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Evyapiotieg

OAokAnpwvovtag TN SIOAKTOPLKH Hou Slatp oPeidw TPWTIOTWE va ELXPLOTAOW TNV
eMPAETTOVOA pov Ko EAévn BAaxoyiavvn, AvamAnpwtpla KaBnyntpia EMI, yiax tnv sukatpia
Tov pov €dwoe va EekvAow To Tagidl ou oTnV €psuva e éva TOCO evOlopEPoV BEpaL.
Euxoplotw ywa tnv eumiotoovvn mov pou Seifate, TNV kabodiynon, TNV €EALPETIKA
ouvepyaoia kat yla Ta padnpata {wng mov pou SISAOKETE.

Eva peyddo suxaplotw BéAw va mw otov kuplo Nwpyo MNavvr, Kabnynti EMIM yu tv
QUEPLOTN LTIOOTNPLEN TOL OE OAN TN SLAPKELX EKTIOVNONG TNG SIOAKTOPLKNAG SLATPLPNG KAt L
TO ETMTOLKOSOUNTIKA TOU OXOAWX, KOl €€00V VO EUXOPLOTAOW TOV KUPLO lwdvvn koA,
KaBnyntr EMIM yia TiG €mOTNUOVIKEG CLUINTAOELG TIOU KAVOUE ETTL TOL BEUaTOG TNG SLATPLPAC.

ErmumAéov, Ba NBeAa va euXOPLOTACW TO UTIOAOLTIAL HEAN TNG EMTAPEAOVG ETILTPOTING K.K.
Kwvotavtivo KemamtodyAov, NikdAa TepoAwuivn, lwavvn MamopxanA kot Kwvotavtiva
Mkpttdd, yla TG EVOTOXEG TIOPATNPNOEL TOUG TIOU CLUVEBOAQV KABOPLOTIKA OTNV TEALKNA
HOP@H TNG SlaTpiBrc.

O&\w emtiong va euxaplotiow tnv OSeven Telematics yla Tnv Ttapoxn Twv SeSOPEVWY, KL
TIPOCWTILKA TOV KUPLO MMETpo POPTOAKN YL TNV AYoyn CUVEPYQTIO HAG.

To Ta&idtL autd TG peuvag de Ba NTav dlo xwplg Tn ofepn opdda tou 201 IOV EKAVE TG
MEPEG MOL OTO YPAPEO EEXWPLOTEG, ME TIOMA YEALL KOl OTLypEG TIou Ba pou peivouv
a&exaotes. Euxaplotw OAoug Toug ouvadeA@oug Kol @iAoug povu, Kot e8KE DPwTevn,
ATtOOTOAN, AKn, AnunATen, BaoiAn, Mavo kat Mévo, Apetn kat Katepiva, 0oG EuxapLloTw TIOAY
TIOV OHOPPUVATE OVTO TO TOESU!

Eva EeXxwpPLoTO €UXAPLOTW OPEIAW va T 0TO PIA0 KAl GUVASEAPO pou Xd&pn ylo TNV
TIOAUTLUN BONOELX TOV OTLG TIOAAEG TIPOTOUOLWOELG TIOU KAVAE 0TO TIAGiCL0 TNG StatpiPng!

To HEYOAUTEPO ELXAPLOTW OTIO OAQ TO OPEIAW OTNV OLKOYEVELX POV, TOUG YOVEIG pov MNwpyo
kot Fewpylio, TNV adepen pov Baow mou otadnkav SimAa pov o k&Be Pripa, TioteYav o
MEVA KOL MOV TIPOTEPEPOV ATIAOXEPA TNV UTIOOTAPLEN KOAL TNV QyATIN TOUG. YOG EUXOAPLOTW
oA, 8¢ Bal Ta KATAPEPVA XWPIG ETAC.

KAgivovtag, BéAw va euxaplotiow Tov avtpa Tng {wng pov. Mavaylwtn o' uXapLoTw oY
OMOPQPAIVELG TNV KAONUEPWVOTNTA POV, HE TIAPOTPUVVELG VO YIVOUOL KOAVTEPN, TILOTEVELG OF
HEVO KOl EVOPPUVELG T OVELPA HOV.
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Abstract

The aim of this doctoral dissertation is initially to develop an inclusive personalized driving
recommendation framework which first identifies each individual's driving style and then,
proposes customized driving actions that mitigate aggressiveness and riskiness, and,
thereafter, to assess the impact of applying such a personalized decision support system
through microsimulation by properly adjusting traffic models. The methodological approach
is based on a mixture of unsupervised learning and Deep Reinforcement Learning algorithms
while exploiting an always increasing naturalistic driving dataset that emerged from crowd-
sensing. Using a variety of variables which describe driving behavior each individual's driving
behavior is identified both on a trip- and user-level. Findings revealed that there are 6 driving
profiles that describe the overall behavior a driver has during their trip, which spans from safe
to aggressiveness and distraction during driving. Subsequently, the average behavior of each
driver was estimated and further exploited to separate drivers into groups. Then, two
Reinforcement Learning agents were trained, each one corresponding to a specific group of
drivers with common behavior, to determine the optimal behavior alteration for each driver
given the way they have drove over their last trip. Specifically, the two agents correspond to
cautious and more aggressive drivers respectively. The results of applying the controllers into
real world data have shown that, although given the same driving characteristics of a trip,
indicating the same driving behavior, the two controllers provide different driving suggestions,
both of them lead to safer driving actions. Finally, a microsimulation scenario was set in order
to assess traffic conditions, emissions and safety before and after applying the
recommendation system. Findings have revealed that when each individual driver improves
their behavior accordingly to the system’s recommendation, although traffic conditions are
not improved, the calculation of key safety and environmental performance indicators unveiled
a significant reduction of both conflicts and harmful emissions. Results could be exploited
within the framework of an advanced active cruise control system, in the development of
enhanced behavioral models or could even lead to the revision of policy measures that utilize
driving behavior as a key controller of traffic management.

Keywords: driving behavior, reinforcement learning, k-means clustering, driving
recommendations, personalization, microsimulation, driving safety, big data
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Tvvoyn

