeton oto I'paenua 4.5. T'a v kaAdtepn Katavonon tov
YPOPYLLOTOG, YIVETOL TOLOTIKOG YOPAKTIPLOUOG TOV EVPOVE TIUMV TOV cLuVvTEAESTY Pearson r:

e |r]=0, kopio cvoyétion peta&d TV peTaPfAnTOV

e 0<|r|<0.25, kakf cvoyétion peta&d TV peTaPfANTOV

e 0.26 <|r|<0.50, avioyvpn cvoyétion petal&d TV PeTAPANTOV
e 0.51<|r|<0.75, pérpla cvoyétion petald TV pHETAPANTOV

e 0.76 <|r|<0.99, wyvpn cvcoyétion peTa&d TOV PETARANTOV

e |r|=1.00, téielo cvoyétion petal&d TV PeTAPANTOV

Triangle Correlation Heatmap

haf100km - 100
hb/100km S0:35
duration ~0.069-0.084 075
total_distance --0.08 -0.097J0EE]
total_score - 0.2 0.21 0.41 04
speeding_score -0.077-0.078 0.32 0.32 |GEE] 050
mu_score --0.03 0.014-0.22 -0.16 (&1 0.15
hb_score --0.26 FlFY 0.3 033 (k38 034 013
ha_score JEFY-0.25 0.28 0.3 i34 029 014 [ ~025

risky_hours ~0.016 0.02 0.15 0.17 -0.055-0.04 0.0150.0640.064
ha | 0.18 041" 038 048 035 0.15 0:42 FET0.058
[ 9,45“041 0.16 [EN53 0.44 0.063 [EFA -0.00
10073035 0.3 011 023 029
0.12 044 039 011 029 037 EH

avg speed - 0.1 -0.11 039 QiR 0.4
avg driving speed ~0.059 -0.06 046 {73 #5%

time_mobile_usage/driving duration -0.058 0.028 0.0190.0041 0.3 ENE]0.039-0.0580.00490.072 0.0430.007D.0053 --0.25
sum_speeding/driving duration -0.035 0.046 0.18 026 NEFER0.089 0.26 0.19 0.035 0.28 0.33 W 0.039
sum_speeding -0.029-0.035[GEIOEEY 0,46 0:49 0.13 0.26 -0.21 0.086| 0.4 V 1§ 05 053 (MiPl] 063
av_speeding_kmh -0.079 0.069 0.34 0.38 Evl:IIEVRFY -0.14 0.38 0.34 0.058 038 042 052 059 [IEH 068 049 | --0.50
av_speeding_kmh_no_changer -0.072 0.066 0.41 043 EVgEREE:PY 0.16 -0.41 0.37 0.064 039 | 3 058 065 [XEE] 069 0.49\ 0.92

time_mobile_usage -0.006-0.014, 028 024 03 013 %0/4610.098 0.11 003 0.18

driving_duration ~0.089 -0.11 [DEEIEEN 041 033 0.2 029 027 017 039]
GRdriving ~0.027 0.06 0. 046 0.0440.00340.0220.00790.057 0,045 0.0180.00017.022 0.0115.6e-05.00690.017 0.0440.0011.00510.025 0.055

GRwalking -0.023.0.054 0.034 0.0290.00160.0190.0049.059 0.052 0.0150.00510.028.00026.0090.00710.016 0.0350.0016.00120.019 0.035 [BET
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Cpbonpa 4.5: Tprywvikog mivaxag Oepudtnrag ovoyétions petafintay kara Pearson

210 ypaenuaTo Tov akoAovBohv mapovcidloviol amopovmpévol ot deikteg cvuoyETiong Pearson
Yo T emAeypéveg e€aptnuéveg HeTafAntég Tng €peuvag, ME TIG avtioToryeg aveSApTnTES.
YrevOopiletor 6tt o1 e€aptmuéveg petafAntég eival ot amdTopes emMTAYOVOELS KOl OTOTOUES
emrtoyOvoelg ava 100 ywuopetpo (ha/l00km, hb/100km). Ot ocuykekpiuéves HeTofANTEG
eMAEYONKAY Yoo TV €pevva, KoOMG oLuVIGTOOV OEIKTEG OOIKNG EMKIVOLVOTNTOS, AoV &ival
AVay®YIKN TN ©¢ Tpog v dtavubeica andotaon.
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Features Correlating with ha/100km

100
ha/100km 1
ha
hib/100km - 035
075
hb - 017
av_speeding_kmh - 0.079
av_speeding_kmh_no_changer - 0.072 050
time_mebile_usagefdriving duration - 0.058
sum_speeding/driving duration - 0.035
time_mobile_usage - 0.006 -0.25
risky_hours - 0.016
GRwalking - 0.023
GRdriving - 0.027 -0.00
sum_speeding - 0.029
mu_score - 0.03
avg driving speed - 0059 --0.25
duration - 0.06%
speeding_score - 0.077
total_distance - 0.08 -0.50
driving_duration - -0.089%
avg speed - 01
-0.75
total_score - 0.2
hb_score - 0.26
ha_score
-1.00
haf100km

Tpdonua 4.6: 2voyénion Pearson avelaptntawv uetofiintov ue omotoues emitayovoers ava 100 ylu.

Features Correlating with hb/100km

100

hb - 04
ha/100km - 035
075
ha - 018
av_speeding_kmh - 0.069
av_speeding_kmh_no_changer - 0.066 050
sum_speeding/driving duration - 0.046
time_mobile_usage/driving duration - 0.028
time_mobile_usage - 0.014 -0.25
mu_score - 0.014
risky_hours - 0.0z
sum_speeding - 0.035 -0.00
GRwalking - 0.054
GRdriving - .06
avg driving speed - 0.06 --0.25
speeding_score - 0.078
duration - 0.084
total distance - 0.097 050
avg speed - 011
driving_duration - 011
total_score - 021 07
ha_score - 0.25
hb_score
-1.00
hb/100km

Cpbonpa 4.7: 2voyétion Pearson avelaptntwv petaffAntov pe orotoues exifpadiveers ave 100
JAL.
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Onwg mapoatnpeiton and to pagnuota 4.5, 4.6, 4.7, To andTOHO YEYOVOTO GUUUETARAALOVTOL
OYETIKA OOTLOVTO KOL OPVNTIKG HE TOVG GOPTOVG KLKAoQopiog Kot meldv, evd QOiveTol 1
ONUOVTIKT ETLPPOT| TNS XPNONS TOL KIVNTOD TAEPMOVOL KaTA TNV dtadpoun. H odnynon katd v
dubpketa g emkivovvng Lovng dev eaiveTar vo Tapovctdlel VYNAY GUCYETION LE TO. OTOTOLO
YEYOVOTa, KATL TOV TNV KOO1GTA 0plakd acvoyETiot pe ovtd. EmmAéov, ta andtopo mepiototiKd
avéd 100yAp. elvor Aoy OeTikd CUGYETIGUEVO. UE TIC OVOUOOTIKES TWWEG TOV OTOTOU®MV
TEPLOTATIKMV KOl APVNTIKA LLE TO EMUEPOVS GKOP TOVS KOl TOV OEIKTT) GUVOAMKOD GKOP S10OPOUTC.
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14 4
5. Emeepyocia - Avarvoelg

To cvykekppévo Kepdhato mepthapfavel v epappoyn g pebodoroyiag mov mepleypdonke
avoAuTikd oto 3° Kepdhato, pe tnv avamtuén tov HoviéAmVy Kot Teyvikav [coppomnuévng kot Mn
Mdabnong. To cvykekpipévo Kepdioto dtapfpdveTon 6€ dVO KLPIMG TUNHATA, OVTO TOV EAEYYOL
INUOVTIKOTNTOG NG emppong tov eéaptnuévov petafintov ot avesaptnteg (Feature
Importance) kot avtd g dadwkaciog Ta&wvounong (Classification). Mo cvykekpuéva, Oa
a&lohoynBel n onuavtikdomTo Kabepds omd v aveEdptnreg petafintés kot Oa emAeyobv ot
onuavTIKoTepEG €€ awT®OV o1 omoiec otn ovvéyelr o aflomombBodv g dedopéva yuo TV
tavounon Tov andtopmy teptotatik®v. [Ipokeévou va alohoynBovv ta eetalopeva Loviéaa
TaAvOpounong kot taSvopunons Ba mpaypatomombel GLYKPUTIKY ovAAVoN HE KPUTPLO TNG
HETPIKEC TOVG AEIOAOYNGELS.

"o v ohokAfpwon TG ev Ady® evotntog, aélomomdnke 1 yYAdooo Tpoypappaticpod Python, pe
mv Pondeia tov PipAodnkodv avilvong kol eneepyaciog pandas kot numpy, v Bipiodnkn
unyavikng ekudnong Aoyispukov Scikit-learn wkor v PifAodNKn  Ypapikng omeoOvVIoNg
matplotlib.

5.1  XEnuoavtikomta XopoKTnpioTikKov

H ovykekpipévn dwodikacio omotedel kopPik] TOPAUETPO GTO GOUVOAO NG GULYKEKPUUEVTG
Amlopotikng Epyaciog. H onpoavtikdmta xopaxtnpioTik@Vv 0mrocKoTEl GTNV TOGOTIKOTOINOT| TG
EMPPONG TOV 0OIKMV SEGOUEVAOV TTOV £X0VV EMAEYEL G aveEApTNTEG LETAPANTEG, TPOKEUEVOD VoL
Oeomiotovv o1 Bacelc v BéATIo dwdikacio Ttagvounone. H dwdikacio meptiapfdver v
avantuén povtédwv IoAwvopounong, v a&oddynon tov [Hokwvdpouncewv kat, v T€AeL, TOV
kaBopiopd Tov aveEdpnTov petafAntdv pe Tic omoieg Ba mpaypatomomBei n ta&vounon. Ano
T0 GUVOLO TV aveEdpTnTOV HETafANTOV, Bo TpoKplBovv o1 5 onuavtikodtepes €€ avTdV, YEYOVOS
Tov amoteAEl Olepyacio PeATioTomoinong g amddooNg TV TPOYVAOSTIK®OV Hovtélmv. H telikm
Emoyn Xopaktmpiotikev 6o mpaypoatomombel Pdcet ¢ dadikaciog ENHOVIIKOTNTOG
XopoKTNPIoTIKAOV Kol TOV GUVTEAEGTY| GuoyéTiong Pearson.

[Ma oV eVTOMIG O TNG ONUAVTIKOTNTOG YOPUKTPLOTIKAOV, 0&L0TOMONKE 1 TEXVIKT Z1LOVTIKOTNTOG
(MetaPeonc) Xoapaktnpotikev [Feature (Permutation) Importance], pe v onoia
TOGOTIKOTOLEITOL O BAOUOG EMPPONG TOV AVEEAPTNTOV HETAPANTOV OTIG EEAPTNUEVEG.

H mapovoa Awmhopatikr) Epyoacio mepthapfdver v avédivon kot taivouncn 600 dokpitmdv
eCapmuévov petafAntdv, Tov omdtopwv emttayvvoemv avd 100 yAl. kot Tov ondTopmv
emPpadvvoewv avé 100 yAn. Zovendc, 1 Ol0IKOGIO CNUOVIIKOTNTOS YOPOKTNPIOTIKOV Oa
epapuootel yia kbbe pio petafAnt Eexwplotd, LE TO ATOTEAEGUATO VO, OLOOOTOI0VVTOL KOl VO
TPOKVITOVY 01 5 CNUAVTIKOTEPEG LETAPANTEG Kot Yia TIG 000 eEapTNUEVEC.

Ye mpOTN @dom, ot petafAntés Sakpibnkav oe 3 vmoovvora. To mpwto meptlapPdver Tig
aveEdptntec petaPAntéc, To 6vtepo TIG amdtopes enttayvvoelg avd 100 yiu. (ha/200km) kar to
tpito 11 omotopeg emPpoadvvoesig avd 100 yAp. (hb/L00km). To ovvolo twv aveEdptniov
petafAntdv  enefepydonke He TNV OWOKOGIOL TNG KOVOVIKOTOINONG. XTNV  GULVEYELD,
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avamtoyOnkav ot odydpiBpol mov amotehovvion amd Tig akoilovdeg TTolwvdpounoceic: I'poappkn
IMaAwdpounon, Decision Trees, XGBoost, Random Forests, Linear SVR.

5.1.1 I'pappikn Ioivdpounon

Mo mv dwodwasio e Ipoppikng oAwwopdunone, n onuovtikotnTo VIToAoYioTnKe PAcel Tov
ovvteleotn onpavtikotntog (.coef ), ue o amoteléopata va SHVOVTOL VoL TOIPVOLY Ko 0PVITIKES
Tipéc. Ot apvnTikég TIéG oNUAVTIKOTNTOS KOTOOEIKVOOLV TNV OVIGOPPOTio. TOV O£d0UEVOV
HELOVOTIKNG TAENG 1} KoL TNV EUPAVION parvopévev BopHov.

Yto Ipoaerquota 5.1 kot 5.2, amewovileton M €mppon TV aveEdptntov UETARANTOV OTIg

eCoptnuévn ha/100km, hb/100km, oe @bBivovco «xatdtaén. EmmAéov, omueidvovior ot
VTOAOYIGHEVEG OVTEG ONUAVTIKOTNTEG o€ pope1| [Tivaka.

Feature Importance with Linear Regression for ha/100km

time_maobile_usage/driving duration .
" avg driving speed 1
av_speeding_kmh_no_changer |
av_speeding kmh 1
nsky _hours

~ sum_speeding
time_mobile_usage
mu_score
GRwalking
duration
GRdriving
driving_duration
speeding_score

avg speed

Features

i total_distance
sum_speeding/driving duration
—25000 —20000 —15000 —10000 —5000 0
Score

Cpdonuo 5.1:  Zyuavuxotyro Xopoktnplotik@v yLo. Tig omoTopés emroyvvoels ava 100y u. pe
Ipopyuri Ialivdpounon

Feature Importance with Linear Regression for hb/100km

time_maobile_usage/driving duration
~avg driving speed
av_speeding_kmh_no_changer
av_speeding_kmh
sum_speeding

nsky hours

mil_score

time_mobile usage
GRwalking

duration

GRdriving

driving_duration
speeding_score
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Cpdonua 5.2:  Znuavukdro Xopaxtnplotik@y ylo. Ti¢ anotoues exfpadvveeis ava 100yiu. pe
Ipoyyurn [alivépounon
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O cvviekeotiig mpocdopiopod R? yio v mpdt Ipappks Hodvdpounon mpoékvye icog pe
0.073, eved yuo v devtepn TlaAwvdpdunon icog pe 0.077. Ot GuyKeKPUEVES TYLEC GUVTEAESTN
TPOGOLOPICHOV ATOSEIKVYOVY TV ATOLGI0 YPOUUIKNG CUUTEPIPOPAS TOV UETAPANTOV.