O o010X0G¢ TG Tapovoag OSOAKTOPIKAG SlTplpng elval OpxXIKE, VO oVOTITUEEL UL
OAOKANPWHEVN TIPOTEYYLON YLt TN Snplovpyia evOG EEATOUKEVIEVOU GUOTHATOG TIAPOXNG
OVOTACEWV 08AYNONG TO OTIOlO TPWTA Ba AVIXVEVEL TN CUUTIEPLPOPA 08RyNoNg KoL aTn
ouVvEéxElo Ba TTpoTEivEL EEATOMULKEVIEVEG EVEPYELEG TIOV PETPLAOUV TNV ETOETIKOTNTA KOL TO
ploko kat& TNV 08nynaon, Kol £TELTA, VA EKTIUNOEL TIG ETIUTITWOELG TNG EQAPUOYNG EVOG
TETOLOV OUOTAMATOC HECW TIPOCOHOIWONG TIPOCAPUOLOVTOG KATAAMNAX TIG TIOPAPETPOUG
TOU KUKAOQOPLOKOU HovtéAou. H peBodoloyikn mpooéyylon Poaoiletar oe éva pelypa
OAyopiBuwyY pn emPAETTOPEVNG KOL EVIOXVUTIKAG MAONONG ota TMAaiolr Twv oTmoiwv
aglomoleital pua faon dedopévwy TIPAYHATIKAG 08yNong TTov CUAAEyovVTalL Ao TO TIANBOOC.
XpNOLOTIOIWVTAG [ TIOKIAIL METAPANTWY TIOU TEPLYPAPOVV TOV TPOTIO 0drynong,
TPoodlopileTal N oUUTEPLPOPE 08 yNong TOoo ot eminedo Sladpoung 6oo Kat ag eminedo
xpnotn. H avdivon oavedelfe 6 mpo@iA 0odnynong Tou TEPLYPAPOUV TN OCUVOALKN
OUMTIEPLPOPA EVOG 08NYOoU KOTA TN SLAPKELX TNG SLASPOMNG TOV, KOl EKTEVOVTOL OTIO TNV
Q0PN €wG TNV ETOETIKN 08NyNon KAt TNV 0drynaon Ue AmOOTIO0N TIPOCOXNG. TN CUVEXELQ,
N MEON OULUTEPLPOPA KABOe 0OnNyou eKTIUNONKe Kal oa&loToBnKe TEPALTEPW YL VA
SLOXWPLOTOVV OL 08NYyOol 08 OPASEG PE KOWA XAPOAKTNPLOTIKA. AVO EEXxwpPLoTol TIPAKTOPEG
EvioxuTikng padBnong ekmaudeuTnkay, £Vog yla kaBs opdda xpnotwy, oL otoliol eivat og B¢on
va Tpoadlopifouv Tn BEATIOTN oAAayr) OTn CUPTEPLPOPA K&Be 0dnyol Sedopévou Tou
TPOTIOV TIOV O (8log 08rynoe atnV Tponyovpevn dladpopr Tou. Mo oUyKEKPLPEV, oL SVOo
TIPAKTOPEG AVTLOTOLXOVV OTOUG TUTILKOUG 08NYyoUG KOL OTOUG TILO ETILOETIKOUG/UN OOPOAELG
0dnyoug, avtiotolya. Ta AMOTEAECUATA TNG AELOTIOINONG TWV CLOTATEWV 0dNyNang £del&av
OTL, SESOUEVWV TWV BLWV XAPOAKTNPLOTIKWY 081 yNaong Yot pia SLaSpopn, TIoL UTIOSNAWVOUV
(Sla oupmepLPopd 0dNyNong, ot SVO TIPAKTOPEG TIAPAYOUV SLAPOPETIKEG CUOTATELG OL OTIOLEG
TAPLACOVV UE TIG TIPOTIMACELG TNG EKAOTOTE OMAdOG odnywv, TIAPOAO TIOU Kol ot SVO
odnyolv Ot OOQOAEOTEPEG evepyeleg odnynong. TEAog, OSVO KUKAOL TIPOCOMOIWGONG
TIPAYHATOTIONONKAV TIPOKELUEVOU va aloAoynBovv oL ETUMTWOELS TNG EPAPUOYNG €VOG
TETOLOV OUOTNUOTOG TOOO OTNV KUKAo@opia, 000 Kal otnv o8k AO@AAE KAl TO
TieplBéAov. Ta guprpata €del&av OTL €dv OAoL oL odnyol PeAtiwoouv tn Sikr TOUG
OLUTIEPLPOPA 08AYNONG TOTE, TIAPOAO TIOU Ol uVONkeg kukAowopiag Se BeATiwvovTay,
TIOXPATNPOVVTOL ONUAVTIKEG HELWOELG TOOO OTLIG EKTIOUTIEG BABEpwV aepiwv 600 Kal OTLG
EUTTIAOKEG QVAPECO OTA OXNMOTA. T OTMOTEALOMOTO QUTAG TNG EPELVAG UTTOPOUV VA
aglomotnBovv ota Ao EVOC TIPONYUEVOL CUOTAUATOC UTtoorBnaong touv odnyou, otnv
QVATITUEN TIPOXWPNUEVWY TIPOTUTIWV CGUUTIEPLPOPAG 1N aKOUN Kol va odnynoouv otnv
avaoBeWwPNON TWV TIOALTIKWY TIOU XPNOLUOTIOLOUV TN CUUTIEPLPOPA 0SHYNONG WG KVNTAPLO
duvapn ylx T Slaxeiplon tng KLKAoPopiag.

Ne€elc — KAeldld: oguumepipopd odnynang, eVIoXuTikn Uabnon, ouadoroinon k-means,
ouaTaoelG odnynang, éatopikeuan, mpooouoiwan, odnyikn aagPaAsia, usyadra Sedopéva
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IMepiAnyn A8 aktopikng Awatpifing
Elcaywyn

To 0oTikO SIKTUO METAPOPWY €XEL OAAAEEL SPAOTIKA Ta TEASLTAIO XPOVIA AOYW TWwV
TIOLKIAWVY EVOAAAKTIKWY HETAKIVNONG TIOU TIPOCQEPOVTAL GTOUG LETAKLVOVIEVOUG, Ol OTIOLEG
padi pe TIg KawvoTtopieg otov Topea Twv TexvoAroylwv MAnpogopiog kat Emikowvwviwv (TTE)
QVOTPETIOVV TIG TIOALTLIKEG Slaxeiplong tng kKukAogopiag kat Tou Siktvou. Ot umevbuvol
XAPOENG TIOMTIKAG KOAOUVTOL VA ETAVEEETACOUV TA LOXVOVTA HETPA KOL TIG OTPATNYLKEG
Slaxelplong Tou Siktvov WoTe va AdBouv LTIOWN TIG ATIAULTATELG YL QVTOUXTOTIOINON KOL
OUVEPYATIKOTNTO TWV OUYXPOVWV VUTINPECLWV HETOKIVNONG, OAG& KOl TI( OUVEXWG
QVEAVOHEVEG AVAYKEG VLA TIPACLVEG KOL BLLWOLUEG AVOELG KIVNTIKOTNTAG. AKOPO KOL O QUTO
TO TIOAUTIAOKO KOl SLAPKWG HETAROANOUEVO TtEPIBAAAOV, 0 08Nyd¢ BplokeTal 0TO ETiKEVTPO
TOU eVOLaPEPOVTOC. QG €K TOUTOU, N KATAVONON TNG ANWNG AMOPATEWVY KATd TNV 0drynan,
KaOwg Kal n dlepgvvnon Twv ouvnBelwv 0drynong Tov VIOBETOUV Ol 0d8NYyol TTIAPAUEVEL
evepyo Tedio £pguvag.

H emkivbuvn odnynon exet ouvdebel pe avénuevo pioko kat yU' awtd n PBeAtiwon tng
OUMTIEPLPOPAG 0dNnynong Beswpeital kpiowwn ywx tn PeAtiwon Tng 08KNAG ATPAAELQC.
EmumA€ov, TIPONYOUUEVEG EPEVVEG €XOUV UTIOVONOEL OTL N PBeAtiwon TNG ATOMIKAG
OUUTIEPLPOPAG 08NYNONG UTIOPEL VO ETILPEPEL Kal BEATIWON TwWV CLVONKWVY KUKAOPOPIOC.
MopoAa auTd OpWE, Sev X0V TTaPaox Bl oToLXEL TTOL VO UTIOPOVV VA UTIOOTNPIEOUV OUTH
TNV TIEMOIBNON KOl Ol CUVETIELEG TNG TIPOCAPHUOYNG TNG ATOULKNG CUPTIEPLPOPAG 08HyNnaong
o€ eninedo SkTuou e£aKOAOVOOVV VA TIAPAUEVOUV OCOPELG.

Y& quTO TO TMAiOLO, T SV0 PaCIKA KivnTpa ylat TNV €KTIOVNON TNG SLOOKTOPLKAG SLTPLPAG
vrtnp&av ta akdAouBa: 1) N avAaykn oxeSLOUOV EVOG GUOTAUATOG LTIoBornOnong Tou 0dnyou
TIov Ba avTipeTWTTICEL TOV (810 WG povada Kat Ba TPOCAPUOLETAL OTLG TIPOCWTILKEG AVAYKEG
KO TI(POTLUNOELG TOV KOl 2) N AVAYKN EKTLINONG TOU TIPAYUATIKOU AVTIKTUTIOU TNG EPAPUOYNG
€VOC OUOTANATOC TIAPOXNG EEATOUIKEVUEVWY OUOTACEWY 08NYyNOoNG OTLG SLAPOPEG TITUXEG
Tov 081koU SIKTVOV.

ITOXO0L TNG SLATPIPAG KAL EPEVVNTIKA EPWTHHATA

O KUPLOG OTOXOG TNG TtAPOVCAG SLXTPLPAG ival va oxeSLAoeL Eva EEATOMIKEVIEVO CUTTNHA
ovoTdoswv odnynaong To omoio Paaciletal og dAyOpLOpoLG BabLdg EVIOXUTIKNAG paBnaong Kot
oToxXeVeL otn PeAtiwon NG ouvumepupopdc odnynong HECW TOU HETPLACHOU TNG
EMOETIKOTNTOG KAl GAAWV N ag@aAwv ouvnBelwv 08AyNonG. XTn CUVEXEL, a§LOAOYOoUVTOL
Ol ETUTMTWOELG TOU EAEYXOU TNG OTOMIKAG OCUMTIEPLPOPAG 0drynong 00OV a@opd Tnv
amtoS00N TOU SIKTVOU KOl TNV 08IKN A0PAAELR, KABWE KoL Ta THTIESA ETUPRAABWVY EKTIOUTIWVY,
TPOCAPHOLOVTOG KATAAANAX TIG TIAPOAUETPOUG TWV KUKAOPOPLOKWY OVTEAWV O VA VPV
OEVAPLO TIPOCOMOLWONG TNG KUKAOYOpPIaG. AuTog 0 aTOX0G TNG SIOOKTOPIKAG SLTPLPAG
MTtopEl va amoSopnBel o€ TPELG EMLUEPOVG OTOXOVG:

-9-
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1. A&lomoinon dedopévwv TpayUaTIKNG 08RyNnong TTou GUAAEYOVTOL Ao aloOnTrpEq
KLVNTWV TNAEPWVWVY YLX TNV KATOVONGON TNG CUUTIEPLPOPAS 0SHYNONG

2. AvamTtuén evog TAALGIOU TIAPOXNG CUOTACEWV YLA BEATIWHEVN 08 ynon CUPPBATO e
TIG apXEG TNG Bewplag TNG KUKAOPOPLOKAG PONG

3. A&loAdynon NG €MPPONG TOU CUOTAUATOG OTNV KUKAOPOPIQ, TNV A0PAAELX KAl TLG
EKTIOUTIEC,

H évvola tng avdAuong tng CUNTIEPLPOPAG 08ryNong Sev elval KatvoupyLa KoL ylot autod To
AOyo SLe€NXOn Wla ekTEVC avaoKOTNON TG OXETIKNG PLBALOYpa®iag e 0TOXO QPEVOS Va
EVTOTILOTOUV TO KEVA TNG €PEVVOC KOL QPETEPOL VO ETILONUOVOOUV Ol TIPOKANTELG KAl OL
TIEPLOPLOMOL IOV TIPOKUTITOVV OTAV aloTtoloVVTOL SeSOEVA TIOL TIPOEPXOVTAL OO TO
mANBog. H avaokomnon tng BipAloypopiog eixe wg amotéAdeopa tn SAPOPPWON TwV
OKOAOLVBWV EPELVNTIKWY EPWTNHUATWV:

1. Mow eival T kOpLX TPOPIA 08NYNONG TOU KOAUTITOUV TO €UPU QPACHX TNG
OUUTIEPLPOPAG 08AYNONG KAl TIWG HTIOPOVV VO EVTOTILOTOVV PEOWw TNG a&lomoinong
SESOUEVWV TIOU GUAAEYOVTOL PECW EEUTIVWV KLVNTWVY TNAEQWVWY;

2. Mmopei n ouVOAIKN cuuTEPLPOPA 08rynong Twv odnywv va KatnyoplomotnBei o
opadeg mov Ba gpPavidouv Kowa XapaKTNPLOTIK& 0dAyNnong, KAl av VAl O€ TOLO
BaBuO pPItopovV Vo KATNYOPLOTIOINBOUV QUTEG Ol CUUTIEPLPOPEG;

3. Oa pmopovoav ot Texvikeg Texvntng Nonpoouvng (Artificial Intelligence) va
aglomolnBovv ota TAQUCLa EVOG CUCTAUATOG TIAPAYWYNG CUOTATEWV OTOUG 0ONYOUG
Kot vo e€Ea0@OAIOOUV TOV QTOLTOUHEVO PaBpd €EATOMIKELONG TWV EVEPYELWV
odnynong Tov TipoTeivovTal o€ K&Bs Xpnotn;

4. Towog gival o o KATAAANAog aAyoplBuog Evioxutikng MaBnong (Reinforcement
Learning) Ttou pmopei va urtootnpi&el Tn Stadikaoio ANPng amoPATEWY TOU ATOUOV;

5. Ymapxel ovvdeon petady Tng evioxuong tTng ualodnTomoinong Tou ATOMOL KAl TNG
KOOOAIKNG PeAtiwong Ttou Siktvov; Xe mowo Pabud pmopel n PeAtiwon g
OUMTIEPLPOPAG 08NYNONG VA EMNPEBACEL TIG CUVONKEG TOL SIKTVOV;

6. Tieidoug eumtwoelg Ba gixe n Stoxelplon TNG ATOULKAG CUUTIEPLPOPAG TNV 08rynon
KO TNV QOQPAAELD;

7. Twg emnpealovTal Ol EKTIOUTIEG OTIO TOV EAEYXO TNG OTOMIKNG CUUTIEPLPOPAG
0dNynong YApXEL ONUAVTIKT 0AAayr OTIG TIEPLPOANOVTIKEG CUVONKEG OTAV 0oL 0Snyol
BEATLWVOUV TN CUUTIEPLPOPA TOVG;

MegBodoAoyikn mpoaoéyytion

To neBodoAoylkd TAQIOLO YLt TNV TIOPOXN CUOTACEWV 08NyNnoNng, TIOU TIPOTEIVETAL OTO
TAaiolo VTG TNG SLXTPLPNG, Eival PaciKa Eva CUOTNUA LVTTOOTHPLENG ATIOPATEWV YLt TOUG
08NyoUg TIoU OTOXEVEL OTO HETPLAOUO TNG ETMOETIKOTNTOG KAl TNG avaAnyng piokov. H
odrynon givat pa ToAVTIAOKN epyaaia, Sdedopgvou OTL amattel ano Tov odnyo va A&BeL Tooo
OTPATNYLKEG OCO KO SUVALIKEG ATTOPATELG KABWGE KAl VO TIPOCOPUOTEL TN CUUTIEPLPOPA TOV
OTLG EKAOTOTE OLVONKEG TOou SIKTVOU. Xe avtiBeon pe Ta AdN AVOTITUYHEVO CUOTHHOTO
vntofonBnong tov odnyovu (Advanced Driving Assistance Systems — ADAS), TO TIPOTEWVOUEVO
OLOTNHO EXEL TA AKOAOLVOA TPIA KAVOTOUO XOPOAKTNPLOTIKAL:

-10 -
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e Eival eEXTOUIKEVUEVO, IOV ONUAIVEL OTL TIPOTEIVEL TIG KOAUTEPEG EVEPYELEG 0O yNONG
o€ K&Be ATopo AaUPAvovTag LTIOYN TIG TIPOOWTIKEG OTIALTAOELG KAl TIPOTLUNOELG
odnynong.

e Exel avto-yvwoia (self-awareness), mov onpaivel 6Tt To cVOTNUA AapPAvEL LTTOYN
TNV TIPONYOUHEVN OCUUTIEPLPOPA KAOE HEUOVWHEVOU O8NYOU TIPOKELUEVOL VO
TIPOTEIVEL TIG KATAANAOTEPEG CLOTATELG 0OyNONG.

e Eilval autdvopo, ou onuaivel 6TL Sev amattel kapia e§wyevn TAnpoopia amd To
Siktuo R TNV KLKAoopia. Ol cuoTtdoelg 0drynong oToxevouv otn PeAtiwon TG
OTOMIKAG OUMPTEPLPOPAG 0odAynong otov Tupnva tng OnAadh oOTLG amOQAOCELS
emtdyuvong kat emippdduvong.

H avdmtuén tou ouotnuatog cuotdocwv BaaileTal os évav aAyoplBuo Babiag Evioxutikng
Md&Bnong o omoiog gival Lkavog va opayel Tn PEATIOTN PETAPOAN TNG CUUTIEPLPOPAS YL
K&Be 0dnyd Sedopgvou Tou TPOTIOL pe ToV oToio 0drnynae otnv TeAevTtaia Sladpopr Tov.

MPOKELWEVOU VO amavTNOOoUV TA EPEVVNTIKA EPWTNHATA TIOU TEONKAV KAl v TiLTeV)Oel 0
TIPWTAPXLIKOG OTOXOG TNG SLATPLPAG, TIPOTEIVETAL VA TIEPLEKTIKO HEBOSOAOYIKO TIAQOLO TO
otmolo Paoietal og eva petypa oAyopiBuwv pddnong xwplg emtifAewn kou BaBLig eVioXuTIKAG
HABNoNG OTIWG amelkovieTal 0To IXNUa |.

AvdAuon Odnyikng ZupTrEpIpopag

Opadortioinon ot Méan oupTTepipopd
emTiTedo TagIdioy avd odnyo

Y
AvdatmTuén povréAwv EvioxuTtikrig Maénong (RL)

RL - rpogiA 1| |RL - rpogiA 2 RL - rpo@iA n

h 4
NMpocopoiwaon

OUVONKEG PETA TV re

£QAPHOY TWV
CUOTACEWY

apxIkEG auvOnkeg
SIKTUOU

AgloAGynon avTiKTOTTOoU

ZEKWVWVTOG Ao TIPWTOYEVEIG HETPAOELG Bgong, emITdLVONG KAl TAXVTNTOG, OTWE QUTEG
OUAAEXONKOV HECW TWV AoBNTAPWY TWV EEUTIVWV KIVNTWV TNAEQWVWVY X PNOLLOTIOLWVTOG
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TNV €pappoyn TNAspaTikng Tng Oseven (Www.oseven.io) TtpoadloploTNKaV TTAPAUETPOL TIOU
TIEPLYPAPOVV TN OCUUTIEPLPOPA KATA TNV odnynon, 1600 PpoaxunpdBeoua, 000 Kal
MOKPOTIPOOECU. XTN OUVEXELX, QUTEG Ol TIAPAUETPOL XPNOLUOTIOLOVVTOL OF €val TIAQUCLO
MAONnong xwplg emiPAePn yia TOV €VTOTIONO TPOQPIA 0drynong ToOu MTOPOVV VA
TEPLYPAYOULV TN OLVOALKA CUPTIEPLPOPA 0dnynang k&Be odnyou (E1, E2). H ocuumepupopd
odnynong opidetal og Svo emimeda:

e 0o¢ eminedo Sladpopng, To OTolo AVTIOTOLKEL OTOV TPOTIO e TOV OTIolo 0 0dnydq
08NyNoE 0€ P OUYKEKPLUEVN Sladpopn, KoL

e O¢ emimedo xpPNOTN, TO OO0 AVTLOTOLXEL OTN CLUVOALKH CUUTIEPLPOPA 08 YyNONG £VOG
OUYKEKPLPEVOL 08nyoU og OAa Ta Tagidla Tou (amoTUTWHA 08rynong).

Ma tov mMPoodloplopd Twv SLPopwy TPOPIA 08ynNonNg Tou SLETIOVV TN CUUTIEPLPOPA
odnynong o k&Bs Stadpopn, epapuoleTal vag oAyoplBpog opadomoinong k-means og Vo
SLOKPLTA eTUTES Q. 2TO TIPWTO €TIMESO EVTOTICETAL N EMOETIKOTNTA KATA TNV 081 yNan, VW
oto OevUtepo emimedo mpoodlopilovtal TMPOoOETA AAAEG PN COQPOAEI CULUTIEPLPOPECS
odnynong, OMwg n odnynon Mavw amo To Oplo TaXLTNTOG (avaAnyn piokou) Kot n
OTOOTIO0N TIPOCOXNG. ATOTEAEOUO QUTNG TNG Oadkaoiag eival n avtiotoixlon KaBe
ekTeAeoBeioag SloSpoUNG HE €val OLYKEKPLUEVO TIPO@IA odnynong (E1). Xtn ouvexela,
UTIOAOYI(OVTOG TO OTOTIOTIKA XOPOAKTNPLOTIKA OAWV Twv Slodpopwv k&Bs odnyov,
TPoodSLoplleTaL N HECN CUPUTIEPLPOPE TOV KaBevOG (E2).

ATIO Tn OTLypr TIou Ba OPLOTEL N HECN CUPTIEPLPOPA TWV 0SNYyWV, oL TeEAevTaiol xwpiovtal
0€ OMAOEG ME TETOO TPOTO, WOTE Ot KAOe Oopdda va avikouv odnyol HE KOWwd
XOPOAKTNPLOTIKA 0dnynong. Emetta, oxedialeTal To CVOTNPA TTAPOXNG CUOTACEWVY 081YNCNG
TO OTIOO EVOWUATWVEL EVaV 0AYOpLBpo EvioxuTikng MaBnong mou £xeL wG 0TdOXO0 Vo «aBeL»
TN PEATIOTN TIOALTIKI KOL VO TIPOTEIVEL TNV KATAAANAN Spdon Tou odnyel 0TV KOAUTEPN
duvatr cupmepLpopd 0driynong (E3). 2to ouykekpLpevo TPOPRANUa, N SpAon TIoV TIPOTEIVETAL
APOPA OTNV TIPOCAPHOYN TWV KIVNHATIKWY XOPAKTNPLOTIKWY TOU OXAUATOG SnAadn TG
ToXVTNTAG KAL TNG ETITAXVVONG TA OTIOLO EKTEIVOVTOL OE €V CUVEXECG EVPOG TLHWV. NN aUTO
TO AOYO, n €mAoyn Tou KATAAANAoU aAyopiBpou evioxuTikng pabnong Ba mpémel va
LKOVOTIOLEL TNV avaykn Slaxeiplong dpdoewv mou AapBdvouv ocuvexeiq Tipég (E4). Etol,
ETUAEYETOL N QVATITUEN €VOG HOVTEAOL TIOU OKOAOUBEL TNV Tpoogyylon “actor-critic” Kot
OUYKEKPLUEVA avaTTUOOETAL O aAyoplOpog Deep Deterministic Policy Gradient, o omoiog
EVOWHATWVEL SUVO PaBLd VELPWVIKA SIKTUQ, OL UTIEPTIAPAUETPOL KOl N SO TWV OTIOLWV
TIPOKUTITOUV UETA OO OUYKPLTIKA agloAdynon Twv TiilBavwyv cuvduaopwv. O aAyoplBuog
EKTIAULSEVETAL XPNOLUOTIOIWVTAG akoAouBieg Stadpopwv 0drynong tou idlou odnyou wg
€l00d0, evw n €£060¢ Tou aAyopiBpov, SNAadn N TIPOTEWVOUEVN EVEPYELR, €ival N BEATIOTN
oAAayn oTnV €MLITA)UVON KABE 0dnyov, Sedopévou Tou TPOTIOL [ TOV OTIolo 08 ynoe TNV
TIPONYoLHEVN SLadSPOopH Tov.

H Soun Tou ouOTAMOTOG Elval TETOL WOTE VA LTIAPXEL TTARPNG AVTIOTOIXLON HE AOYLIKEG
MLKPOOKOTILKNG TIPOTUTIOTIOINGNG KAL EAEYXOU TNG KUKAOPOPLAKNG PONG. XE QVTLOTOLXLON HE
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Ta gUPEwg Sladedopeva mpoTUTIA akoAovBouvtog oxnpatog (car following models), o
TIPOTEWVOUEVOC OAYOPLOPOG AEITOUPYEL WG UL oUVAPTNON eKTIHNONG Kot TIPOPRAEYNG TNG
ETUTAXVVONG ME TNV OTIOIX TO OXNMO TIPETIEL VO KIVNOEL.

To teAevtaio otddlo tng peBodoAoyiog mou akoAoubrnBnke TepAapUPaveL TNV agloAdynon
NG €MPPONG oV Ba €xel N BEATIWON TNG ATOMKNAG CUUTIEPLPOPAG TOCO GTO CUVOAO TNG
KUKAo@opiag 600 Kol otnv o8k ao@dAslx kat To TieplBdArov (E5, E6, E7). Na to okomd
oUTO OploTNKE €va OEVAPLO TIPOCOMOIWONG TIOU APOPA OTNV TPWLIVH WPA OLXUAS
a&lomolwvTtag To 081kd Siktuvo TNg ABrAvaC. Na TNV ekTinon Tng mppong akoAovbnOnke
HLO TIPOTEYYLON «TIPLV KL PETA», OTIOV OTIG OPXLKEG OLUVONKEG TOu SIKTUOL N KUKAoYopia
amoptileTal amd OXAMATO TIOU KIVOUVTAL PE BAON TX XAPAKTNPLOTIKA TWV TIPO@IA 0drynong
IOV OploTNKAV 0TO TPWTO PAUa TNG peBodoAoyiag evw 0To SEUTEPO YUPO TTPOCOUOIWONG
TO OXAMATA KWWOUVTOL PE PAON TI( OUOTACEL TIOU TIAPHNYAYE TO HMOVTEAO EVIOXUTLKAG
HABNnong ylo k&Be odnyo.

Agdopéva 08nynong

o TIG AVAYKEG TNG €V AOYW £PEVVOG ALOTIONONKAV SESOUEVA TIPAYUATIKAG 08rynang Tiou
OUAMEXONKOV PECW HOG EQPAPUOYNG TNAEUATIKNAG TIOU avamTuoosTal oo tnv Oseven
telematics. H faon dedopevwv mephappave 153.953 Sadpopeg ov mpaypatomo|Bnkav
amod 696 povadikoug 0dnyoug amd to Askepfplo 2017 €wg tov Avyouoto 2019. Ot Sladpopeg
TpaypatononOnkav oto 0dko Siktuo TG EAAGSOG, Opwg N TAsloWNn@io auTwv apopd o
SIS POEG EVTOCG TOU VOHOU ATTIKNG Mo k&Be Stadpopr), ATav SlaBoipeg pa TTAnBwpa
TIOPAUETPWY TIOU TIEPNAUPAVOUV OTATIOTIKA TNG ETITAXUVONG Kol TnG emiPpdduvong,
METPNOELG TOXVTNTAG KAl SEIKTEG AMOOTIAGNG TNG TIPOCOXNG OTIWG N SLAPKELX XPHONG TOV
KLVNTOU TNAEPWVOU KOTA& TNV 0dnynon. Ol TapAUETPOL TIOU XPNOLHoTIONONKav oTn
ouyKekpLpevn Statptpn mapovaotalovtal otov Mivaka l.