5.1.2 Decision Trees Regression

Feature Importance with Decision Trees Regression for ha/100km

driving_duration

total distance

dri __duratlog
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sum_speeding/driving duration
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time_mobile_usage/driving duration
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Features
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Cpbdonua 5.3 Zyuavtxotyro Xopoktnplotikdv yla 1ig omotoués emtayovoels avad, 100yiu. ue
Decision Trees

Feature Importance with Decision Trees Regression for hb/100km
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Cpbdonpa 5.4:  Zyuavurotyro Xopoktnplotiky yla 1ig oxotoues exfpoovveels ava 100yiu. ue
Decision Trees

O cuvtekeoTic Tpocdlopiopod R? mpoékvye icog pe 0.999 kou yio Tig ddo IoAwdpounoeic
Decision Trees, KOTadeKVOOVIOS TNV GXEOOV OTOAVT TPOGOPUOYT UETAPANTOV Kol TNV
TPOPAETTIKY IKOVOTNTO LOVTELOV.

5.1.3 Random Forests Regression

Avtictoyn dadikacio akorlovdnOnke yia v Iolwwdpdunon Random Forests mov mpdketton yio
[MoAwdpodunon Zvvorov.
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Feature Importance with Random Forest for ha/100km
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Cpbdonua 5.5  Zyuavuxotyro Xapoxtnplotikdv yia 1ig oxotoués emroyvvoels ava. 100yiu. ue
Random Forests

Feature Importance with Random Forest for hb/100km
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GRdriving
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Cpdonua 5.6:  Znuavukdro Xopaxtnplotik@v yia. 1i¢ anotoués exifpadvveeis ava 100yiu. pe
Random Forests

O cVVTEAEGTNG TPoGdlopiopol R? mpoékvye icog pe 0.869 yio v mpd Hodwdpdpunon kon 0.871
YL TNV deVTEPT, LE TIC TIES VAL Elval AmOAVTO, IKOVOTTOINTIKEC.

54



Kootémoviog Avidvng | Avéiven Mnyavikng MdaOnong avicdppon@v Sedopévav TNAELOTIKNAG Yo TNV TPOPAEYN TG CUUTEPLPOPAG TOV 051 YOV

5.1.4 XGBoost Regression

Feature Importance with XGBoost Regression for ha/100km
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Cpdonua 5.7:  Znuavuroro Xopaxtnplotik@y yia tig amotoués emtayvvoels ave. 100yAu. ue
XGBoost

Feature Importance with XGBoost Regression for hb/100km
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Cpdonua 5.8:  Znuavukdro Xopaxtnplotikov yia 1i¢ anotopés emfpaovveers ava 100xiu. pe
XGBoost

O cVVTELEGTNC TPocdlopiopod R? mpoékvye icog pe 0.165 yia Tic amdTopes EMTOYIVOELS OvEL
100yAp ko 0.171 i T1g amdtopeg emPpadvvoels avd 100yiu. Evao mapatnpeitor tpocappoyn tov
povtélov ot petafAntég, Ta dedopéva UmOpovV Vo TEPLYPOPOVV KOAVTEPO Omd AAAOVLG
aAyopifpovg.

5.1.5 Linear SVR

H onuovtikdmmta xapoaktnploTik®v VToA0YIoTNKE pe cuvteAeoTr] onpavtikotntag (.coef ) ywo pe
tov oAyopiBuo Linear SVR, pe amnotélecpo vo TPOKOLATOLV €K VEOV OPVNTIKEG TIUES YOl TIG
aveEaptntes petafAnTéc.
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Feature Importance with Linear SVR for ha/100km
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Cpdonua 5.9:  Zyuavukdro Xopaxtnpiotikaov yio 1i¢ anotopés emroyvveeis ava 100yAu. pe Linear
SVR

Feature Importance with Linear SVR for hb/100km
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Cpdonua 5.10:  Zpuavixotyro Xopoktnplotiky yla ¢ oxotoués exifpoovvoeis ava 100yiu. ue
Linear SVR

O cvvtereoThC TPoadlopiopod R? mpoékuye icoc e -0.157 yio Ty mpdTn Mavdpdunon kot icog
ue -0.107 yia tnv devtepn, emPePardvovtag v vmapén BopvPov o avTd, dALL Kol aKOUO TO
YOPOKTNPLOTIKO TPOPANUa TG veprpocapuoyng (overfitting), mov anotedel cuvnONG TPdKANGY
oe mpoPAnuata Mn Iooppormuévng Mébnong.

Yvvoyilovtog To Topamave OTOTEAEGUOTO TOV TPOEKLYAY omd TNV €£E€TO0N TOV HOVIEA®MV
Modvdpopmenc, Tov cuvteleost TPocdioptopod R? kot Tov cuviekeot cvuoyétiong Pearson tmv
petafintav, tpoékvyav ot 5 onuavtikotepes petafintég, ol omoieg Ba ypnowonomBodv ev
ocvveyeia, MG To YOPUKTNPLOTIKA £10000V Yia TV dtadikacia g Tagvounons. Emonuaivetol 61t
0 GVVTEAEOTHG MPocdioplopoy R? sivar 1 MO KATATOMIOTIKY amA METPIKY otV aloAdynon
avoivoemv Taivopounong (Chicco et al., 2021). Ou 5 mpoxpifeiceg petaPfintéc eivar:

e total_distance: vvolikn davvbeico andotaon

e speeding_score: Xxop vrepPOAKNG ToOLTNTOG

e driving_duration: ZvvoAikn d1apkela 001yNoTG EV KIVIOEL

e Mu_score: Xxop ypnomng Kvntov ThAEPOVOL KOTA TV 001yNo
e avg driving speed: Méon toydtnTa 061 ynong
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Ev mpoxepévm, ot aveEdptnteg petafAntéc petobnkay ond 21 6€ 5, 0mOGKOTMOVTOG GTNV OVATTUEN
alyopiBumv ta&vounong pe peyaivtepn akpifeto mpoPAreyng kot TaEvounone.

Ewdwm pveta a&iCetl otig petafantég mov cuykpotodviat and Tovg eOpTovs Teldv Kot oxnUatoy,
aQoOv GUUP®VO, L€ TOV GLVTEAECTH] cLOYETIONG Pearson dev cuupetafdiioviay 1oyvpa e TIG
eCaptuéveg petaPAntés, OUMC cOHEOVO pe TNV ZNUovTIKOTNTO XOPOKTNPIOTIKOV, Toilovv
onuaivovia poAo oTNV ELEAVIOT amdTOp®Y TTEpIoTATIKOV. H cuykekpyuévn avtiBeon emPePfordver
TNV TOAVETITEIT VO TOV OEOOUEVAV.

5.2 Ilpoenelepyacio dedopévav

5.2.1 Opadomoinon pe aryopuo K-uésov

H odwowasio g to&vopumons tov emkivouvev o0IK®OV GUUTEPLPOPOV TPoDToBETEL TOV
Sy OPIGHO TOV OEdOUEVOVY €16000V 0 TPOKABOPIGUEVES KAACELS Yo KATATAEN Ko TPHYVmOoT).
Yy nopovca Aumhopatikn Epyacia o1 egtacheiosg khdoelc eivar 600, ot Mn Emikivovvn Odikn
ovumepipopd (Non Dangerous Behaviour) kot ot Emkivévvn Odwn cvumepipopd (Dangerous
Behaviour). T vo kotootel €QIKTOC 0 S®PIGHOS TOV OESOUEVOV GE dLAOIKY LOPPN Kot
akoAoVBw¢ n opodomoinon tovg (clustering), mpoimotibeton M gdpeon oOplCHEVOV  OpimV
(thresholds). Mg v yprion ¢ Bprodnkng sklearn.cluster, erléyxOnie o alyopOuog K-péosov yia
mv €bpeon TV ovykekpipuévav thresholds yio kabe pio e&aptnuévn petaPintm, e TIc GLOTAdES
va ailovv Tov pOAO TV TPOKAOBOPIGUEVEV KAAGE®V. ZVVETMG, 01 GLOTAJES EMAEYXONKAV MG dVO
Kot avtiotoyo 6000 elval Ko To KEVIPOELIT TOVG.

Mo v dwdkacio g mpoenelepyaciog Twv dedopévav mov mponyeitar g Ta&vounong,
avolvOnkav ek véov 3 vtosvvora. To Eva vtocuvoro TepthapPavel Tic emieyeiceg aveEdptTnTeg
petofAntéc, eved to dAAa dvo TG eaptmuévec. Ta dedopéva vmoPAnOnkav ex véov oe
Kavovikomoinon.

o 10 ocbvoro TwoOV TtV andtopmv emroyvvoewmv avd 100yAp., o aiyopiBpog K-péoov
TPOYLOTOTOINCE OVUGHOTIKY] KBavTOTOiNGen TV 0£00UEVOV GE dVO GLUOTAOES WE OEOOUEV
€€0dov toug Ilivaxeg 1x1 [5.69291253] ko [91.94184525], pe 10 600€v 0plo TIHAOV dVASIKOD
KOTOPEPIOUOV Vo divetan amd Tov HEGo 0po TV apdunTikdv oV Tov [Tivakov. To éplo avtd
npoékvye ico pe 48.817378890489884. Zvvenmg, ta dedopéva e petafAntg opilovrar og 0 yio
TIWEG KAT® TOL 0piov Kot ¢ 1 yia Tipég dvm avTov.
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5000

4000

3000 4

Count

2000 1

1000

0 20 40 &0 80 100 120 140
ha/100km

Cpaonua 5.11:  Kevipoeion ko edpeon threshold yia tig amdrouss emitaydveers avd 100y . ue
oAyopr8uo K-uéoov

Avrtioctoym Owdkacio mpoypatomomdnke Kot yoo TNV OgvTEPN UETOPANT TOV OTOTOU®V
emPpadvvoewv ava 100yAn. O aiyopiBuog opadomoinong K-péoov yio opadomoinon oe 2
ovoTddeg mpoteivel Tovg povadiaiovg wivakeg [7.97464008] ko [82.83498114], pe anmotéleoua to
opro kPavtomoinong va kabopiotel oty Tipn 45.404810610177094. Xvvenmg, To. SEOOUEVO TNG
uetafintig hb/100km opifovtar wg 0 yio Tyég KAt TOV GLYKEKPIUEVOL 0piov Kot o¢ 1 yio TIuég
vo avtov.
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Cpaonua 5.12:  Kevipoeion ko edpeon threshold yia g amdroues empPpodivoeic ava 100yiu. ue
alyoprBuo K-pgoov

‘Enerta and v dwdikacio opadomoinong pe aiyopibuo K-péoov mpoékvyav ot cuotddeg mov
amotelovvtar amd 330.395 otoyeio Mn Emwivovvng Odwmg ocvumepipopds ko 25.767
Emwcivdovng, v 11 amdtopeg emraydvoelg ava 100yin. Avtiotorya, mpoxkvmtovy 315.986 Mn
Emwcivduva otoyeia kot 40.176 Emcivovva, Bdoet tov andtopwv emPpadvvoewmy avd 100y Au.

Post Clustering Harsh Accelerations per 100km Post clustering percentage of Harsh Accelerations per 100km
Non Dangerous

300000 4 BN Dangerous

250000 A

200000 4 Mon Dangerous o

150000 4 ‘ Dangerous

100000 4

50000 A
0 | |
Non Dangerous Dangerous
Tpaonpa 5.13:  Clustering axdroumv Ipbonua 5.14:  Tocootd koravoujs oe tolels

emroyvvoewy avé 100yiu. uetd TV OTOTOUWY EMITOYVVOEDY
™mv opedoroinon ova 100xAu. peta v

ouadomoinon
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Post Clustering Harsh Breakings per 100km Post clustering percentage of Harsh Breakings per 100km

Non Dangerous
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Cpdonua 5.15:  Clustering axérouwv Cpdonpa 5.16:  IHooooto katavouns oe taéels
emPpaddvoewv ova 100y petd TV OTOTOUDY ETLPPOOOVTEWY
™mv ouodoroinoy ova 100yAu. pete v

ouodoroinon

5.2.2 Mn Isoppomnuévn Mabnon

5221 Aloymp1opoc o€ d00UEVA EKTTOLOEVOTC KL
eétaong

Ta dedopéva mov cvvhétovv v mapovoa Auhopotiky Epyacio cuvictovv mpofinuoe Mn
Iooppommuévng Mabnong, kabmg ta detypata mov mpoPAémovy Kot TaSvopobv v emkivéuvn
Od1KN CLUTEPLPOPA AVIKOVY GE UELOVOTIKT| TAEN, AOY® NG Un woppomnpévng @oong tovg. H
dwdwkasio g taivounong tpobmobETeL TOV SLY®PIGUO TV OEOOUEVODV GE GUVOLL OEOOUEVDV
ekmoidevong (train data) ko e€éraong (test data). H cuykekpyévn diepyasio mpaypotomolonke
ue v teyvikn train test split mg Pipiodnkng enelepyaciog sklearn.model_selection, n omoia
Swywpiler éva vmepobvoro dedopévov oe mivokes omd Tuyoio KoTaveUnUEVa OTOlXElN
exmaidevong ko eE€taons. Ex g ovotaomng tovg, Ta dedopéva ekmaidevong a&lomolovvtal yio TV
ekudOnon tov adyopibuwv Mn Emprendpevng Mabnong (Unsupervised Learning), ev avtibécet
pe to dedopéva eE€taomng, to omoia aglohoyohv TV amddoon TV HOVTEA®V Tagvounong kot
dto@orilovv 0Tt T0 povtélo dvvartor vo mpoPAEyel Kot va taStvopnoel anotedespotikd. H
avaAioyio mov emA&yOnke yo v ekmaidgvon kot v e€étaon tov povtéwv ntav 75% - 25%,
VTEP TOL GLVOLOVL ekTaidevong (train data). Mo tig amoTopeg emttoyvvoelg ava 100y L., LETA TV
Jldtkacio dloy®PIGHOL G GUVOAN EKTAIOELONG KOl EAEYYOV, TPOEKLY AV T €ENG GUVOAM
eknaidevong: Mn Emikivovva otoyeio: 247.796, Emivovva otoygeio: 19.325, v tig amdTopeg
emrayvvoelg ova 100yAn. ko avtiotorya Mn Emkivévva: 236.989 Emkivovva: 30.132, yia t1g
andtopes emPpadvveelg avd 100yAu.

5.2.2.2 Ymepdetypotonyio

H petayeipion g petovotikng 1aéng amotelel kopPikd (Rmmuo oty avartuén tov adyopibpmv
ta&wvounong kot oty BeAtioon g TPOPAETTIKNG IKOVOTNTOS TOV HOVTEA®V, OVTOG TAUPAUETPOC
nmov emnpedlel oobntd v amddoon tovg. [evikd, ta poviéda tagvounong Pacifovv v
Aertovpyion Toug oe mpoPAnuota locoppommuévine Mdbnong, kobiotoOvVToc TO OCLVERY OE
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mpofAuata dvicmv katavoumv. ITo cuykekpuéva, ta dedopéva mov avikovy otnv Emkivovvn
KAQoN eivor cop®O¢ UIKPOTEPA GE OYKO amd ovtd mov ovikovv otnv Mn Emkivdvvn. Ev
TPOKEWEV®, Yoo TNV 0omodoTkotepn alomoinon Tov akyopifuwv ta&vounong omotteiton
Enavaderypatonyia tov dedopévov  ekmaidevonc. H pébodog tng Ymoderypatoinyiog
(Undersampling) dev mpokpibnke otnv mapovdca £pguva, VIO TOV OO TNG UTMAELNG GNUOVTIKNG
TAnpoYopiag, KoODG M OWKOUOVON TOV TIUOV UETOPANTOV &ivar 1oyvpn. ZINV TopovGH
Aumhopatikny Epyacia ot emieyeioeg kAdoelg taSivopnong etvat d1akpitég, pe duadtkod doympiopod
TOV eEapTnUEVOV HeTaPAntov, omep onuaivel 0tt to {nrovuevo mpdPfAnue tavounong oev
eumintel oto medlo TV Ovoddkprtov kKAAcewv. Emouévag, mpoxpivetoaw M péBodog g
Ynepderypatoinyiog (Oversampling), pe emieyeica teyvikn avt ¢ LuvOetikng Melovotikng
Ynepderypatoinyiag (Synthetic Minority Oversampling — SMOTE). Evolhoktikég Texvikég Onmg
n pébodoc g Ilpocappootikng Zuvletikng (ADASYN), dev mpoxpifnke, Aoyo Inmmudtov
ota0uiong mov amatovTay oTo JElyHoT, KUOMG Ol SIUKVUAVGELS NTOV CYETIKMG 1oyvpéc. 'Eva
e&ioov kpiowo {ntnua g [pocapuootiknig ZuvOeTIKNG, lval | TAPAYWYN TEYVNTOV dESOUEVOV
EKTTOLOEVONG, UE YOPOKTNPIOTIKG OTOAVTOSC TOVOUOLOTLUTTA HE OVTO TOV YOVIKOV TOVS GF
KOTOOTAOELS UEYAANG ovoloyiag OedopéVeV TAEOVOTNTOS OMMG GVTE OV OVOADOVTOL GTNV
OLYKEKPIUEV €PELVA, UE OMOTEAEGUO TOV KIVOLVO TOpAy®YNG LYNAGV TocooTdv Pevdng
OcTiKOV.

Apob gpapuoomke n teyvikn SMOTE ota 600 cOvora dedouévav ekmaidevong yuo Tig 600
Eexwprotég e€aptnuéves petafAntéc, n avaroyio g Emkivovvng kot Mn Emkivovvng taéng
katéotn 1:1. o 1ig andtopeg emroyvvoelg avd 100yA., ta otoyeio kdbe TAENG Tposkvyay ioa
pe 247.796, evd yia 11g andtopes emPpadvveels ové 100yAp., ioa pe 236.989.

Post Oversampling Class percentage of Harsh Accelerations per 100km Post Oversampling Class percentage of Harsh Breakings per 100km

MNon Dangerous Non Dangerous

50% 50%

Dangerous Dangerous

Cpbdonpa 5.17:  Iooooto katovouwmv oe taleis amorouwv mepiotatikav ova 100yiu ueto to
Oversampling

5.3 Ta&woéunon andtopuwv TEPICTATIKMOV

"Enetta and v drodikacio tng Ymepdetypotoinyiog, 1 01001Kacio TG avayvaopiong, TaStvounong
kot TpoPreyng g Emkivovvng Odwkng cvumepipopds aviydn oe mpoéfinue looppomnuévng
MdéBnong, yeyovog mov kabiotd toug adyopiBuovg ta&vounons mov tpokertat vo aSlomombovy,
mo omoteAecpaTikovs. Ommg £xel oM avaeepbel, n Tavounon g OdKNg cuumepLpopas Ba £xet
SLOOIKY] LOPPN OE EMUEPOVS OlokpLTeS KAAoeS: Emikivouvn cuumeprpopd kot Mn Emucivovvn
CLUTEPLPOPA. LTNV TOPOLGO VTOEVOTNTA Bl Yivel 1 ekmaidevon TV emAEYPUEVOVY ahyopiOuwy
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tavopmong pe teyvikég Ilooppommuévng Mnyavikng Mabnong kot 6o mapovctacTodV GUVOTTIKA
T amoTEAEG LT KOOEVOS adyopiBpov.

[Tpokeévov ot akydp1Bpot va amodm®GovY T0 KOADTEPO OLVOTO OTOTEAEGLLO Y10 TNV CUYKEKPLUEVT
Baon dedopévov, TP TNV €KmaideLon TOV HOVIEA®V, TpayuatonomOnke 1 Peitiotonoinon
VIEPTAPAUETPOV, uéo® TG Avoalnmmong ITAéyuatog (GridSearch). Ta «dBe aAiydpiBuo
Eeyoprotd, M teyvikn Avalitnong IMAéypotog amd v Piprodnikn sklearn.model_selection
evtomilel TIC KOAVTEPES VIEPTAPAUETPOVS Y10 TO SEOOUEVO GUVOAO TUYLMV, UEYIGTOTOUDVTOG TIG
EMOOGELS TOV aAyOpIOU®V.

Ot aAiyopiBpor ta&voumong mov exmaudevtnkay eivor ta Decision Trees, Gradient Boosting,
XGBoost, Random Forests, AdaBoost, SVM ka1 Multilayered Perceptrons H dwadikocio
exmaidgvong Twv adyopifuwv tpaypoatoromOnke 600 opég yio kabe eEapTnuévn HeETaPANT Kot
T0 OMOTEAECUOTA TOLG moapovctdlovtal mopokdte. EmmAéov, mapatibevior ®g ypoeikn
avomapdoTacn Emid0oNS TOV EKAGTOTE HOVTEAOL, M UATpa GVyyvong tov (confusion matrix),
KaOdG Kot o1 PETPIKEG AEI0AOYNOELS Yo TOV EAEYYO TNG KavdTTaG TPOPAEYNS KOt TOEVOUNGNG
tov. H avéivon tov poviéAwv tpaypatoromOnke pe tv fondeia g YAOGGOS TPOYPOUUUATIGHLOD
Python, oe npoypappatiotikd mepipdirov Jupyter Notebook kot Google Colab.

5.3.1 Decision Trees Classification

53.1.1 Amotopeg emroyvveelg avé 100yAp.

Mo v te&vounon tov andtopnv emttaydveemv ava 100yAu. n texvikn GridSearch cuvéstoe
TG vepmopapéTpoug: criterion=entropy, max_depth=4. H Op0dtnta ekmaidevong tov HovtéAov
aviABe oto 66%. O yeopetpds pécog G-mean mov KATOAEKVIEL TV 100pPOTia LETOED TMV
EMOOGE®V TOEVOUNONG GTNV UEOVOTIKN TAEN Kol oty TaEN mhetovotnrog ivon icog pe 0.65.

Confusion matrix of Decision Trees Test Elements
A0000

35000

Mon Dangerous 42078 40523
30000

25000

20000

15000

Actual ha/100km

Dangerous 10000

5000

Mon Dangerous Dangerous
Pradicted ha/100km

Cpaonua 5.18:  Mijtpa abyyvong dedouévav eAéyyov alyopiGuov Decision Trees yia ti¢ ondropes
emtayvvoers ova 100xAu.
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H pitpa ovyyvong tov povtédov amotedeiton omd peydin avoroyio Yevdmg Oetikmv,

KafoTtdVTaG TO HOVTEAD VITEPPOAIKE GLVTNPNTIKO.

Hivakag 5.1: Enidoon alyopiGuov Decision Trees yia ¢ amotoues emroyvvoels ovad 100y
00w Zopmeprpopa Axpipera Avéxinon fl-score Eﬁvoﬁggiﬁ?‘z Evov
Mn Enucivduvn 0.97 0.51 0.67 82599
Emucivéuvn 0.11 0.80 0.20 6442
Mécog 6pog 0.54 0.63 0.43 89041
oo PEVOC HEGOC 0.91 0.53 0.63 89041

opemva pe tov [ivaxa 5.1, to eninedo g tédéng Emkivovvng Odikng cupmepipopds mopovctalet
a&1ohoyn TpoPAentikn tkavotnta TS TaENS Tov 80%, dlmg emPBePotdveTal 1| GLVINPNTIKY EVOT)
TOV HoVTéAOL pE TNV AvakAnomn ¢ Mn Emkivovvng tééng oto 51%. EmmAéov, n akpipela otnv
ta&vopnon e Mn Emikivéuvng tééng etvar 97%, éva mocootd mov kpiveton emiong a&loroyo.
Yto ypapnpato mov akolovbovv yivetar avamapdotacn tov Koapmdiov ROC kot Axpifetoc-
AvdaxAinong tov povtérlov. "To okop [eproyng kbrm amd v Kapmoin (AUC score) vmoroyictnke
010 70.5%, mov KpiveTol IKOVOTOINTIKO.

ROC Curve for ha/100km
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5.3.1.2

Pracision-Recall Curve for ha/100km
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Tpéonua 5.20:

Recall

Kourdin Axpiferog-
Avixinong alyopibuov
Decision Trees yia tig
OTOTOUES ETITAYVOVOELS
ava 100xAu.

Amndropec emPpadvvoelg avd 100yALL.

H poOuion vreproapapétpov kotédeile og PéATiotes TIg vmepmopapuéTpovs: Criterion=gini,
max_depth=12. H OpB6tnta eknaidevong frav 71%, eved to G-mean ftav 0.659.
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Confusion matrix of Decision Trees Test Elements

Actual hb/100km

Mon Dangerous

40000
Mon Dangerous 45575
30000
20000
Dangerous
10000

Dangerous

Predicted hb/100km

Cpdonua 5.21:  Mipa adyyvons dedouévav eléyyov alyopiBuov Decision Trees yia ti¢ amoTopes
emifpadvvoers ova 100y

H pntpa 6vyyvong tov poviédov deiyvel koddtepn copmeptpopd tov Yevddg Oetikdv, dpmg
vrepOAGGLa amddoot TV Pevddg ApvnTiKOV.

Hivaxag 5.2: Eridoon alyopiBuov Decision Trees yia ti¢ axdroues emifpadvvoeic ovd, 100y

00w Zopumeprpopa Axpipera

Avéxinon

fl1-score

YHV0Lro 0£00pEVEOV

e€étaong
Mn Enwcivdovn 0.94 0.61 0.74 78997
Emikivduvn 0.19 0.71 0.30 10044
Mécog 6pog 0.57 0.66 0.52 89041
oo pévog HEGOC 0.86 0.63 0.69 89041

O petpég agloroynoelg tov Iivaxa 5.2, katadeikviovy 6Tt To HOVTELO deV gival eEoPETIKA
a&1omoto. To m0cootd Yevdmg Apvntik®dv @tavel To 33,97%, £va petpkd Wdlaitepa oNUOVTIKO
v 10 TPOPANUE TOEWVOUNGNGS, YEYOVOS TOV KABIGTA THV GLVOMKN TOEIVOUNGT L LKOVOTOINTIKY.
H ovvolikn AvéxAnomn tov poviéAov, OPmG, Eival GYETIKMG ATOOEKT.
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ROC Curve for hbf100km
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Cpbonpa 5.23:  Kaurdln Axpifeiog-
Avaxinong
adyopiBuov

Decision Trees yia
TIG OMOTOUES
EMPPadOVOEIS OV,
100xAu.

To AUC score g kapumding ROC eivar ico pe 72,34%, éva oyetikd KoAd T0c00Td TPOPAEYTS,

onwg n KopmovAn Axkpipetag-Avaxinong ogv elval IKOVOTOMTIKY).

5.3.2 Gradient Boosting Classification

53.2.1

Amotopueg emroyvvoelg avd 100yAp.

H poOuon vreprapapétpov pe to GridSearch ouvvietd v ypnon: max_depth=6,
n_estimators=200. H Opfotnta exmaidevong Mrov 73%, Ty 7Tov  KPIVETOL GYETIKAG
KOVOTTOTIKY, v To G-mean fjtav 0.681.

Confusion matrix of GradientBoostingClassifier Test Elements
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Mijtpa obyyvang dedopévwv edéyyov alyopiGuov Gradient Boosting yia ti¢ amdroues
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H pitpa o0yyvong divel modd koldtepo amotedéouata omd Ty aviiotoryn tov Decision Trees,

pe apketd petwpévo mocootd FNR kot FPR.

Mivakag 5.3: Eridoon atyopiBuov Gradient Boosting yia ti¢ amdroues emrayvvoeig ava. 100y
00w Zopumeprpopa Axpipera Avéxinon fl-score Zﬁvoggéizi?:; Evo
Mn Emikivuvn 0.97 0.65 0.78 82599
Emikivduvn 0.14 0.71 0.23 6442
Mécoc 6pog 0.55 0.68 0.50 89041
Sroduopuévog uEcog 0.91 0.65 0.74 89041

XOoppova pe TG petpikég agloroynoelg tov Iivaka 5.3, n otafuopévn Akpifeta tov poviélov
etvar 91%, evd n Avakinon ommv Emkivoovn taén stvan 71%. Kot ot 600 petpucés kpivovton
a&iohoyes. To kpioo yio v épevva T0c0oTd Yeuddg Apvntik®dv Tov povtédov eivar 31.95%.

ROC Curve for ha/100km
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Kourvin Axpiferog-
Avixinong alyopiBuov
Gradient Boosting yia
TIG OTOTOUES
EMTOYDVOEIS OV
100xAu.

To AUC score g xoumoing ROC sivan ico pe 75,1%, katodeikviovtag Ty 1KOVOTOLNTIKY
npoPrentiky avotnto. Tov aiyopibpov GradientBoosting, evd kot M kapmdOAn Akpipetoc-

Avaxinong mpoteivel Eva kodlo TpoPAenTIKE POVTELO.
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53.2.2 Amotoueg emPpadvvoetg avd 100yAu.

O1 Bértioteg vrepmapauetpol eA&yyOnkav pe to GridSearch kot emdéyOnkav max_depth=6,
n_estimators=200. H Op6dtta eknaidevong frav 71% kot to G-mean ico pe 0.679.

Confusion matrix of GradientBoostingClassifier Test Elements
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Cpaonua 5.27:  Mijtpa obyyvong dedousvwv edéyyov alyopibuov Gradient Boosting yia ti¢ androueg
emippaddvoeig ova 100y

H pntpa odyyvong pe Gradient Boosting yia tig amdtopeg emPpaddvoetg ava 100yAu divetl ko
aVTn KoAVTEPO amoTeAéopata oo Ty avtiotoryn twv Decision Trees, pe kaAbtepa T060GTA
FNR kot FPR eniong.

Mivakag 5.4: Eridoon atyopifuov Gradient Boosting yia tig arwdroues empPpoodvoeis ava 100y

0o Zopmeprpopa Axpipera Avéxinon fl-score Eﬁvo:géi(ji?]g Evov
Mn Enucivduvn 0.95 0.62 0.75 78997
Emucivdvuvn 0.20 0.74 0.31 10044
Mécog 6pog 0.57 0.68 0.53 89041
TTofopEVoc HEGOC 0.86 0.63 0.70 89041

H Avéxinon yia v Emwivéovn tdén elvor tkavomomtikn, pe v otabuiopuévn Axkpifela va
dwtnpeitan o€ Kahd enineda. To mocoostd Yevdmg Apvnrikdv (FNR) givor 32.1%.
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ROC Curve for hb/100km Precision-Recall Curve for hb/100km
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Cpdonpa 5.28:  Kaundin ROC alyopibuov Cpbonpa 5.29:  Kourndin Axpiferog-
Gradient Boosting yia ¢ Avérinong alyopiGuov
OTOTOUES ETLPPASOVEELS OV, Gradient Boosting ya
100 Au. TIG OTOTOUES
emPpaddvoels oava
100y Au.