‘Ovopa petafAnTig Meprypapn Movada pétpnong
harsh_acc_per_min Mé£o0oG aplOPOG OTIOTOPWY ETUTOXVUVOEWY aVA AETTTO oLpBaVTO/AeTITO
acc_avg Méon emutdyuvon m/s2
acc_std TUTIKA OTTOKALGN ETUTAXVVONG m/s?
acc_q90 90% Ttng emiTdyuvong m/s?
acc_max Méylotn emityuvon m/s?
harsh_brk_per_min M£00g aplOHOC AMOTOUWY EMPPASUVOEWY VA AETTTO OLUBAVTO/AETITO
dec_avg Méon emppaduvon m/s2
dec_std TuTtkr) amtoKALoN mPBpaduvong m/s?
dec_q90 90% g emiPpaduvang m/s2
dec_max Méytotn emiBpaduvaon m/s?
speed_max Méylotn ToxvTnTa km/h

mbu MooooTod xpdvou 0dynong e Xpnon Kvntou %

speeding_percentage

MooooTto XPOVou 0dnynong pe TaxVTNTA TTAVW Ao TO
oplo

%
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‘OAa T dedopéva ou aglomotiOnkav, d00nkav amd tnv Oseven og TANPWG GVWVURN
poppn. O Mivakoag Il mapovodlel ta BACIKA XOPAKTNPLOTIKA TOU SelyHaTOg TIOL

XPNOLUOTIOONKE.

Acpaleic  Mn aopaleig

Zovodo Swadpouég  Siadpopég
ApOpog Siadpopwv 153.953 66.566 87.387
AplOpo¢g 0dnywv 696 197 499
Méoog aplOuog Stadpopwv avda odnyo 221
EAGxLotog aplOpog Stadpopwv avd odnyo 16
Méoog 6po¢ XIALOpETPWY 08RYNONG avd odnyo 2.510 km

AvdaAuon cupTEPLPOPAG 0dynong

MNa tnv emitevén tTou TPWTOL OTOXOU TNG SOAKTOPLKNG SlaTpPRG o otmolog eival n
aVOYyVWPLON TNG CUMTIEPLPOPAG odnynong amo OeSOUEVA TIOU TIPOEPXOVTOL OO TOUG
aAoONTAPEG TWV EEUTIVWV KLVNTWV TNAEPWVWY KAl CUAAEyovTal ameuBeiag amnd To TARBog,
EQPAPUOOTNKE O OAYOPLBUOC opadomoinong k-means ag SVo StakpLta emineda.

Y10 mpwTo eminedo TG opadomoinong o aplBpdg Twv cuoTadwv opiotnke k=2 KL o Ttivakag
QMOOTACEWV EKTIUNONKE pe Paon tnv EukAeideia amootoon. Ol TMOPAUETPOL TIOU
XpnotpomonBnkav oe autd To eminedo tnNg opadonoinong mePLyPAPouY Tov aplOpd Twv
ATOTOPWV ETUTAXVVOEWV KOl ETURPASUVOEWY, KOBWG KL T OTATIOTIKA XOPOAKTNPLOTIKA TNG
gmLTdyuVong Kat Tng emPpaduvong. Ta oxeTkd anoteAdéopata Sdivovtat atov Mivaka lll.

s v & & § v

& w . 3 < & c 5§ <5 5 2
Yy ¥eP8 = 25 c © S 2 0 c 8 v 3
3w -0 3 E ) 0 > 2 c 2 0 35 2 2 o 3
OobE 03w E 5 e 2 5 Y E 0K 3
e >E BR< £ IS 3 X w -3 SIS S 3 o 8
o5& 0385 E B @S s a 8 @ a 3 W
E X~ EBEZ7 w = s E a €& s & S
< B <23 = X E = X = <=t

e E 5} EE b E E B E %)

E ) %’ =] w o w w

w — [l

ETiOetikég S1adpopég 0,150  0,2081 1,748 1,525 3,847 -1,968 1,843 -4,547  71.263
Mn emi@stikég Stadpopég 0,028 0,051 1,137 1,052 2,503 -1,282 1,286 -2,926  82.690

TUOHPWVA PE TA KEVTPA TWV OPASWY, Ol SLASPONEG UTTOPOUV Va SLAKPLOOVV Of ETIOETIKEG
KO AN-ETILOETLKEG, MLOG KOL OL SLASPOEG TIOU AVAKOUV GTNV TIPWTN OpAda xapaktnpilovtal
oo €TUOETIKOTNTA KATA TNV 08NyNon OTWG TIPOKUTITEL ATIO TIG MEYBAAEG ETUTAXVVOELG KOl
EMPBPASVVOELG, OAAG KOL TO PEYOAUTEPO OPLOUO ATIOTOUWY CUMPBAVTWY GUYKPLTIKA UE TG
Sladpopeg TnG SeVTEPNG OUASAC.

To devtepo emimedo opadomoinong k-means e@APUOTTNKE EEXWPLOTA 0TI SVO OUASEC TIOV
TPOEKLYPAV ATIO TO TPWTO EMMESO OpadOoTOoINONG XPNOLLOTIOWVTOG SVO TIOPAPETPOVG
0dNynong: To TocoaTd 08rynong e XProN KVNTOU KAl TO TIOG00TO 08AyNong Ke TaXVTNTA

-14 -



E. G. Mantouka | Deep Reinforcement Learning Traffic Models for Personalized Driving Recommendations

Tavw amd TO Oplo TaXUTNTAG TA OTOTEAEOHATH OUTOU TOU OeUTEPOL  EMITIESOV
opadotmoinong mapovatdlovtal otov Mivaka V.

Mooootd 08ynong pe Mooootd 0drynong pe
XPHon Kwntouv TOXUTNTA TAVW Ao TO ApLOpog Stadpopwv
ThAspwvou oplo

ETi0eTIkéG SLa8popég

Amoomacn TTPocoxng 0,511 0,062 4.505 (2,9%)

EmifeTikoTnTA 0,019 0,032 54.394 (35,3%)

AvéAnyn pickou 0,023 0,269 12.364 (8%)
Mn-em10eTikég SLadSpopég

AvaAnyn pickou 0,021 0,306 12.494 (8,1%)

Tuttikn o8Rynon 0,014 0,029 66.566 (43,2%)

Amoomacn TPosoxng 0514 0,057 3.630 (2,4%)

210 8e0TEPO OTASLO TNG OHASOTIOINGNG TIPOKVUTITOLV TILO EUTIAOUTIOHEVA TIPOPIA 0dAyNnoNnG.
JUYKEKPLUEVD, avayvwplleTal N amoomaon TIPOCOXNG KATA TNV 08ynon amo TG au§nUEVeS
TLUEG TOV TIOCOOTOU XPNONG TOU KLVNTOU TNAEPWVOU KoL N avaAnyn piokou amd To peydAo
TI0000TO XPOVOU 08AYNONG HE TOXUTNTA TIAVW OTIO TO ETUTPETIOUEVO OpLo. Ot SLadPOpES
TIoV &€ XapaKTNPI{oVTaL Ao KOPIO OO QUTEC TIG N XCPOAELG CUUTIEPLPOPEG AVAPEPOVTAL
WG «ETOETIKEG» OTNV TEPIMTTWON TIOU OTO TPWTO OTASIO  XAPOKTINPIOTNKAV aTo
EMOETIKOTNTA KAl «TUTILKEG» OTNV TIEPITITWON TIOU ElXaV APXLKWE XXPOAKTNPLOTEL WG UN-
ETOETIKEG OLOOPOEC.

‘Etol mpokUmTouy €L TIpo@iA 0drynong Tou SLEMoVV TOV TPOTIO TIOU PTTOPEL var 0dNnynoEL
€vog 06Ny0¢ 0 KATIOLX GLUYKEKPLUEVN Sladpopn Tou. [MpokeLévou va StepguvnOel epattepw
N OUVOALKN CUUTIEPLPOPA TWV 0dNYWV, LTIOAOYI(ETAL N HEDN CUUTIEPLPOPA KABs xpNnotn
€QAPUOOVTAG Evav amAO kavova. Mo k&Be pepovwpevo 0dnyo umtoAoyiletal o pecog 0pog
Twv Slodpopwv Tov, £pOooV n K&Be Sladpopur) €xel ouvdeBel pe eva amd Ta €€L TPOPIA
odnynong a@ol TpwTta Ta TeAsutaia Taglvopundnkav pe PAon TNV A0@AAELX KOTA TNV
odnynon, 6Twg paivetal oto Xxnua ll.

Tomkd Tpoeid

Emibetid mpogih

Avainym pickov

Amdonoct Tpocoyng

Embeticotnta pe avainyn piokov
MOETIKOTNTO LLE OTOCTAOT TPOCOYNG

Tomd Tpopid
EmbBetiké mpopid
Avédnym piokov

Amdomocn Tpocoyng , MH AZPAAEIZ

. . , YN z
EmBenikomta pe avdinyn pickov IMHEPI®OPE.
Embetikdtnto e ondomocn Tposoyng

AXDAAEIA & ITPOZOXH
AXDAAEIA & I[TPOXOXH

MO OUYKEKPLUEVD, TO TEOOEPA TIPOPIA 0odrnynong mou xapaktnpilovtal amd pn ac@oAn
OUMTIEPLPOPG 08NyNnong TomoBetONnkav oTnv Katnyopia 3, evw SIKOPOUEG HE ETILOETIKN
OULMTIEPLPOPA 0dNYyNOoNG TOToBeTAONKOV OTNV KaTnyopia 2 Kol TEAOG, OO SLOOPOES
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QVAKOLV OTO TUTIKO TIPO@IA 08Rynong amoteAovv TNV katnyopia 1. Na kK&Oe pHEPOVWHIEVO
odnyo, vmoAoyiletal €vag PECOG OPOC TWV TIPOPIA OAWV TwV SLASPOUWY TOU, KAl TNV
TEPITTWON TIOL O PECOG OPOG Elval UIKPOTEPOG amtd 1,5 ouvemAyeTal HETPLO/TUTILKO 08NYO
oTav gival peyoAutepog amod 1,5 avagepetal og amepiokemToug 06nyoud:

e péooly/tutiikol 0dnyol: uéoog dpog Stadpoucdv < 1,5
e ameplokentol 0dnyol: usoog dpog Stadpoucov > 1,5

Epappolovtag autd tov kavova ot odnyol xwpilovtal og SV0 opadeg, yla k&Be pia amod Tig
otmoieg Oa avamtuxOel StapopeTikr €kdoon Tou aAyopiBpou TapoxnG cLoTATEWY 08RyYNaNg
ME TPOTIO WOTE O OAYOPLOPOG VA TIPOCOAPUOLETAL OTLG TIPOTIUACOEL 0drynong Tou KA&Be
xpnotn. Me Bdon tn oTATIOTIKA avdALCN TIOV TIPAYUATOTIONONKE, HECOG OPOG TAELSLWV
MIkpOTEPOG amto 1,5 Seixvel 6TL TOLAGKLOTOV TO 60% TWV TAESIWY TIOV EKTEAEL Evag 0dnyog
xopoktnpidetar amd "pETPA” oupTEpLPOPA 0dnynong. H Tpotewvopevn pebBodoAoyia
TIPOOSIOPLOPOY TOU QATMOTUTIWHATOG odnynong eival Wblaitepa auotnpr wg TPOG Tov
XOPOKTNPLOUO £VOG 08NYOoU WG «TUTILKOV — AT@OAN» 08NyoU TIPOKELEVOL Vo artoPeux el n
TPOTOON OAAQYWV OTN CGUUTIEPLPOPA TIOV O (510G 0 08NYOG ival adVVATO va akoAouBoeL
KaBwg Ba gival pokpld amod tn SIKA TOL YECN CUUTIEPLPOPAL.

Evioxutikn Mabnon: évvoleg, Baoikég apxEg kat avantuén tpoTumou

MNa tnv avantuén tou AuToyvwoTikov BonBou Xuotdoswv Odriynong (Self-Aware Driving
Recommendation Assistant — SADRA) akoAouBnBnke pia dopnuévn Swadikaoio. Apxkd, n
OUVOALKN Bdaon dedopevwy xwplotnke ota SVO pe PAon TO YECO TPOPIA 0drnynong KA&Be
08NyoU. ZUYKEKPLUEVD, N TIPWTN PAon Sedopévwy TEPAUBAVEL TIG SLASPONEG OAWY TWV
08NYWV TIOV AVAKOUV OTO «TUTILKO/ATPOAEC» TIPOPIA, evw n SeUtepn TIG SLAOPOUEG TWV
0ONYWV HE PN OOPOAN HECN CUPTIEPLPOPA 08NYNONG. XTo €§AG, YL OUVTOMIR, TO HOVTEAO
Evioxutikng MaBnong mou avtiotolel 0Toug TuTikoug odnyoug Ba avagepetatl wg SADRA
— |, evw o To oV avTIoTOoL el 0TOVG TIEPLOTOTEPO pLPokiviuvoug odnyoug wg SADRA — 1.

K&Be dopr Evioxutikng Ma&Bnong amoteAsital amo Tpla faOKA CUOTATIKA: TIG KATAOTATELG
(S) TOL CUOTAMATOC, TIG TBAVEG SPATELS (a) KAl TIG AVTOUOLBEG (r). L& KAOE SLOKPLTA XPOVLIKH
OTLYMR, O KABE TPAKTOPAG TIAPATNPEL TNV TPEXOVOA KATATTAON TOU TEPIBAAAOVTOG TOU KOl
TIPAYUOTOTIOLEL TNV KATAAANAN EVEPYELX OO TO OUVOAO TWV TIOAVWVY EVEPYELWV. XTN
OUVEXELD, O TIPAKTOPOG AXUPAVEL pia eTILBPAPEVON, N OTIOIX AVTLOTOLXEL OTO KATA TIOCO NTAV
TIETUXNMEVN 1) QTIOTUXNMEVN N EVEPYELD, CUUPWVA TIAVTA LE TN CUYKEKPLUEVN KATAOTAON.

Y1tnv apovoa Slatplfn, n katdotaon Tov TePPAAOVTOG opileTal HETW EVOG SLOVIOUATOG
TEVTE HETOAPANTWY TIOU TEPLYPAPOUV TN CUUTEPLPOPE 0drynong Tou odnyol KoTd Tn
Sldipkela evog Tagdoy kat TMeEPNaBAvVOUV TN pEON ETITAXVVON TOV TAESIOV (davg), TNV
gMITAYVVON TIoV Sgv EemeEpaae 0 0dnNyoG 0to 90% tou Ta&dLov (ag), Tn péon emPpdduvon
(davg), TNV emPpaduvon mov Sev Eemépaoe 0 0dnyog oto 90% tou Ta&dlov (dy) Kal TO
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TIOC0O0TO TOVL TAELSLOU TIou 0 08NYyOE 08NYOVOE UE TAXVTNTA TIAVW OTIO TO ETILTPETIOUEVO
Oplo TaxLTINTOG (speeding):

s= {aavg: Agp, davg’ dgo, Speeding}

To TopovV cVOTNUA TIAPOXNG CUOTACEWV OTOXEVEL OTO VA PEATIWOEL TN OUUTIEPLPOPA
odnynong Tou KA&Bs XPNoTn, AVeEAPTNTA ATO TIG EKAOTOTE ETILKPATOVOEG KUKAOPOPLOKEG
OLVONKeG. Mevika, N eTAOyN TaXVTNTAC Kivnong dev eivat aveEptnTn omod TN YEWUETPIX TNG
080U TIOU KIVEITAL TO OXNMO KOL TIG KUKAOPOPLOKEG CUVONKEG, OTIWG KAL N amO@Aon YL
emBpdduvon, n omoia efaptdTal cLVABWE OO TN CUUTIEPLPOPA TOU TIPOTIOPEVOUEVOU
OXNMOTOG KAl TN ONUATOSOTNON. ZUVETIWG, N TIAPAUETPOC TIOV TIEPLYPAPEL TN CUUTIEPLPOPA
0dnynong evog odnyov eival n emTayuvon Kot eEAPTATAL ATTOKAELOTIKA aTtd TNV avTIANYN
TOU KOl TNV TIPOTIUNGCT TOU AVAUETA OE OOAN KAl aTtOTOMN €TLTa)uVon. Mpdyuaty, kot otV
TpooPatn BPAOYpaia, N CUUTIEPLPOPA 0dNYNONG EVOG 0dNyoU TIEPLYPAPETAL ouvNOBWG
OTtO TO TIPOPIA ETUTAXVVONG TOV.

Y& oUTA TN AOYLKI, Ol EVEPYELEG TIOU TIPOTEIVOVTAL OTIO TO CVUOTNUO OTOV EKACTOTE 0ONYO
QVAKOUV OF €VOl OUVEXEG SLACTNHA TIHWV KOl OPOVV OTN HETABOAN (O OXEON UE TNV TILO
TPOoPATN SIOPOUN TOV) OTN HEON ETILTAXUVON KL OTNV ETUTAXLVVON TIOU OEV TIPETIEL O
0dNnyo¢ va &emepvd 0oto 90% TWV TEPIMTWOEWVY, TL.X. OTAV TIPAYHUATOTIOLEL TIPOCTIEPAON,
EKTOG Kall av BpeBel og KATAOTAON EKTOAKTNG AVAYKNC.

a= {daavg' dago}

Y10 €8N¢ Kal Yot CUVTOIQ, N EMITAXVVON TIoL Sev TIPETEL O 08NYOG va Eemepdiosl ato 90%
ToU TaLOLoU TOU Ba AVAPEPETAL WG <UEYLOTN ETLTAXVVON».