To AUC score g kapumding ROC eivar ico pe 74,87%. H cvykexpuévn i divet éva alomoto
povtého toSvopmong kot mpoPreyne. EmmAéov, m koumdOAn  Axpifeloc-Avakinong mov
avaropiotator oto ['paenua 5.29 emiPePfordvel Tov mopamdve 1oYLPIGUO.

5.3.3 XGBoost Classification

5331 Amndropec emroyvvoelc avd 100yAu.

H pdOuon vrepnapapétpov pe GridSearch édmoe ¢ Péltiote TIC VIEPTOPAUETPOVS
max_depth=6 ko1 n_estimators=200. H OpBotnta ftav 76% «ai to G-mean=0.675.

Confusion matrix of XGBoostClassifier Test Elements
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Cpdonua 5.30:  Mipa adyyvons dedouevwv eAéyyov alyopiBuov XGBoOSt yia tig amdToues
emtoyvvoers ova 100xAu.
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H pntpa ovyyvong tov povtédov amoteleiton omd youniotepo tocootd Yevdmg Oetikmv
OLYKPUTIKA pe To avtiotoyo povtédo Gradient Boosting, opmg to FNR givot aicbntd
HEYOADTEPO.

Hivaxag 5.5: Ernidooon alyopiBuov XGB0OSt yia ti¢ androuss emroyvvoeis ava 100y u.
00w Zopmeprpopa Axpipera Avéxinon fl-score Envoggéizi(:];; Evoy
Mn Emucivdovn 0.96 0.67 0.79 82599
Emikivoovn 0.14 0.68 0.23 6442
Mécog 6pog 0.55 0.67 0.51 89041
Trafuiopévog nécog 0.90 0.67 0.75 89041

Mo mv 16&n Mn Emikivovvng Odwmg copmepipopds, 1o mocootd Aavlacuévav mpofAéyemv
etével 10 33%, evod yio v Emikivovuvn 16&n 10 32%. O otabpucpévog pécog g Axpifetog etvon
EMOPKNG, EVAO N AVAKANGT 6T0 GHVOLO TOL HOVTELOL KoB1oTd TO povTéAo amodekto. ['evikdtepa,

eaivetar va givat £vo KaAd povtédo mpopieyng.

ROC Curve for ha/100km
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Tpaonua 5.31:
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Ipdonua 5.32:

Kourdin Axpiferog-
Avaxinong alyopiBuov
XGBoost yia ti¢ andropes

emitoydvoelg ova 100y

To AUC score ¢ kaumding ROC givar ico pe 74,25%, tiun mov deiyvel Kok anddoon, evd Kot
N Kopumoin Axpifetag-Avarkinong divel KoAd Ypagikd omoTéAes Lo, OU®G oeONTA XEPHTEPO TOV
avtioctoyov Gradient Boosting.

5.3.3.2 Amotopeg emPpadoveelg avd 100yALL.

H teyvicn GridSearch katédeiée v yprion tov akdrovbov vreprapapétpov: max_depth=6 ko
n_estimators=200. H Opfdétnta exnaidevong tov aiyopibuov nrav 73% kot 1o G-mean=0.672.
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Confusion matrix of XGBoostClassifier Test Elements

Actual hb/100km

Cpdonpa 5.33:  Mrpo adyyvons dedousvarv eAéyyov alyopibuov XGBOOSt yia tig androues

Mon Dangerous

Mon Dangerous 50342
Dangerous

Dangerous

Predicted hb/100km

emifpadovoers ova 100yAu.
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H ptpa odyyvong €xet petopéva ta enineda FPR, divovtag AMydtepa cuvinpnrikd aroteléopara,

opwg acnta avePacpéva amoteréspata FNR koatadsikviovag kpioa AdOn tavounonc.

Hivaxag 5.6: Eridooon alyopiBuov XGBOOSt yia ti¢ amdroues emPpadivveeis ava 100xAu.

0o Xopmeprpopd Axpipera

Avéxinon

fl-score

YHV0Lro 0£d0pEVOV

e€étaong
Mn Enwcivduvn 0.95 0.64 0.76 78997
Emucivovvn 0.20 0.71 0.31 10044
Mécog 6pog 0.57 0.67 0.54 89041
Ttofopévoc HEGoC 0.86 0.65 0.71 89041

H Axpifeia g mpd™G TAENG KPIveTon OPKETE KAVOTOMTIKY, VM KOl TNG O0e0TEPNG TAENG
onuelwvel a&lonpocektes emdooels. To m060otod Aavlacuévev tpofAéyemv Yo v Emkivovn

TaEN etvar 29%, dNAad1| amodetkvieTol Eva LOVTELD OV £YEL KO TPOPAETTIKN IKOVOTNTA.
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ROC Curve for hb/100km
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Kourovln Axpiferog-
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XGBoost yia tig amotoues
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100y Au.

To AUC score g kapumving ROC eivon ico pe 74,27% emPefoardvoviag v koA mpoPAERTIKY|
KovoTNTa ToV aAyopibpov yuo Tig amdtoueg emiPpadvvoelg ava 100yAn, eved kot 1 Kopmdin
Axpipelag-Avakinong Kopaivetol 6 apKkeTO KOAG EMITESAL.

5.3.4 Random Forests Classification

5.34.1

Amotopeg emroyvveelg avd 100yAp.

H pébodoc pvbuiong kot edpeong tov Bértiotov vrepmapapétpov £dmos: max_depth=16 ko
n_estimators=256. H Opbotnta ftav vynAn g taéng tov 84% Kot 0 YE®UETPIKOS HEGOG TMV

16Eewv G-mean ntav 0.672.

Confusion matrix of Random Forest Test Elements

MNon Dangerous 1

E
S
=
=
I._|
—

M
=

35 ]

=
)

L]
< Dangerous

Cpéonpa 5.36:

Mon Dangerous
Predicted ha/100km

emtoydvoers ova 100xAu.

Dangerous

30000

40000

30000

20000

10000

Mijtpa obyyvong dedouévwv edéyyov alyopiBuov Random Forests yia ti¢ amdroues
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H pntpa ovyyvong detyvel va ta&tvopet modd KaAdtepa o ototyeia mov avikay oe Pevdmg
Oetkd otoryeio oTa TPONYOLEVA LOVTEAD, OL®G 0 deiktng FNR glvan daitepa vynAog.

Hivakag 5.7: Enidoon alyopiGuov Random Forests yia tig amoroueg emrayvvoeis ave 100y
0w Zopmeprpopd Axpipera Avéxinon fl-score }Zﬁvo:géizi(:];;évmv
Mn Emikivéuvn 0.96 0.72 0.82 82599
Emwcivduvn 0.14 0.61 0.23 6442
Mécoc 6pog 0.55 0.66 0.53 89041
Traduopévog Hécog 0.90 0.71 0.78 89041

To 1060616 AdB0g Ta&vopnpévmv ototyelmv ™G TPpOTNG TAENS PTAveL To 28%, emiPePardvovtag
™V KOAOTEPT 0mdO00T TOV HOVTEAOL G€ avTniV TV TaEN. O otabucuévog pécog e Akpipetog
Kot g Avdxkinong eivon emiong agidoroyog oto 0.90% kot oto 71%, avtictoryo.

ROC Curve for ha/100km
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Cpdonpo 5.38:

Recall

Kourdln Axpiferog-
Avarxinong alyopiBuoo
Random Forests yia ti¢
OTOTOUES ETITOYDOVOELS

ova 100xAu.
To AUC score g kaumdAng ROC eivar ico pe 73,98% mov odivel emiong koAn mpoPAemtikn

evivmoon. H Kaumodn Axpipelag-Avaxinong, onwo¢ avamapiotator oto [paenua 5.38,
Kopoiveton og yapnAoTepa eminedo omdd00NG CLYKPITIKA LE GALD LOVTEALL.
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53.4.2 Amotopeg emPBpadvveetg avd 100yALL.

H pébodoc pvbuiong kot edpeong tov BérTiotov vrepmapapétpov £dmos: max_depth=16 ko
n_estimators=128. H Opbotnto Ntav oeTik®d vynAn, g TaENg Tov 82% Kol 0 YEOUETPIKOG HEGOG
TV tdemv G-mean ftav 0.666.

Confusion matrix of Random Forest Test Elements
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Cpdonua 5.39:  Mitpa adyyvons dedopévav edéyyov alyopiBuov Random Forests yia ti¢ axdroues
emifpadovoerg ova 100xAu.

H pntpa odyyvong tov poviélov amotedeitor amd apketd petwpéva Aadn tagivopnong oty
Oetikn KAAo1N, Opuwc to mocootd FNR eivar daitepa vynAd, mapovoidlovtag avopHodoén
TPOGEYYION.

Hivaxag 5.8: Eridoon alyopiBuov Random Forests yia ti¢ axdroues emfpadivaeic ova 100y

YOVOLO OEOOUEVOV

001 Zopumeprpopa Axpipera Avéxinon fl-score eLéTaonc
Mn Emucivdovn 0.94 0.68 0.79 78997
Emikivduvn 0.21 0.65 0.31 10044
Mécoc 6pog 0.57 0.66 0.55 89041
Srofuopuévog HEcog 0.86 0.68 0.74 89041

H AxpiBera g Emikivovvng taéng Eemepva Tig cuykpioelg pe Ta AL LovtéLa Kot 0 oTafUIouEVOg
Hécog 6pog elvar tkavomomtikds. H AvakAnon tapdtt og HEcog 0poc KVUAIVETOL GE KOAO EMTEDO,
KOTOOEIKVVEL TNV UM 0E0MOTIO TOV HOVTEAOL HE peYdAa TocooTd AavOacuévo TaStvounuéva,
oToyyEimv.
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ROC Curve for hbf100km
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To AUC score g kapmoing ROC eivan ico pe 73,62%, youniotepo dnradn oe cuykpicelg pe
dAlovg odyopiBuovg, eved M KopmvAn Akpipelag-Avaxinone empPefoidvel 6tL Kotd Paon to
LOVTELO TPOPAETEL KLY, OL®G pe apkeTd Kpioa AdOn taSvounong.

5.3.5 AdaBoost Classification

5351

Amotopeg emttoyvveelg avd 100yAL.

H pébodog GridSearch édmoe og Pédtiot vrepmapdpetpo: n_estimators=1. H OpBoémta tov
alyopiBuov ntav 60% kot to G-mean ico pe 0.484, amoTeAEGLATO TOL KPIVOVTOL OVETOPKT).

E
S
=
=
I._1
—
M
=
[1x]
=
)
L]
< Dangerous
Cpbonpa 5.42:

Confusion matrix of AdaBoostClassifier Test Elements
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emitoyvvoerg ova 100xAu.
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Mijtpa odyyvong dedopévawv eléyyov alyopiGuov AdaBoost yia ti¢ ardtouss
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H mtpa cdyyvong tov poviélov amotedeiton amd peydia mopdoola. Evd to povtérlo Aettovpyel
otV Pdon dEvOpov amdeaoNS, To ATOTEAECUATA TOV KATOOEKVOOLUY peydies owapopéc. To FNR
etvan og oyedoV Wavikd enineda, Opwg to Tocootd FPR elvar amoyonrtevtcod, deiyvovtag 61t 10
povtéro dev gtvar KaBorlov a&lomioTo.

Hivaxag 5.9: Eridoon alyopiBuov AdaBoost yia ti¢ amdroucs emtoydveers ava 100xyAu.
001 Zopumeprpopa Axpipera Avéxinon fl-score Zﬁvoggéizi(:];;évmv
Mn Emikivuvn 0.98 0.25 0.40 82599
Enucivéuvn 0.09 0.94 0.16 6442
Mécoc 6pog 0.54 0.59 0.28 89041
oo pévog HEGOC 0.92 0.30 0.38 89041

O ITivakag 5.9 emPePardver v EAdeym a&lomotiag Tov povtélov. H Axpifeta e ta&ivounong
Mn Emcivovvng copmepipopdg eivar oAb vyman, Opmg g 0e0TePNS TAENS £lvar U 0modekTY|
KoL OT®G AOdEYTNKE, AVTIGTPOPO KupaiveTatl 1 Avakinon.

ROC Curve for ha/100km
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AdaBoost yia ti¢ ardroues
emtoyvvoels ova 100yAu.

Precision-Recall Curve for ha/100km
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Cpdonua 5.44:

Recall

Kourdin Axpiferog-
Avixinong olyopiBuov
AdaBoost yia ti¢

OTOTOUES ETITOYVVIELS
ova 100xAu.

To AUC score g koumding ROC eivat ico pe 59,44% , evod ot kapmdreg tov I'pagnudtov 5.43
Kot 5.44, eraAnBgdovy TV KoK KavOoTnTo TOEVOUNGNS TOV LOVTEAOL.

5.3.5.2 Amotopeg emPpadvveetg avd 100yApu.

H pébodog GridSearch édwoe ¢ Béltiom vreprapduetpo: n_estimators=30. H OpBotta tov
alyopiBuov Ntov 67% xor to G-mean ico pe 0.667, cuYkpPITIKE OPKETO KOAVTEPO OO TNV
ta&vounon g LetafAnTig amoTopmV emttayvvoemv ava 100yAu. pe 1o 1510 povtéro.
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Confusion matrix of AdaBoostClassifier Test Elements
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Cpaonua 5.45:  Mijwpo abyyvonc dedouévav eAéyyov alyopibuov AdaBoost yia tig amdrouss
empPpoodvveers ava 100yAu.

H ptpa ovyyvong tov poviélov yia tig amodtopeg emiPpadvvoelg avd 100yApn kopaivetol og
apKETE a&LOAOYO EMIMESN GUYKPITIKA [LE TO OVTIGTOL(O Y10 TG EMTUYVVOELS, OPMG Elval oioOnTd

YOUNAOTEPNC TOOOCTG CLYKPITIKA UE GAAL LOVTEAQL.

Hivakog 5.10:  Exidoon adyopiBuov AdaBoost yia ti¢ ardrousg emifBpooddveers avd. 100xAu.

0o Xopmeprpopad Axpifera

Avaxinon

fl-score

2voAo dedopévev

eEétaong
Mn Emikivouvn 0.94 0.65 0.77 78997
Emwivouvn 0.20 0.68 0.31 10044
Mécog 6pog 0.57 0.67 0.54 89041
STafIGUEVOC HEGOC 0.86 0.66 0.72 89041

To mocootd Adbog ta&vounuévev ototyeiov oty Emkivévvn 1aén sivon 32%, eved otmv Mn
Emwcivéuvn 35%. H Axpifeta twv 600 tdEemv KOPOIVETOL GE IKOVOTONTIKA EMIMED, OUW®S EVD
emPefardverar n yevikodtepn adoroyn amddoon tov AdaBoost yio ta cuykekpipéva dedopéva
eKTAOEVONG, Elval XEPOTEPO LOVTELO OTO TO TPOYEVEGTEPOL.
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Cpdonuo 5.47:  Koundin Axpifeiog-
Avaxinong alyopiBuov
AdaBoost yia tig
OmOTOUES ETIPPOODVOELS
ava 100xAu.

To AUC score g koumving ROC eivor ico pe 73,04% , dnAadn divel Kohr GYeTIKE EVIVTMOON)
ta&wounong tov otoyeiov kot 1 Kapmdin tov I'papnpatog 5.47 kabiotd to povtéAo Kaid yia
TPOPAEYN, XEPOTEPO OU®G OO VTLOLOLTA.

5.3.6 K-nearest Neighbors Classification

5.3.6.1

Amotopeg emroyvveelg avé 100yAp.

H pébodog GridSearch édwoe ¢ Pédtiomn vrepmapduetpo: n_neighbors=7. H Opbotnta tov
alyopiBupov ntav 87% kat to G-mean ico pe 0.620.

Confusion matrix of KNeighborsClassifier Test Elements
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Mnzpo adyyvong oedouévav eréyyov adyopiBuov KNN yia tig amotoues emiroydvoeig
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H pntpa ovyyvong tov povtédov amotedeiton omd pukpd péyebog FPR, ouwg apketd vynio FPR,
KafoTdVTOG TO HOVTEAD aVOELOTIOTO.

Hivakag 5.11:  Emidoon adyopiBuov KNN yia ti¢ arnotoues emtaydvoeis ave. 100xAu.

00w Zopumeprpopa Axpipera Avéxinon fl-score Zﬁvoggéi(ji?]l; évov
Mn Emikivuvn 0.95 0.75 0.84 82599
Emikivduvn 0.12 0.45 0.19 6442
Mécoc 6pog 0.53 0.60 0.51 89041
Srofuopévoc pécog 0.89 0.73 0.79 89041

To mocootd LavOaouéva ta&vounpévey ototyeiov g Mn Emkivovvng taéng etvar 25%, yeyovog
7oV 10 Kab1oTd apkeTd tKavomomtikd. Ex dtopétpov avtibeta elvol OUmG To OMOTEAEGLOTO Y10, TV
Avéxdnon g Emkivéuvng 1aéng pe 55% va givar 1o 1060016 TV Aavloopéva TaSvounpéveoy
otoyeimv. O otafcpévog HEcoc 0poc Akpifetag Kiveital o KaAd emineda.

ROC Curve for ha/100km Precision-Recall Curve for ha/100km
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Cpaonua 5.49:  Kourdin ROC alyopiBuov Lpaonua 5.50:  Kourbin Axpiferac-
KNN yia ti¢ androues Avaxinong alyopibuov
emtoyvvoels ava 100yAu. KNN yia 1¢ anéropes

emitoydvoelg ova 100y

To AUC score g kapmoing ROC eivar ico pe 64,55%, enainBedovrog v pétpla anddoom tov
povtélov. v ypoeikn avorapactacn g Koumding Axpifeloc-Avakinong emoaindeveton ek
véoL awTHG 0 1oyVPLopds. IN'evikd, To HOVTELO dev TpoTEivETAL.
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5.3.6.2

Amotopeg emPBpadvveetg avd 100yALL.

H pébodog GridSearch édwoe w¢ Pértiotn vrepmapduerpo: n_neighbors=7. H Opbotnta tov

aAyopiBuov NTav 85% kot o G-mean ico pe 0.617.

Confusion matrix of KNeighborsClassifier Test Elements
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H pntpa ovyyvong tov adyopiBpuov KNN divel ek véov kald amotedéopata FPR, apketd opwmg
otoyyeia tagvounuéva oto Pevddg Apvnrikd, divovtog v evivmmon 01l ¢ Hoviélo elvan
OVETOPKEG CLYKPITIKA LE AALQ LOVTEAQL.

Mivakog 5.12:  Exidoon atyopiBuov KNN yio ti¢ arotoues emfpodiveeis ava 100yip.

20voAo dedopévev

0o Zopmeprpopa Axpipera Avéxinon fl-score eEéTaong
Mn Emikivuvn 0.92 0.71 0.80 78997
Enucivoovn 0.18 0.50 0.26 10044
Mécog 6pog 0.55 0.61 0.53 89041
Xrofopévog HEcog 0.83 0.68 0.74 89041

Xoppova pe tov [ivaka 5.11, n AvéxkAnon g tpd¢ TaENS Kiveital og tKavomomTtikd enineda,
oe avtifeon pe g tééng Emkivouvng ocvumepipopds kot @uoikd emiPefordvel v pnTpa
oLYyLoNG ToL LOVTEALOL. Ot HETPIKES TOV HOVTEAOL KOOIGTOVV TO HOVTELO avaElOmoTO.
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ROC Curve for hb/100km Precision-Recall Curve for hb/100km
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Cpbonpa 5.52:  Kaurdin ROC alyopibuov Cpbonpa 5.53:  Kaurdin Axpifeiog-
KNN yia ti¢ androuss Avaxinong alyopiBuov
emppadvveers ova 100xAu. KNN yia 7i¢ anoropes
EMPPaOdVOEIS Ova
100y u.

To AUC score tng kapmoing ROC givat ico pe 65% , evd ot ypapikég aneikovicelg tov Kopmviov
dev givorl IKOVOTOTIKES,

5.3.7 Supported Vector Machines

5.3.7.1 Amotopeg emttoyvveels avd 100yAu.

O evromiopdc TV BéATIoTOV vIepropapéTpov avédelEe Tig e€ng: kernel=rbf, gamma=0.1, C=100.
H OpB6tra g exnaidosvong éptace 10 66%, evd to G-mean Ntav 0.654.

Confusion matrixz of SWM Test Elements
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Cpdonua 5.54:  Mipa odyyvons dedouévav eléyyov alyopiBuov SVM yia tig amdroues emitoydvoels
ovae 100y
H
utpa ovyyvong v SVM givar mold kain oto eninedo FNR, pe youniég opmg emddcelg oto
FPR. ®aivetar va mpofAénet kald v Emkivovvn 1dén.
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Hivaxag 5.13:  Exidoon alyopiBuov SVM yia ti¢ androueg emitoyivvoers ova 100yAu.

YHV0Lo OEO0PEVAOV

0o Xopmeprpopd Axpipera Avéxinon fl-score eEéTaonc
Mn Enucivéovn 0.96 0.60 0.74 82599
Emikivduvn 0.12 0.71 0.21 6442
Mécog 6pog 0.54 0.66 0.48 89041
Ttofouévoc HEGOC 0.90 0.61 0.70 89041

H Axpifela e mpod™c 14ENG elvatl KaAn, OU®g 1o HovTEAD votepel oe akpifela g devTepng
Emkivovvng 164énc. To mocootd tov AavBaouéva tavounuévev dedopévov g Emucivouvng
16Eng etvan 29%, mov @aivetar va TpoPAémel oe KaAd Pabud v Emkivovvn cvumepupopd.
AvtiBétmg, 1 AvakAnon g Tpdtng TaENG dev eival KaAr, dnAadn 1o HoVTELD amodidetl HETPLOL.

ROC Curve for ha/100km Precision-Recall Curve for ha/100km
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Cpdonua 5.55:  Kaunddn ROC alyopibuov Cpdonuo 5.56:  Kaundin Axpifeiog-
SVM yia i amoroues Avarxinong alyopiBuov
emtoyvvoers ava 100yAu. SVM yia tig amdroues

emitoydvoeig ova 100y

To AUC score g kapumving ROC givar ico pe 65,6%, emiPefardvovtag v pérpia anddocn tmv
SVM. Evtovtowg, 10 povtého pmopel va ypnowwomombel, OUmMC vadpyovv cop®g KaADTEP
eKTadELIEVOL OAYOp1OpOL.

5.3.7.2 Amotopeg emttayvveels ava 100yAuL.
H teyvikn GridSearch édmoe mg Bédtioteg vieprnapapétpovg tig e€ng: kernel=rbf, gamma=0.01,

C=10. H OpBomta Mrav 61% ko to G-mean ico pe 0.612. H OpBdtrta ekmaidevons tov
alyopiBuov ogv givar KaAr.
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Confusion matrix of SWM Test Elements
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Cpdonua 5.57:  Mipa odyyvons dedouévav eléyyov alyopiBuov SVM yia tig amdtoues emppadivoeis
ova 100xAu.

H pntpa ovyyvong dev mapovcstdlel KoAd OMOTEAEGULOTO, GUYKPITIKA LE TO OVIIGTOLO TMV
amotopwv enttayvvoemy e SVM. Ioapatnpodvrar moAld AdOn ta&vounong pe moAd avefoacuéva
emineda FPR kot FNR.

Hivakag 5.14:  Exidoon adyopiBuov SVM yia tig anotoues emppadivoeis ava, 100yiu.

XHVoLro 0Ed0pEVOV

00w Zopneprpopa Axpipera Avéxinon fl-score eEéTaonc
Mn Emikiviovn 0.93 0.57 0.71 78997
Emkivéuvn 0.16 0.65 0.26 10044
Mécog 6pog 0.55 0.61 0.49 89041
oo pEvog HEGOC 0.84 0.58 0.66 89041

Evod n Axpifeia oty ta&ivounon g Mn Emikivovvng 1déng elvotl tkavomomtiky, To 1060610
Avaxinong v kéBe téEn Kol 6to GVVOAO dev givar emapkés Yoo va BewpnBel n tagvounon
a&oroyn. I'evikd, to povtélo dev mapovclalel KOATN eKmaidgvon.

82



Kootémoviog Avidvng | Avéiven Mnyavikng MdaOnong avicdppon@v Sedopévav TNAELOTIKNAG Yo TNV TPOPAEYN TG CUUTEPLPOPAG TOV 051 YOV

10 4

2 2 2
= @ e

Tue Positive Rate

=
[~

001

I'paenua 5.58:

ROC Curve for hbf100km

| @ Best e

~== Mo Skill =
= Support Vector Machine T

T T T T T
0.0 02 04 06 0.8 10
False Positive Rate

Kouroin ROC alyopiBuov
SVM yia 11 amdroues
emppadoveers ova 100xAu.

Precision-Recall Curve for hb/100km

10 A === Mo Skill
N =— Support Vector Machine
08 ™,
.
- ~
£ 06 \,
i .
& \
04 "
"\
.
02 N~
00 02 04 D.IG 08 1 b
Recall
Cpbonpa 5.59:  Kaurdin Axpifeiog-
Avixinong alyopiBuov

SVM yia tig amoroues
emPpodvveers ava 100xiu.

To AUC score ¢ kapmoing ROC eivar ico pe 61,33%, kabiotdvtag aduvaun TV GUYKEKPIUEVT
petpwcn aSoddynon. H Koumdin oto Ipaonua 5.59 avoamoapiotd kot Tig youniés emdocelg
ekmaidevong tov SVM.

5.3.8 Multilayered Perceptrons

5.3.8.1

Amndropec emroyvvoelc avd 100yAu.

Ot KaADTEPOL VIEPTAPAUETPOL V1oL TV TASIVOUNGOT TNG CLYKEKPIUEVIG LETOPANTNG KpiOnkay omd
mv teyvikny GridSearch xou sivor ov €€ng: activation=tanh, hidden_layer_sizes=(10,30,10),
learning_rate=adaptive, solver=sgd, alpha=0.0001. H Opbétnta exknaidcvong nrav 68% kat 1o G-
mean ico pe 0.678.

Confusion matrix of MLP Test Elements
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Mnzpa adyyvons dedopévav eréyyov adyopifuov MLP ya tig amoroues emiroydvoeis
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H ptpa odyyvong twv MLP divel apketd afidAoya anoteléopata pe oucOnTd petmpéva enineda
FPR xat FNR, mtpoteivovtag v yp1om tov HoviéAov.

Hivakag 5.15:  Emidoon adyopiBuov MLP yia ti¢ arnotoues emtaydvoeis ave. 100xAu.

YOVOA0 OEOOUEVOIV

00w Zopumeprpopa Axpipera Avéxinon fl-score eEéTacne
Mn Emucivdovn 0.96 0.68 0.80 82599
Emikivoovn 0.14 0.67 0.23 6442
Mécoc 6pog 0.55 0.68 0.52 89041
Tro0uopévog nécog 0.90 0.68 0.76 89041

O ITivakog 5.13 moapovoralet Tig petpikeg aloroynoelg tov MLP mov 610 cuvoAd Tovg divouv
apkeTd koA exmaidevon tov povtédov. Ta enineda Axpifelag eitvat 1oyvpd, evd kot 1 AvakAnon
TaPOTL OEV KUUOIVETOL GE KATATANKTIKA enimeda, sivon emapkng. To povtédo paivetal a&lomioTo.

ROC Curve for ha/100km Precision-Recall Curve for ha/100km
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02 e === No skill
- Multi-Layered Perceptron 02
00 f-~ ® FBest Ly
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False Positive Rate Recall
Tpdonua 5.61:  Kaurvin ROC alyopiGuov Cpdonpo 5.62:  Kaundin Axpifeiog-
MLP yia tic androues Avarxinong alyopiBuov
emtoyvvoels ova 100yAu. MLP yia g axoroues

emiroyvvoelg ova 100y,

To AUC score g xapmoing ROC eivar ico pe 74,67%, enainfedoviog v KoAr tKovotnTa
tavopmong kot tpoPreyng tov MLPs, eved ko 1 KopmdAn tov I'papruatog 5.62 €xel kaan
ocvoumeppopd. To povtéro wavomotet.

5.3.8.2 Amndropec emPBpadvvoelg avd 100yALL.
H  pébodog  poBuiong  vmepmopapétpov  avédeilEe  to e€ng:  activation=relu,

hidden_layer_sizes=(10,30,10), learning_rate=constant, solver=sgd ot alpha=0.0001. H
OpB6tTa Tov povtédov rav 68% kot o G-mean ftav 0.677.
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Confusion matrix of MLP Test Elements

Actual hb/100km

Cpbdonpa 5.63:  Mimpa abyyvons dedouevarv eAéyyov alyopiBuov MLP yia ti¢ amdroues emifpadivoerg

ava 100yAu.
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H pntpa cvyyvong divel xepotepa amoteAEGHATO OO TO OVTIOTOLO TOV eMtTayVVoew®V e MLPS,
OUMG OE YEVIKEG YPOULES TO LOVTEAD EYEL KAAT) GUUTEPIPOPAL.

Hivaxag 5.16:  Emidoon alyopiBuov MLP yia tig arnotoues emipPpadvvoeis ava, 100yiu.

0o Xopmeprpopd Axpipera

Avéxinon

fl-score

YOVOLO OEOOUEVOV

eEétaong
Mn Enucivéovn 0.95 0.62 0.75 78997
Emucivovvn 0.20 0.74 0.31 10044
Mécog 6pog 0.57 0.68 0.53 89041
Ttofopévoc HEGoC 0.86 0.63 0.70 89041

H Axpipera taivopnong otig oo TaEEIS Kiveitor 6 TOAD KOAG €mimedo, VM Kol TO TOGOGTA

Avaxinong emPePordvouv TV KoAN EKTOIOELOT TOV LOVTEAOV, KADIGTMOVTOS TO YPTGILO.
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ROC Curve for hbf100km Pracision-Recall Curve for hb/100km
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Cpbonpa 5.64:  Kaundin ROC alyopibuov Cpdonpa 5.65:  Kaurddn Axpifeiog-
MLP yia ti¢ androues Avaxinong alyopiBuov
emfPpoovveers ava 100yAu. MLP yia tic anoroues

emPpadvvoeis ova
100xAu.

To AUC score ¢ kapmvAng ROC tov MLP givar ico pe 74,69%, kar n Koapmdin Avaxkinong-
Axpifelog kopaiveton ce apketd wavomomtikd emineda. ['evikdtepa, 10 poviéAo umopei va
a&lomomOei.