Eva TTOAU ONMOVTIKO KOMUATL TOou TAawoiov Evioxutikng MdBnong eivat n ouvdptnon
avtapolpng. O otoxog TG eivat SITTOC va a§loAoyel TOOO TNV TAPOVCA KATATTOCN, OGO KOL
TN HETABaoN PETOEY SLASOXIKWY KATAOTACEWVY. TNV TIPOKELEVN TEPITTTWON, a&loAoyel TN
OUMTIEPLPOPA 0dNyNnong o€ kKABe Sladpopn, oAAX Kal Tn METAPOAN TNG QVAMETD Of
SLoSoxIKEG SLadPOUEG TOV (SLov 0dnyov. XTa TAdiaLa TNG TTapoVaag SLATPPAG, avamTuxOnke
plae €8k ouvaptnon a&loAdynong tng CUUTEPLYOPAG odnynong. lNa k&Be Sadpopn
uTtoAoyidetal Eva okop pe BAoN TNV ATTOKALON TNG ATIO TO KEVTPO TNG CUOTASOG TOU TUTILKOV
TPO@IA 0drynong. MNa Tov UTOAOYLONO TNG OMOKALONG XPNOLHOTIONONKE N amdotacn
Mahalanobis. H a§loAdynon k&Be ta€diou divetal amod tnv mapakdtw e&iowaon:

M(i,moderate profile)

Q75(M)

i —driving profile; *
trip score; = e

omov pe [ oupBoAileTal pa ouykekpLuévn Stadpopn, M gival n andotaon Mahalanobis kot
Q75(M) elvat n TN mov dev Eemepvd To 75% Twv anootdoewv Mahalanobis.
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JTn ouvvexelr, umoloyiletal n avtapolPry Tov avtiotolel otn peTtafacn amd TN i
Sadpopn atnv &AAN, CUUPWVA UE TOV TIOPAKATW TUTIO:

trip scorej ., — trip score; )

r = trip score;;q (1 + 100

TeAlkd, a@ol umoloyiotnkav OAeg oL amapaitnTeg METABANTEG yla TNV avamTuén TOUL
HoVTEAOL EvioxuTikng MaBnong (LovTeAo f eAeykTNG N TtpakTopag RL), n faon dedopevwv
opyavwonke wg €ENG:

(katdaTaon, Spdon, avtauolfn, EMOUEVN KATATTHAN)

Mo k@B povadikd 0dnyd oto oUvolo Sedopevwy, ol Sladpopég Tou Ta§lvoundnkav ot
ovgovoa OEPA CUPPWVA PE TNV NpEpOopNVia evapéng kaBe Sadpopng. Ta Selypata Tou
XPNOLOTIONONKAV Yyl TNV eKTaidguon Tov pHovVTEAOU ATAV TAELASEG (tuples) Stadoxikwv
SLOSPOUWV EVOG CUYKEKPLUEVOL 08NYoU padi pe TNV aVTIoTOLXN EVEPYELX KL AVTAMOLPH TNG
HETABoONG amd TNV TPWTN Sladpopr atnv emopevn. Mpemel va onuelwbel OTL yla kK&Be
EexwpLloto 0dnyd 0To GUVOAO SeSoUEVWY, N TIPWTN SLSPOUN) TOU XPNOLUOTIOBNKE LOVO
w¢ "KatdoTtoon", evw n TeAevTaia SLdPOU TOU XPNOLUOTIOONKE HOVO WG "€MOMEVN
kKataotaon". Metd and autr tn Sadikaoio TpoeTolpaoiog SESOUEVWY, KATAOKEVAOTNKOV
33440 povodika Seiypota dedopevwy yx tnv ekmaidevon tou SADRA | kot 119.817
povadika Setypata dedopevwy xpnotpomonBnkav yoo tn Stadikaoia ekmaidevong tou
SADRA 1.

O eAeykteg RL avamtuxBnkav pe faon tov aAyoplBpo Deep Deterministic Policy Gradient
algorithm (DDPG), o omoiog epapuolel o Ttpoogyylon “actor-critic” SnAadn «evepyelag Kot
a&loAdynonG» ylt TNV eKpAONon WG TOAMTIKAG KOl TNV TIopoywyrn Twv PEATIOTWY
evepyelwv. ETol, ylo KABe €AeykTh avamtuooovial SU0  VEUPWVIKA SikTua  Tou
QVTITPOCWTIEVOVV TN S&pdaan (actor - ) kat tnv agloAoynon (critic - Q) avtiotola. Ta
VEUPWVLKA SIKTUO TOOO YL TO UTIOGUVOAO TWV OCPOAWY OGO KAL YO TO UTTOGUVOAO TWV [N
QOPOAWY 08NYWV EKTIALOEVTNKAV CUPPWVA HE TN SLASIKOTIO TOU TIAPAKATW aAyopiBpov.

DDPG Algorithm implementation
Initialize critic Q(s, a|89) and actor u(s|6*) networks using rewards as Q-values
Set the above as initial target networks (Q" and y')
Split the sample into M minibatches
for minibatch=1, M do
Sety; =1, + Q' (Siv1, W' (5i4110# )69 ,
Update critic by minimizing the loss: L = %Zi(yi —Q(s;, aileQ))
Update  the actor policy using the sampled policy  gradient:

1
Veu] ~ NZ[V(JQ(S’ alga)ls:st,a:u(st) Veﬂﬂ(sleu)ls:st]
t

Update the target networks:
0% <169+ (1—-1)8¥
OF « % 4+ (1 —1)6"
end for
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H teAkr) Sopn Twv SIKTVWV KaBWG KAL OL TLUEG TWV UTIEPTIAPAUETPWY TIPOEKVYAV PETA ATIO
a&loAOynon Twv TOAVWY CUVOVOOUWY. ZUYKEKPLUEVQ, EEETAOTNKOAV KOL OLYKPiONKav GAoL
ol TilBavoi cuvduaopol SOpWV KAl TIAPAUETPOTIOINONG TWV SIKTUWV, O EVa VP0G AOYLIKWV
TILWV, TIPOKELUEVOU VO EVTOTILOTEL O BEATIOTOG. OL TP APETPOL TTIOU ANPONKaY uTOYnN lva:
APLOUOG KPUPWV CTPWHUATWY (Number of hidden layers), APLOUOC VEVPWVWV (Number of neurons per
layer) KO evepyoTioinon KABE OTPWUATOC (Activation), cuVAPTNON PeATioTOTIOINONG (Optimizer)
KOl PUBPOG HAONoNG (Learning rate), WéyeBoC OEounG (Batch size) KOl OPLOUOG €ETTOXWV
ekmaidevong (Epochs), OTIwG Ppaivetal otov Mivaka V.

Hyperparameters Critic network Actor network
SADRA | — aopaieig odnyoi

Number of hidden layers 6 3
Number of neurons per layer (64,32,16,16,32,64,1) (128,64,32,2)
Epochs 200(initial network:110) 200(initial network:110)
Batch size 150(initial network:150) 150(initial network:150)
Activation RelLU RelLU
Optimizer Adam Adam
Learning rate 0,001 0,0001

SADRA Il — pn-ao@aieig odnyol
Number of hidden layers 6 3
Number of neurons per layer (32,16,8,8,16,32,1) (128,64,32,2)
Epochs 170(initial network:170) 210(initial network:210)
Batch size 250(initial network:250) 250(initial network:100)
Activation RelLU RelLU
Optimizer Adam Adam
Learning rate 0,0001 0,0001

ZEVAPLO TPOCONOiWONG

H moooTikomoinon Twv EMMTWOEWV TNG VIOBETNONG CUOTATEWV 08ryNoNG aTd OAOUG TOUG
08Nyoug, 0TNV KUKAOQOPIa, TNV 081K AO@AAELX KOL TIG EKTIOUTIEG TIPAYUXTOTIOONKE OTO
TAQLOL0 €VOG OEVapiov HIKPOOKOTIKNG Tipogopoiwaong (microscopic simulation) og emimedo
SIKTUOVL. [ TO OKOTIO ATO XPNOLUOTIONONKE TO AOYLOMIKO Tipocopoiwong SUMO kat To
TIPOETIAEYUEVO KUKAOPOPLOKO HOVTEAO TOU Krauss, TO OTOlO €ival €val PIKPOOKOTIKO KOl
OUVEXEG OTO XWPO HOVTEAO Ttov PacideTal TNV A0@OAN TAXUTNTA TIOV ONUAiVEL OTL O 08NYOG
TOU OaKOAOUBOUVTOCG OXNMOTOG VIOOETEL M QOQOAN TOXVUTNTO TIOU TOU ETILTPETEL VA
TIPOCAPUOCTEL OTNV EMLBPASUVON TOU TIPOTIOPEVOUEVOU OXHIATOG.