54  XVykpion povtélmv Taivounong

A@o¥ paypatoromnOnke 1 d1ad1Kacior TG TAEIVOUNONG KOl TPOEKLYOV Ol LETPIKES AE10A0YNGELG
Kké0e aryopiBuov, mpocdiopiletar N PEATIOTN TPOPAERTIKT IKOVOTNTO HOVTEAOL, COLPOVO LE TNV
ekmaidevon Tov ota vrdpyovia dsdopéva. O teyvikég emefepyaciog kot peTOyElpong TV
dedopévarv, Kabmg kot ot pvbuicelg Peltiotomoinong LIEPTOPAUETP®Y TOV VLAECTN KAOE
SPOPETIKOG alyOplOog oTdYeLoaY otV PEATIOON TOV TPOYVOOTIK®OV HOVIEA®V KOl TNG
amodoon g tagwvounons. Ilpokeyévov va 0E10Aoyn00vV GOGTA To LOVTEAW, ETICTLOIVETOL OTL
N AavBacpévn Tavounon oToEl®V TOV GTNV TPOYHATIKOTNTO aviKovy otV Téén Emkivovvng
Odwng  ovumeprpopds omoterel v kpowdtepn  alloAdynorn, Ady®m TG OLVNTIKNG
EMKIVOLVOTNTOC OV TOPOLGIALEL TO oVyKeKpIEVO Adbog. Xvvenmg, n Avakinon (Recall), n
[Teproyn wdtw omd v Kapmodn (AUC score), kabhg kot n avaroyio Pevdog Apvntikov
AmOTELOVV TNG CNUAVTIKOTEPES TAPOUETPOVG 0EIOAGYNONG TOV KABE povtédlov. Xtov [livaxa 5.17
kot otov Ilivaxa 5.18 mov axoAovBovv mapovslalovial GUYKEVIPOTIKG T OMOTEAEGUATO TNG
TaSVOUNONG TOV ATOTOUMV TEPICTOTIKMV UE TIC KPIGIOTEPES Y10 TNV GUYKPLIOY| TOVG UETPIKEG
a£10A0YNOELS TOVC.
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Hivaxag 5.17:  Xvykevipwtuixog [Tivaxag amoteleoudtwy wovieAwy taltvounongs yio. Tig amoToUES ENITOYDVOELS OV,

100y Au..
AlyéprOpog Ta&vopnong OpBomra Axkpipaa Avaxinon FNR f-1 score AUC score
Decision Trees 53.03% 54.12% 65.35% 34.65% 43.26% 70.48%
GradientBoosting 65.28% 55.15% 68.05% 31.95% 50.25% 75.10%
XGBoost 66.76% 55.09% 67.46% 32.54% 50.86% 74.26%
Random Forests 70.83% 55.16% 66.39% 33.61% 52.64% 73.98%
AdaBoost 29.97% 53.51% 59.44% 40.56% 28.04% 59.44%
KNeighbors 72.70% 53.46% 60.08% 39.92% 51.47% 64.55%
SVM 61.07% 54.30% 65.60% 34.40% 47.52% 65.60%
MLP 68.16% 55.26% 67.65% 32.35% 51.63% 74.67%

Hivaxag 5.18:  Jvykevipwuixog [Tivoxag amoteleoudrmy HovieAmy Taltvounons yio. Tig amoTouES EXLPPOODVOEIS OVa.

100y24..
AlyéprOpog Tagvopnong OpOoémra Akpipaa Avaxinon FNR -1 score AUC score
Decision Trees 62.51% 56.58% 66.03% 33.97%  52.12% 72.35%
GradientBoosting 63.36% 57.36% 67.91% 32.09%  53.13% 74.88%
XGBoost 64.53% 57.20% 67.30% 3270%  53.60% 74.28%
Random Forests 67.78% 57.20% 66.48% 33.52% 55.09% 73.62%
AdaBoost 65.51% 57.03% 66.66% 33.34%  53.93% 73.04%
KNeighbors 68.45% 54.88% 60.55% 39.45%  53.19% 65.00%
SVM 58.35% 54.58% 61.33% 38.67%  48.55% 61.33%
MLP 62.96% 57.29% 67.80% 3220%  52.88% 74.69%

Xoupova pe tov Ilivaka 5.17, to onuavtikdtepo mocootd OpHotntag avadeikvietonr ond v
ta&vopunon pe tov adyopibpo K-nearest Neighbors kot n yapniotepn pe to AdaBoost. Ta mocootd
OpBottag Tov poviéAwv eivolr 6to 6OVOAO Tovg wovoroumtikd. H vyniotepn Avdxinon
napatnpeital oty avantoén tov adyopibuov Gradient Boosting oe cuvolikd mocootd 68.05% kot
o€ GLVOLOCUO LE TNV AKPIBEI TOV HOVTEAOV GUVETAYOVTOL VYNATN KOVOTNTO OVOyVOPIoTG Kot
npoPAleyng g mpoypatikd Emikivovvng kidong. Emonpaivetar, 6t o olyopiOpog Gradient
Boosting mapovoidlet kot o xopuniotepo mocootd Yevdmg ApvnTik®dV , KabdG Kat T VYNAOTEPO
okop AUC. Ze wavomta to&vopmong kot mpoPreyme, e mopsueepeic, Opmg eAdyloto
yopmAotepeg petpkég aglodoynoelg axoiovdei o aAdyopiOuoc Multilayered Perceptrons. H
AvAxAnon tov HovtéAov €ivol OpPKETA KOVOTONTIKY, OT®¢ €miong Kot T0 TocooTd Yevddg
Apvntikov kot to okop AUC, petpikéc mov kabiotodv 10 povtéAo amodoTikd. Avtibeta, 1
ta&vopunon pe to AdaBoost amodeikvoeTaL 1) T EXGPAANG, IUE HETPIKES TTOV KATAOEIKVOOVY TNV
OKOTOAANAOTNTO TOV GUYKEKPIUEVOL aAyopiOpov.
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Xopupova pe tov Ilivaxo 5.18, mopatnpeitor GYeTIKOG KON omdO00T GLYKPITIKA LE TOLG
alyopiBuovg mov tavouncav tig amdtopes enttayvvoeetg ava 100 yAu. H OpBotra tov poviédwv,
KaOdg kot 1 AVAKANGN OTNV GULVOAIKY] E€KOVO TOV HOVTEA®V TOPOVCldlouV OmodOTIKY
ocvouneprpopd. Emmiéov, n a&oddynon tov okop AUC yapoaktnpilet ev yével Ta LovTéLa GYETIKMG
acparr.  Ioyvpdtepo poviédo eaivetar to Gradient Boosting kot axoAovBovv ta Multilayered
Perceptrons, pe to vynAdtepa mocootd AvakAnong kot ta youniotepo Yevdmg Apvnrikov.
Avrtifeto, un KovomomTikn anddoor eoivetal vo £xovv ot TaEVOUNGELS pe tov aAyopiBpo K-
nearest Neighbors kot Supported Vector Machines, pe petpikég a&loAoyfoelg mov Tovg Kabiotovv
OVETOPKELS Y10 AGPOAT CUUTEPAGLOTOL.
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7
6. Xvumepdouoro

>10 ovykekpuévo Kepdraio Ba mpaypotomombel n avackonnon g nmopodcsos AUTAOUOTIKNG
Epyaciog, pe chvoyn 1oV TEMKOV 0moTEAESUATOV, KOOMG Kol GUYKPOTNOT TOV CLUTEPAC LATOV
OV TPOKVTTOLV Omd TNV avdAvon pe texvikés Mnyavikng Médnong. Emniéov, Ba cuvtaybovv
OLYKEKPIUEVEC TPOTAGELS TPOG EPEVVITIKT SLEPEVVNOT|, TOV AVEKLY OV OO TNV EVAGYOANCT LE TNV
Epyaocia, kaBog kot opiopéveg TpoeKTAcELS TG Yo aEtoToinon.

6.1 XVvoymn Amoterecudtov

210y0¢ ™G mopovcag Amiopatikng Epyaciog eivar n aviyvevon, ta&vounon kot tpdpreyn tov
anpOONTOV TEPICTOTIKOV HE epappoyn Mmn Iooppomnuévng Mdébnong. H avaokoémnon tng
Bihoypagiog xatédei&e v avoyKoldTnTa Yo TEPULTEP® OVOAVGELS OOIKMV OdOUEVOV Kot
tagvopnon ¢ OdkNg ovumeplpopds, HECOH omd KOWVOTOUEG Tpoceyyioels. Agikteg g
Emkivovvmg Odwne ovumeplpopdc omoTeAOVV T0 OMOTOUO TEPICTOTIKA OTMOC Ol OMOTOUES
EMTOYVVOELS KOl OMOTOUEG EMPPadVVGELS Katd TV ddpkela piag dadpouns. [lpokepévon va
Kataotel mo o&OmoT 1 avalvon, ot emideyeiceg eaptnuéveg petaPfAntég nMrTov  to
TOPAUETPOTOMUEVO G TPOG GVYKEKPIUEVT] LOVAOO OTOGTOCNG OTOTOUO TEPICTATIKG, 1TOL TOL
amotopa meptotatikd ava 100yAu, dtaywpicpéva oe dvo egaptnuéveg petaPintéc. Ta dedopéva
cLAAEONnKay omd v Baon dedouévav g etopiag OSeven Telematics®.

210 TPAOTO UEPOG TNG OVAAVLONG, KOTOPTIGTNKOV Ol GNUAVIIKOTEPOL TOPAYOVTIEG EMPPONG TMOV
OTOTOU®MV  TEPLOTOTIKMOV, HEow NG dwdkaciag Emioyng Xoapaxtnpiotikov. H Emdoyn
XOpaKTNPIOTIKOV TPOYHOTOTOMONKE LE YVOUOVO TOV GLVTEAECTN ocvoyétiong Pearson twv
eCoapmuévov  petafAntodv pe Tig avefdpmntec kot Ty Sodwkocion TG  ZNUOVTIKOTNTOG
Xopokmnpotikayv, péoa ond emavaAnmrikés [Holwvdpounocelg vy tov gvtomiopd tov Pabpov
emppong kabeprdc. Ot mopamdve O1a01Kacieg avESEIEAV MG CNUOVTIKOTEPEG UETOPANTEG OV
ennpedlovv to amOTOUN TEPIOTATIKA TNV GLVOAIKT] dtavvBeica amdoTasT, THV GLVOMKN dldpKeLd
001 YNOMNG €V KIVGEL, TNV LEGT TOYVTNTO 0O YOG KoL TO 6KOP LILEPPOAIKNG TaHTNTOG Kot XpNoNG
KINTo0 TNAEQ®VOVL. ATO TNV TEAKY| EMAOYN XAPOKTNPIGTIKMOV OMOKAEIGTNKOV 01 LETOPANTES OTIG
OToieg VIELGEPYOTOV Ol TOPAUETPOL TOV OTOTOUMY TEPLOTOTIKOV. AVTEC NTOV Ol OVOUOGTIKESG
OTOTOUES EMTUYVVOELS KOl EMPPASVVOELS, TO OVIIOTOL(O GKOP TOLG KOL TO GUVOAIKO OKOp
odnynong. Ot MoAwdpouncelc mpaypoatomomdnkay kot yia tig 000 e&oaptnuéves petafintés pe
xpnon tov oryopiBumv I'poppuknc Makvdpounong, Decision Trees, Random Forests, XGBoost
xou Linear SVR. Ot IoAwvdpopnoeic pe Decision Trees eiyov cuvtedesth mposdiopiopod R? {co
ue 0.999 povada ko o ITakvdpounoeig pe Random Forests ico pe 0.871 kou 0.869, dnAadn 1o
TPOPAETTIKO TOVG HOVTEAD £pAprole TOAD KaAd e To detypa tov mapoatnpnoemy. Ot youniég
npéc ovvieheoty R? tov Tpopukadv  Holwvdpopnosov  emPefoidvory v omovsia
YPOUUKOTNTOG HETAED TV HETARANTOV.

X ovvéyewn, aSlomoldvVToS TS ONUOVTIKOTEPES peTaPfAntés avamtdyOnkav 8 alyopiBuot
Mnyoavikng ekpdbnong, amockonmviog otnv tasvopnon tg Odkng cvumeplpopds o€ dVo
emineda acporeiog, avtd g Enucivovvng kot avtd g Mn Emikivovvng Odikng coumeptopopdg.
[Ipoxeyévonv va Katootel ePiktn 1 owdkacio TG TaEvOUNoNG, ot eE0PTNUEVES UETOPANTES
VIEGTNOOV OLOOIKT] OpLAdOTOINGT, PACEL GLYKEKPIUEVAOV Opl®V TIUGV oV TEON KAV pe TV fonfeia
ToVv aAyopifuov K-péoov. Epappolovtag v texvikn Yrepdetypatoinyiog Xuvoetikn Melovotikn
(SMOTE), avtiuetoniotnke t0 TPOPANUA GVIONG KOTOVOUNG TOV SES0UEVOV TNG LELOVOTIKNG
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TaENG TV dedouévov ekmaidevonc. 'Eywve ekmaidevon 16 poviélmv ta&tvOunong GuVOAIKA UE
GLYKEVTPMOTIKA TOVS amoTeAEGHOTA Vo Tapovotdlovtar otovg [ivakeg 6.1 ko 6.2, mapdAinia pe
TNV GLYKPLTIKT] YPAPIKY| OTEIKOVION TOV UETPIKAOV AEI0AOYNCEDY TOVG.

Mivakog 6.1:
100x74u..

2vykevipwtikog ITivokog amoteleoudrwv LoviéAwy Talivounong yio. g amoOTOUES ETITOYOVOEIS OVA

ALryéprOpog Tagivopnong Opémta Axpipewo Avaxinon FNR f-1 score AUC score
Decision Trees 53.03% 54.12% 65.35% 34.65% 43.26% 70.48%
GradientBoosting 65.28% 55.15% 68.05% 31.95% 50.25% 75.10%
XGBoost 66.76% 55.09% 67.46% 32.54% 50.86% 74.26%
Random Forests 70.83% 55.16% 66.39% 33.61% 52.64% 73.98%
AdaBoost 29.97% 53.51% 59.44% 40.56% 28.04% 59.44%
KNeighbors 72.70% 53.46% 60.08% 39.92% 51.47% 64.55%
SVM 61.07% 54.30% 65.60% 34.40% 47.52% 65.60%
MLP 68.16% 55.26% 67.65% 32.35% 51.63% 74.67%
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Performance of classification models for ha/100km
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Mivakog 6.2:
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False Megative Rate

2OYKPION UETPIKDV ATOTEAETUOTMV TWV UOVTEAWY TOLIVOUNONS VIO TIG OTOTOUES
emtoyvvoers ova 100y

2oyrevipwtiog Ilivoxag omoteleoudrwv LovieAwy talivounong yio. Tig OmOTOUES ETLPPOODVOELS AVa

AlyéprOpog Ta&vopnong OpBomTa Axkpifaa Avaxinon FNR f-1 score AUC score
Decision Trees 62.51% 56.58% 66.03% 33.97%  52.12% 72.35%
GradientBoosting 63.36% 57.36% 67.91% 3209%  53.13% 74.88%
XGBoost 64.53% 57.20% 67.30% 32.70%  53.60% 74.28%
Random Forests 67.78% 57.20% 66.48% 33.52% 55.09% 73.62%
AdaBoost 65.51% 57.03% 66.66% 33.34%  53.93% 73.04%
KNeighbors 68.45% 54.88% 60.55% 39.45%  53.19% 65.00%
SVM 58.35% 54.58% 61.33% 38.67%  48.55% 61.33%
MLP 62.96% 57.29% 67.80% 32.20%  52.88% 74.69%
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Performance of classification models for hb/100km
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Cpdonua 6.2:  Xhyrpion puetpikdv amoteleoudrmy Ty poviéAwy tallvounong yio. Ti¢ amoToUeS
emPpodvveers ava 100yiu.

To Bértioto povtého mpoPieyng kot Ta&vOunong TV andTOU®Y TEPICTATIKOV avadeiyOnke o
aiyopiBuog Gradient Boosting, pe tov odyopiOpo Multilayered Perceptrons vo amoteAei kot ovtog
pio apKeTd aSlOmoTn TPOCEYYIo).

6.2 Zovoym Zvumepacudtmv

Koatgd v dbpkela ekndvnong g Auwlopatikng Epyociog kot g mopatipnong tov
OMOTELECUATOV avEKLYAY OPIoPEVA ONUAVTIKE cvumepdopoata yioo tov topéa tng OdKng
Acaietog kat TG avdivong g Odkng Zvumepipopdc.

1. Zdppova pe 1o arotehéopota tov I[lalvdpopncewv, n cvvoiikn dwovvbeica
OTOCTAGCT) OAMOTEAEL TNV ONUOVTIKOTEPT LETAPANTT Yo TNV avayvdpion g OdKng
ovumeplpopds. H aténon g dtavubeicog andotaong ETOEVOVEL YOPUKTPIOTIKG
TNV CLUUTEPLPOPE TOL 0OIKOL GTNV dtadpoun Tov, Kabmg eppavifovrol onuddio
KOmwong, vrvniiog, oAAOIMONG NG OVTIANATIKNG KOVOTNTOS TV £EMTEPIKAOV
epebetopdtov, ennpedlel tov ypovo avtidpaong kot eTPapHvel TOV YOYOKIVNTIKO
GLVTOVIGUO.

2. Koatd Bdon ot 0dikég cvoumeprpopés dev ftav vrepPoikd emBeTIKEG, KOOMG oL
OYETIKOL OLIUEGOL TV OTOTOU®MV TMEPICTATIKAOV NTOV UNOEVIKOL Kol ot odrnyol
evapuovifovtor pe toug Kavoveg KukAogopioc. To cuYKeEKPEVO GLUUTEPAGLLOL
npootifetal 610 ToOPATAVE, KaOMG o1 S1avLOEIcES AMOCTAGELS KOl 1] SLAPKELL TNG
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001YNOMNG 6T0 GUVOAO T®V TTapatnpnoe®my 0o T1g yopoakpiloy Slodpopés HKpo
€m¢ pecaiov peyéBovg, OMAOdN HE OTAVIO ELPAVIOT OTOTOUMV TEPIGTOUTIKMOV GE
OVTEG. ZUVETADGC, YOPUKTNPLOTIKA OTOTONO TEPIOTOTIKG ERLPAvIfovTaL o d100pOUES
emPapopéves o ypOVO 1 KoL ATOGTOOT).

3. H toyvmrto tov oyNUoTog amotelel ONUAVTIK TOPAUETPO EUPAVIONG OTOTOUMY
TEPIOTOTIKMOV KOl GUVTEAEL OMUAVTIKA GTNV EUPAVIOT] OTUYNUATOV Kot €V YEVEL
Emnwcivduvng Odung ocvumeprpopds, emPePardvoviag v debvn Piproypaopio.
AvEnpévn toyvTa 1I60dVVOUEL pE paydaio PEI®ON TNG AVTIANTTIKNG IKOVOTNTOG
TOV 0dMY0V Kot TNV avaAoyn ovTidpaot Tov o€ E®YEVELG TapAyovTEC.

4. H oonynon katd v odpkewa g emkivovvng {ovng opag (00:00 — 05:00) dev
ouppETAPAALETOL [LE 1OYLPN OYECT UE TO. OTPOOTTO TEPIOTATIKA, GUYKPITIKA LE
dAlovg mapdyoviec. [Topd TV YeEVIKOTEPT EUPAVIOT] CUUTTOUATOV ETIKIVOLVIG
001KNG GLUTEPLPOPAS GTO GLYKEKPIUEVO YPOVIKO TapaBvpo, ot odnyol aivetal va
unv mpoPaivouy e GLUYVEG AmOTOUES EMTAYVVOELS KOl EMPPAOVVOELS, YEYOVOS TOV
e€nyeital amd Tovg YOUUNAOVE KUKAOPOPLOKOVS POPTOVG Kot pOPTOVG el DV, KoTd
mv voytepwvn Lovn opoc.

5. T'a v dwyeipion tov TPoPANUOTOC TNG GVIOTG KATOVOUNG LEWOVOTIKNG TAENG TV
dedopévarv exkmaidgvong, n texvikn Yrepoetypatonyioc SMOTE mpoxpibnke tng
ADASYN, «a0d¢ ot S1aKVUAVeEIS TV OE00UEVAOV NTOV 10101TEPO 1GYVPEG KL M
avaAroyio ™g TaEng mAgovotntog moAv peydAn. H SMOTE oamodelytnke mo
amotelecpaTIKY LEBOOOG GE KOTAGTAGES LEYAAW®V KOl TOAVETINTES®V dedoUéVaV,
emPePardvoviag v eyyopon kot oebv  emomnuovikny kowdtnta. To
OLYKEKPIEVO  cvumépacpa  emPefaimoe kou m avédmtuén tov  adyopibuwv
ta&wounong yopig mv ypnon texvikov Emavadsrypotoinyiog, Katd tnv omoio
TapatnpHOnKe £viova 1o Pavouevo tng vepmpocapuoyng (overfitting).

6. O akyopBuog Gradient Boosting katéotn 1 anodotikotepn péBodoc ta&vounong
He HeYOAN TPOPAERTIKN KavOTNTO Yol TO €EETOGOEVTO OEOOUEVD, EVD GYEOOV
avaloyeg emdOcElg Epeavice kat o povtého Multilayered Perceptrons.

7. OuvaiyopiBuor Gradient Boosting kot Multilayered Perceptrons mov avamtoydnkay
Eemépaoav o€ EMOOGELS TOVG LITOAOUTOVS OAYOPIOLOVS, OULMG 01 S10POPEG dEV NTAY
e&éyovoec. Avtd 10 Qovopevo vmootnpiler v vrobeon Ot o1 e&apTnuéveg
UETOPANTEG TOV ATPOOTTMOV TEPLGTOTIKMOV NTAY KAAL OLOdOTOIMpUéEVES pe T nébodo
oV K-péosov og duadikn katovoun Kot eTinedo ac@aieiog Kot dTt 01 GLYKEKPIUEVOL
alyoppol pmopovv va avoartuyBohv yio amodoTIKES TAEIVOUNGES G EMIMEd
ac@aAeiag 000 kKAdoewv. EmmAéov, 11 mot0TNTa TG OLOSOTOINGNG e TNV TEYVIKN
K-péoov emPePard¥vovv v dtokpitotnTa TV KAACE®OV Kot exiefoidvouy v un
a&lomoinon teyvik®v eravaderypotoinyiog, 6mwgn SMOTE-RENN.

8. Ot emdocelc TOV HOVIEAMV TOAVOPOUNONG Kol TaEVOUNONS HopPNS A&vTpov
(CART) ntav coapmg avotepeg amd Tig avtiotoyeg pe olyopibuovg SVMs
CLUTTEPAIVOVTOAG TNV ATOLGIN YPUUUIKOTNTOG OTO OEGOUEVH KOt TNV aSl0TTIoTIO TV
CLYKEKPIUEVOV LOVTEA®V.
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9. H vreprapdperpog gamma tov poviédov SVM, n omoia eléyyel v eldylot
HEIOOTN ATOAELNG TTOL UITOPEL VO SIKOLOAOYNGEL TN dNovpyia doywplopol g Eva
0évtpo, amodeiynke 0Tt ennpedlel aucOntd v amddoomn Tov aryopibuov. Emiong,
N mopovoa Epgvva emPefardvel v emidoon g pebddov moprvo Radial Basis
Function, cuykpitikd pe Tic eVoOAaKTIKEG pebddovE Tupnva, eraindevoviag e&icov
v 'kaovoovn Katavoun tov egtachiviav otoryeimv.

10. H pébodoc opadomoinong K-uécov eviomoe ¢ Péltioto threshold yio v
KATATOEN TOV ATOTOUWV TEPIOTATIKMY 0T0 Emikivduvo eninedo acpoaleiog Tig 48.82
amotopeg emroyvvoels ava 100xAp. ko tig 45.40 andtopeg emPpadvvoelg avd
100yAp., mapdyovtag TPOTOTLTO. ATOTEAECUATO Yo To. Opla. OVO KAAGE®V

Ta&IvOUMoNG TNG 0OIKNG GLUTEPLPOPAC.

6.3 IlIpotdoeig yia a&lomoinon TV omoTEAEGUAT®OV

Bdogl tov amotelecpdTov Kol TOV GUUTEPACUATOV TOL €ENYONCOV KaTd TNV €KTOVNOT NG
TapoVoaG epyaciag, emyelpeitar 1 TAPAOEST) GLYKEKPIUEVOV TPOTAGEWV TPOKEUEVOL V.
petovolmbei og 6perog oty eEEMEN TV Zuotnudtov Acparos IIpocéyyiong kot 6To pguynTiKo
¢pyo tov topéa g Odwkne Acpdietog yevikotepa. [To cuykekpipéva, Tpoteiveratl:

1. H o&omoinon twv poviélmv taivopunong pe Tic KaAOTepes emddcel TpoPAeyns Ko
TaSIvOUNONG Y10 TV AVOYVMPLOT] TOV ETTEOOV ACPAAELNG ad dedopéva eEETAOTC PUGIKTG
odynong. Ta ocvykekpéva povtéda KotédelEov KoA TPOPAENTIKY KavOTNTO KOt
SVVNTIKA UTOPOVV VoL Aoo0V W1UTEPMS YPNGILA GTNV eEEMEN TpONYUEVEOY ZVGTHUATOV
[TpoPreyng ko Acedietag. Ta Xvotquota Oa eivor oe Béon ent TOMOL aAvayvdpiong g
EMKIVOLVNG 00IKNG CLUTEPIPOPAS HECH Omd OVOADGES aoONTPp®Y TOV TEVIOA TOL
oynuoTog, Odpkelog Kot dtovubeicag omdoTaons SladpoUng Kot GAA®V avTioTOL(®V
TOPUUETPOV.

2. H onmpovpyio/Bertioon epapuoyng Kivntdv THAEPOVOV Y10, TOV EVIOTIGUO OTOTOU®V
TEPIOTOUTIKMOV GE TPAYLLATIKO XPOVO LE BACT) TOL 00N YIKA YOPAKTNPLOTIKE TOV 001YOV.

3. Hemuépwon tov ypnotdv g 0000 G TPAyUATIKO XPOVO, 0V EVIOTIOTEL VITEPPACT) TOL
opiov ATOTOUMV TEPIGTATIKAV, LEGH TOV KEVTIPMV dlayeiplong KukKAopopiag.

4. H avdantuén cvomudtov dnpovpyiog tpo@il odnymdv avdioya pe tov aplud amdTopmy
TEPIOTOTIKOV OTNV dadpoun tovg. Edv tavtdypova Anebel vrdywv kot 10 emmédo
CLUUOPPMOONG TV 0dNYDOV GE KAVOVES KOl KOOIKES KLKAOPOPIONS KOl TMV ONUAVIIK®OV
HETOPANTAOV Y10 TNV 001KN oGP, 1 aglomoinon TV vpnuUdTeV TG AITA®UTIKYG O
etvan peyodvtepn. H a&oldynon pmopet va mapovstaletar 6tovg 10100g T0Ug 0d1Y00C,
TPOKEEVOL Va avaryveopilovv ta AdBn Tovg Kot va ta. dtopddvouy.

5. H ovvepyacia pe v Tpoyaia Kot 1 awodoyn TV 0dnydVv yio KOvomoinon Tov dedopévev
TOV OYNUATOG 1 TOV KIVNTOV TOLS THAEP®MVOVL, GOUe®VA pe Tovg ['evikovg Kavoviepoig
[Ipoostaciog [Ipocomikmdv Asdopévav (G.D.P.R.) uropei va amofet kotaivtikn 6to péAdov
g Oduwne Aocpdretag. Ot 0onyol pe KaAEG aE10A0YNGELS 00TKNG CLUTEPIPOPAS UTOPEL VoL

94



Kootémoviog Avidvng | Avéiven Mnyavikng MdaOnong avicdppon@v Sedopévav TNAELOTIKNAG Yo TNV TPOPAEYN TG CUUTEPLPOPAG TOV 051 YOV

emPpafevovral, Aertovpydvtag cov v emmAéov kiviitpo Yoo v Bertioon g OdkNg
Acopdlelog.

6.4 Ilpotdoelg yio mepattépm Epevval

H e&éMén g Odwng Acpddelag amotelel Evav dUVOIKO TOUEN LE SLOPKDG OVOTTUGGOWEVES
TAGELG KO KOVOTOUIES, Ol OTOLES EMYELPOVV VAL avaPabicovV To ETITESN ACPAAELNG TOV XPNOTOV
™G 0800. Ot TeYVIKEG UNYOVIKNG HaBnong anotehodv v cOyxpovn Téon Tov KAGOOoL Yo ovtd T0
eyxeipnuo, HE TIG aVaADGELS TOV 00IKMOV OTOlYEIWV va glval To Kuplapyo aviikeipevo épgvvag. H
napovoa epyacio Katamdomke pe didpopa cbvieta (ntinata mov oyetilovrol pe v GLALOYN,
emeepyaocio, TNV OTATIOTIKY avAALGM, TNV TPOPAEYN KOl TNV HOVTEAOTOINGY| KOTAAANA®V
alyopiBumv avd emimedo aoceaieiag. Ev mpokewévo, emyeipnoe va eEediel 10 yvwoloko
voPabpo Tov Topén pECH OO TIC OVOAVCELS TOAVETIMEOWV SEQOUEVAOV KOl TNG a&lomoinong
TAnBmpoag adyopiBumv Mnyavikng ekpddnong. Qg ek T00Tov, £lvat cagég 0Tl OvVEKLYAY OPIGUEVES
duokoAieg Kot eALelYELS KOTA TNV Slodkacio EKTOVNONG TNG, Ol OTOIEC TAPAUEVOVY EPEVVITIKN
TPOKANOT Kot ypLovv avapopaic.

1. E&roon emmiéov dedopévav otnv vrapyovoa Pacn dedouévov. H ocvidoyn ot
eneEepyacio dEOOUEVOV OYETILOUEVA LLE ONUOYPOPIKA GTOLYEIN TOV 00N Y0V, OTTMG N NAKia,
TO PVAO KO 1] OONYIKN EUTEPTQL, LLE YEMUETPIKA KO YOPIKA oTOLYEln, OTwS T0 TANH0C TV
Aopid®V 00MYNoNG Kot TO TAATOG TG 000V, e otoryeia dtayeipiong KukAopopiag, OTMS N
OmapEn oplovVTIOG Kol KOTAKOPLPNG CNHOVONG KOl 1) ONUOTOdOTNON, 1 OKOUO Kol WE
YLYOCOUOTIKG GTOLYElD LTOPEL VAL TPOCPEPOLY YPNCULEG TANPOPOpPiEG GTNV TALIVOUN O
™G Od1KN g cvumeppopds. Me v avénon g TapeOUEVNS TANPOPOPIAS, 1) LEIDON TOV
AGBovg Ta&vounong eival avamoQevKT).

2. Opodomoinom vy KOTaokeLY] OAOKANPpoUEVOV mpoeil Odwng ocvumepipopds. Ta
AmPOOTTO TEPIGTOTIKA, OTMG Ol EMTAYVVCELS Kol Ol EMPPASVVOELS, ATOTEAODV GUVNOELC
OelkTeC EMKIVOLVNG CLUTEPLPOPAS KOl TO OElypa TV 0dNy®V TOoL GLAAEYONKE MTOv
EMOPKEG Y10 TNV avdALGT oL TPoNyNONKe. QoTdG0, VITAPYEL 1| TOAVOTNTA TO dElyLa TV
ooMymV mov €EeTAoTNKE VO PNV €lval OVIWTPOCOTEVTIKO GTO GUVOAO TOL Yo TNV
avayvoplon emmédwv  aceolieiag. Ta  ocvAleyBévia dedopéva  mpoteivetar  vo
opadomotnBovy avd 0dnyo TPOKEUEVOL Vo KaBOPIoTOOV Ol AToUTOVUEVES OLOOPOUES, TO
OmOTONO TEPLOTATIKA KO Ol GAAEG ONUOVTIIKEG UETOPANTEG, Yoo TNV OKlypdenomn
GLYKEKPLUEVOV TPOPIA OSIKNG GLUTEPIPOPAC.

3. E&étaom evoarlokTikov pefddmv a&loddynong tng onUavTIKOTNTOS XopaKTploTik®y. H
Slodkacio TG EMAOYNG YOPOUKTNPIOTIKOV TEPIAAUPavE TOV KaBOPIoUd TOV GUVIEAESTY|
ocvoyétiong Pearson kot v avantuén LovTEA®V TaAVIPOUNGNG Y10l TV TOGOTIKOTOINGoN
G ONUOVTIIKOTNTOAG, HE TOPOAANAN aEloA0YNon] Tov KOOEVOC LE TOV GUVIEAESTN
npocdlopiopod R, Kavotopes TpakTikés yio v cvykpion tov Halvdpopiceny &xovv
gloaybel GTNV CTOTIOTIKY EMGTNY, Ol OTTOIES EAAYLOTOTOLOVV TO TTEPIBmPLO AdBovg otnv
ovykpion Aappdvovtag vdyy moAvmapayoviikd kpirnpia. Tétoteg pébodot o1 omoieg Ko
nmpoteivovtal yio v a&toloynon givar o Mrebloavo Kpuripro ITAnpogopiav (BIC) ko
10 Kpumipro ITAnpogpopuov Akaike (AIC).
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4. Awyopiopds o moparave KAdoels tastvounone. Ioapd v €voeién yio koAn didxpion
TOV TAEE®V GLUTEPLPOPAS GUUG®VO HE TO OmoTEAEGuHatTa, 1 Oebvng Pipiloypapia
poteivel oG PEATIOTO TOV dtowpiopd oe 4 emPEPOVS KAAGELG. ZVVETMS, TPOTEIVETAL 1)
aVAALGN TOV TAPOTAVE 00IKMV dedOUEVMV va. emavaineOet yio didkpion 4 tééewv, avti
Y10 SVASIKT KOt GUYKPION TOV OMOTEAECUATOV TOVC.

5. EvaAilaxtikdg tpomog clustering tov eéapmuévov petapintov. H opodomoinon tov
amOTOP®V TEPIGTATIK®OV avé 100yAN. Tparypatomom|Onke pe v pnébodo tov K-péoov pe
TO, OMOTEAECUOTO VO, KOTOOEIKVOOLV TNV ONUAVTIKY] GLVEIGQOPA TG otnv épgvva. H
depedvnon g opadomoinong pe v ypnon I'kaovsiovod Movtédov Avapuéng (GMM)
umopei va amoderyOet draitepa ypnoun, Adym Kot tnv Katavoung I'kaovciovig guong tov
petafAntav.

6. E&étaom mepiocodtepmv poviélmv Padiiag expddnong. Ot adyopiupotr Babuag MdaOnong
(Deep Learning) pBacilovtor otnv dounr tov avOpdmivov eykepdiov pe v a&lomoinomn
TOVG 6€ TANODPA EPELVAV VO Elvar 0A0EVA Kot GuyvOTEPT). ZuVNOmG, amodidovv Wiaitepa
1OYVPA G€ TOAVETIMESN OESOUEVA, OTMOG AVTA TOL £EETAGTNKAY GTNV TOPOVCH EPYUGIOL.
Mo v e&étoon Tov 0dkdV dedopévmv TpoTeivetal 0 EAeYX0G e €va €101KO HOVTEAD
Enavorappavopevov Nevpovikov Awktoov (RNN), tov adydépiBuo poaxpoypdviog
Bpoayvmpobeoune pvqung (LSTM), Adyo 11 wKavotTtde tov oty ekuddnon ot
avTod10pOoN TOL.
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[Tapdptnua

[Tapdptnua 1 — AptOuntikés Tipés INuavtikottag XopakTnpioTiKdV

Hivaxag Hapapmuoatog 1: ApiBunticég typég onpoavtkotntog pe Ipoppkn Holvdpounon yio amdTopeS EMTAYVUVEELS 0VA
100y

Meraprnri METpo onuovTiKéTTag
duration -5.37419
total_distance -982.27635
risky_hours 77.85939
driving_duration -16.82829
avg speed -355.30741
av_speeding_kmh_no_changer 250.9501
avg driving speed 417.98748
av_speeding_kmh 223.73726
sum_speeding 26.97048
time_mobile_usage 10.15492
time_mobile_usage/driving duration 3107.93863
sum_speeding/driving duration -25428.48537
speeding_score -39.43546
mu_score 9.50493
GRdriving -9.47116
GRwalking -2.65892

Hivaxag Hapapmuotog 2: ApOuntikég tyés onpavtikottog pe Ipappukn HaAwdpdunon ya andtopes entPpadoveels avi
100y

Métpo onpavtikéTnrog

Mertafinti
duration -7.90073
total_distance -1456.55919
risky _hours 12.7044
driving_duration -18.91987
avg speed -321.69586
av_speeding_kmh_no_changer 272.64803
avg driving speed 464.33228
av_speeding_kmh 110.43149
sum_speeding 33.02136
time_mobile_usage 1.39288
1603.3492

time_mobile_usage/driving duration
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sum_speeding/driving duration

-24035.13322

speeding_score -49.17894
mu_score 3.37065

GRdriving -18.39765
GRwalking -6.48535

Hivaxag Hapaptuatog 3: ApiBuntikég typég onpaviikotnrog pe Haiwdpdpunon Random Forests yio andtopeg emttoydvoes ava

100yAp.

Mzzofinmi Métpo onpavrikénrog
duration 0.09767
total_distance 0.11955
risky _hours 0.00752
driving_duration 0.13107
avg speed 0.07142
av_speeding_kmh_no_changer 0.04315
avg driving speed 0.07848
av_speeding_kmh 0.04468
sum_speeding 0.02753
time_mobile_usage 0.01893
time_mobile_usage/driving duration 0.0195
sum_speeding/driving duration 0.02394
speeding_score 0.07887
mu_score 0.07361
GRdriving 0.08228
GRwalking 0.08181

Mivakog Hapaptipatog 4: ApiBuntikég tyég onpavtikdtntog pe Moivdpounon Random Forests yi andtopeg emPpadovoeig

ava 100yAp.

Metafinm Mé£tpo onpovtikéTnTag
duration 0.09305
total_distance 0.11028
risky _hours 0.00798
driving_duration 0.12305
avg speed 0.08343
av_speeding_kmh_no_changer 0.03172
avg driving speed 0.09955
av_speeding_kmh 0.04826
sum_speeding 0.02207
time_mobile_usage 0.01386
time_mobile_usage/driving duration 0.01551
sum_speeding/driving duration 0.02
speeding_score 0.08273
0.07957

mu_score
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GRdriving 0.08459

GRwalking 0.08435

Mivakog Hapaptipoatog 5: ApOuntikég Tiég onuavTikdTNTag andtopmy enttoyvvoemv avd 100yAu. pe Linear SVR

Metapinti ME£Tpo opavTIKOTTAG
duration 0.00289
total_distance 2.60096
risky _hours -0.53425
driving_duration -0.03186
avg speed 0.05886
av_speeding_kmh_no_changer -14.43063
avg driving speed -0.18284
av_speeding_kmh 40.6254
sum_speeding 26.70417
time_mobile_usage 0.02154
time_mobile_usage/driving duration -2.39697
sum_speeding/driving duration -2.42094
speeding_score 0.03619
mu_score 0.00452
GRdriving 0.00074
GRwalking 0.00024

Hivoxag Hoapoptuotog 6: ApOunTikég Tyég onuavtikoTntog andtopny entPpadovoswv ovd 100y, pe Linear SVR

Meropinm Métpo onpavTiKoTN TG
duration 4.94976
total_distance -53.06561
risky _hours -7.2846
driving_duration -17.23078
avg speed 48.11745
av_speeding_kmh_no_changer 213.38284
avg driving speed -31.70463
av_speeding_kmh 107.51007
sum_speeding 19.73039
time_mobile_usage 4.59024
time_mobile_usage/driving duration 0.30568
sum_speeding/driving duration -0.39585
speeding_score -17.02676
mu_score 3.6954
GRdriving -2.85468
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Hivakag Hapaptipatog 7: Apunticég tipég onpavtikodmrog pe [Maivopounon XGBoost yio andtoples enttoydveels ova

GRwalking

-5.3131

100y

Hivakag Hapaptipatog 8: ApOuntucég Tipég onpaviikoémrog pe [Maivdpounon XGBoost yio andtopes extBpodvuveeis avd

Mzrofinmi Métpo onpavrikétnrog
duration 0.04703
total_distance 0.07655
risky _hours 0.04656
driving_duration 0.11669
avg speed 0.04941
av_speeding_kmh_no_changer 0.10721
avg driving speed 0.05634
av_speeding_kmh 0.1234
sum_speeding 0.04841
time_mobile_usage 0.05222
time_mobile_usage/driving duration 0.05816
sum_speeding/driving duration 0.04936
speeding_score 0.0401
mu_score 0.04427
GRdriving 0.04057
GRwalking 0.04371

100yAp.

Métpo onpavTiKOTNTOG

Merafinti

duration 0.04628
total_distance 0.06983
risky _hours 0.04135
driving_duration 0.14432
avg speed 0.04696
av_speeding_kmh_no_changer 0.11113
avg driving speed 0.06328
av_speeding_kmh 0.14371
sum_speeding 0.0394
time_mobile_usage 0.04853
time_mobile_usage/driving duration 0.04077
sum_speeding/driving duration 0.04298
speeding_score 0.04227
mu_score 0.04116
GRdriving 0.0384
GRwalking 0.03965
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Hivaxag Hapaptuatog 9: ApiBuntikég typég onpavtikotntog pe Haiwdpdpunon Decision Trees yio andtopes enttoyOveels ava

100y

Merafinti ME£Tpo onpuovVTIKOTNTAG
duration 0.10118
total_distance 0.11747
risky_hours 0.00683
driving_duration 0.12351
avg speed 0.0789
av_speeding_kmh_no_changer 0.0471
avg driving speed 0.0839
av_speeding_kmh 0.03905
sum_speeding 0.0279
time_mobile_usage 0.0195
time_mobile_usage/driving duration 0.01761
sum_speeding/driving duration 0.02483
speeding_score 0.07973
mu_score 0.07172
GRdriving 0.08092
GRwalking 0.07984

Hivaxag Hapaptuatog 10: AplBuntikég Tipég onuavtikottag pe Haivdpodunon Decision Trees yio andtopes emPpadovoelg

ava 100yAp.

Métpo onpavtikéTnTog

Metafinti

duration 0.09251
total_distance 0.10551
risky _hours 0.0066
driving_duration 0.12348
avg speed 0.08076
av_speeding_kmh_no_changer 0.03061
avg driving speed 0.10543
av_speeding_kmh 0.05099
sum_speeding 0.02214
time_mobile_usage 0.01273
time_mobile_usage/driving duration 0.01571
sum_speeding/driving duration 0.01879
speeding_score 0.0835
mu_score 0.08185
GRdriving 0.08581
GRwalking 0.08358
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[Tapdptnua 2 — Kodwkag eneEepyosiog dedopévav

#K®owkag mpoemeCepyaciog 0£dopuévov Kal opadonoineng pe aryoprOpo K-pécov
Ya=df{'ha/200km'].to_numpy()
Yb=df['hb/100km'].to_numpy()
X=df[['total_distance','speeding_score','driving_duration','mu_score','avg driving speed']].to_numpy()
from sklearn.preprocessing import normalize
Xnew=normalize(X)
for cluster_number in range(1,3):
print(f"\nCluster number: {cluster_number}")
K_Means=KMeans(n_clusters=cluster_number,random_state=0)
K_Means.fit(np.expand_dims(Ya, -1))

K_Means.cluster_centers_

print(f"Cluster centers: {[x for x in np.sort(K_Means.cluster_centers )]}")

ya_threshold_value = np.mean(K_Means.cluster_centers )
print(f"Threshold for dangerous driving with respect to ha/100km is: {ya_threshold_value}")
Yaquant = np.where(Ya>ya_threshold_value,1,0)
for cluster_number in range(1,3):
print(f"\nCluster number: {cluster_number}")
K_Means=KMeans(n_clusters=cluster_number,random_state=0)
K_Means.fit(np.expand_dims(Yb, -1))

K_Means.cluster_centers

print(f"Cluster centers: {[x for x in np.sort(K_Means.cluster_centers )]}")
yb_threshold_value = np.mean(K_Means.cluster_centers_)

print(f"Threshold for dangerous driving with respect to hb/100km is: {yb_threshold_value}")

Ybquant = np.where(Yb>yb_threshold_value,1,0)

#Kmdkog train-test split

from sklearn.model_selection import train_test_split
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X_train, X_test, Yaquant_train, Yaquant_test = train_test_split(Xnew, Yaquant, random_state=42,
stratify=Yaquant)

X_train_2, X_test 2, Ybquant_train, Ybquant_test = train_test_split(Xnew, Ybquant, random_state=42,
stratify = Ybquant)

#K®owog Yrepdsrypatoinyiog

pip install imbalanced-learn

conda install -c conda-forge imbalanced-learn

from imblearn.over_sampling import SMOTE
sm=SMOTE(random_state=42)

X_train_sm, Yaquant_train_sm = sm.fit_resample(X_train, Yaquant_train)

X_train_2_sm, Ybquant_train_sm = sm.fit_resample(X_train_2, Ybquant_train)

[Mapdptnua 3 — Meprypagpicd Tpogrpata petofintdv
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