H peAetn epimTwong yla Ta TEPAPATA TIPooopoiwang eival To 081ko SikTuo Tou SaKTUAIOU
™™g ABrvag, To omolo amoteAeital amnod 1.293 kopuPoug kat 2.572 cuvdéopoug. To GUVOALKO
MAKOG Tou O&lkTVoU eival 348 xWopetpa. Baoel g Pabpovounong n  omoia
TIPAYUATOTIONONKE, 0TO SIKTLO KIVOUVTAL KATA TNV WPa atXpung 86.054 oxnpata. ATo Toug
peTpnteg mpokumtouv 1.393.634 petpnoclg (97,47% TWV OUVOAMKWY METPACEWV TIOU
e&nxOnoav amnod to mpoypappa Tipocopoiwong Aimsun) kot T GEH kétw amo 5 (GEH < 5)
ylo 10 95,26%.
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AVO SLOPOPETIKA OEVAPLA TIPOTOMOIWONG OXESLATTNKAV TIOV AVTIOTOLXOUV 0Tn {ATnon Tou
0dkov SIKTUoL TNG ABNvVag Katd TNV Tpwivy wpa axung (8:00 - 9:00 T.u.). ApxiKd,
TIPOCOMOLWVOVTAL Ol APXIKEG OCUVONKEG TOL SIKTVUOU TIPOKELUEVOL Vo eKTIUNBOEL N ammodoon
TNG KUKAOQPOPLAG OTOV TA OXAKATA KLVOUVTOL CULPUWVA [E TA XXPOKTNPLOTIKA TIOU SIETTOVV
Ta €L TpoPiA 0drynang mov mpoadlopiotnkav. Mpokelpévou va Slac@oAloTel n aglomiotia
TWV AMOTEAEOUATWY, N TPooopoiwaon mpaypatomnor|Onke oe 10 emavoANPelg e Sk
SlapopeTikoVg aplOpovg ekkivnong. H oToXaoTikOTNTo OmMOTEAEl ONUAVTIKY TITUXH TNG
QVOTTaPAYWYNG TNG TIPAYHATIKOTNTAG O VA OEVAPLO TIPOCOMOIWONG, KaBwG TpooBETel
TUXQULOTNTO OTIG KATAVOUEG TWV SLOPOPETIKWY TITUXWVY TNG TIPOCOMOIWONG (TT.X. KATAVOEG
SO POUWY, KATAVOUEG TUTIWV OXNUATWV).

2TNn OUVEXELR, SNUIOLVPYRONKAY CUOTACELG 08YNONG Yot KAOs €EUTINPETOVUEVO OXNUA UE
Baon Tov TPOTO pe ToV oToio KABs dXNua Tipaypatomnoinos Tn SIdpopr ToL 0TO TIPWTO
oevaplo Tpooopoiwong. Ou ouoatdoelg mapnxOnoav amod Toug avtioTtolxoug eAeykteg RL
XPNOLOTIOWVTOG WG €l0odo TNV kataotaon tng Sadpopng (ueon emtdxuvvon, 90%
EKATOOTNMOPLO €TULTAXLVVONG, Meon emiBpaduvaon, 90% ekatooTnuoplo emiPfpaduvong,
TIOOOOTO ETUTAXUVONG) KAl WG €080 TN BEATIOTN PETABOAN TNG MEYLOTNG ETLTAXLVONG. O
TIPETIEL VA TOVIOTEL €W OTL TAPOAO TIOV Ol eAeyKTeG RL TTou avamtuxOnkav mapayouv Eva
Slodlaotato Slavuopa TIov TEPNXUPAVEL HETAPBOAEG TOOO OTN PEON OCO KOL OTN MEYLOTN
EMLTAXVVON, OTO TAQLOO TNG Tpocopoiwaong aglomolnBnke POVO N PEYLOTN ETILTAXUVON,
KoBwg To povTtéAo Krauss AopuPavel uttdWn HOVO TIG HEYLOTEG TLUEG TNG ETILTAXVVONG KAL TNG
emPpaduvong.

TeENog, €va SeUTEPO OEVAPLO TIPOCOUOIWONG EKTEAECTNKE, OTIOU TA OXAMATA TIOU gixav
efuTnpeTnNBOel TPONYOLPEVWG OKOAOUBOUV TIG TIPOTEWVOUEVEG OUOTACELG, OnAadn Ml
EVOAAQYN TNG MEYLOTNG ETILTAXUVONG TOUG, €VW N UTIOAOLTIN KUKAO@Opiar akoAouBei tnv
KOTAVOUN HETOED TWV EEL TIPOPIA 0drynong.

H ouumepupopd mou ouvemdyetal KaBs TPo@iA 0drynong TPOCopolwOnKe HEOW TNG
TIPOCOPHOYNG TOU OVTIOTOLXOU KUKAOMOPLOKOU HOVTEAOU. X€ OUTAH TNV TEPITTWON
XPNOLHoTIoNONKE TO HOVTEAO akoAouBouvtog oxnuatog Krauss To omoio pmopsl va
TopAETPOTIOINOEL OO Evay aPLOPO TIOAPAUETPWV: TN UEYLOTN ETILTAXUVON TOU OXNHOTOG
(accel), Tn peylotn emPpaduvon tov oxAuatog (decel), Tn péyloTn TOXVTNTA TOU OXNHATOG
(maxSpeed), Tn péytotn Quaotkd duvatn emPpaduvon Tou oxAuatog (emergencyDecel) kat
TOV QVOMPEVOPEVO TIOAAATIAQCLOOTH Yl Ta Opla Taxutntag tng Awpidag (speedFactor).
ApPXIKG, N TPEXOLOA (APXLKN) KATAOTAON TNG OSIKNG KUKAOQOPIOG TIPOCOUOLWVETAL OTO
SUMO xpnOLHOTIOLWVTOG TA £€L KABOPLOPEVA TIPOPIA 08 yNoNG, OL TTAPAUETPOL TWV OTIOIWV
glonxOnoav oto povtélo Krauss yla SLa@opeTIKOUG TUTIOUG OXNHATWY, OTIWG PAIVETOL OTOV
MNivako VI.
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, i Mapapetpol povtéAou akoAouBoUvTog OXHHATO
Témot oxfipaToc papeTpOL P G oxfjnarog

(powih 08AynaNa) accel decel emergencyDecel maxSpeed speedFactor
(m/s?)  (m/s?) (m/s?) (km/h) (mean, min, max)
Tumikn o8Rynon 2519  -2,942 -5,909 64,51 (0,029, 0, 0,168)
ET@eTikn 3,817 -4,483 -18,083 66,93 (0,033, 0, 0,151)
AvdéAnyn pickou 2,392 -2,824 -5,328 100,28 (0,306, 0,1627, 0,96)
Amnoomacn Tpocoxng 2,601 -2,990 -5,112 67,38 (0,057, 0, 0,631)
ET@eTIKn pE avaAnyn piockou 3,944 -4,825 -25,884 100,8 (0,269, 0,147, 0,907)
EmiBsTikn pe améomaon mpoooxng 3939  -4,553 -10,845 71,99 (0,062, 0, 0,744)

Mot TtV opxlk Katdotaon Tou OIKTVoU, oL €&l SlaPopeTiKol TUTIOL OXNUATWY
Snuovpyndnkav og eva apxeio Stadpopwv (route file), ue Tnv avtiotowxn mapapeTpomoinon
TOU HOVTEAOL OKOAOVBOVVTOCG OXAMATOG. Z€ Pict WPX TIPOCOMOIWONG YLX TNV TIPWLVHA oL N,
miepimov to 58% TNg ouvoAikng {Rtnong €wonxOn oto SikTuo Kal To 28% TWV OXNUATWV
oAokANpwaoe TN SLaSPOur TOU HETO OE AUTO TO XPOVIKO SLATTNHAL.

2N OUVEXELQ, Yla KABE OXNUO TIOV EPTOCE OTOV TIPOOPLOUO TOV EKTIHNONKAV Ol akOAOUVOEQ
TIAPAETPOL YL KO SLadpoun:

®  UEON ETUTAXUVON

e 90% €KATOOTNUOPLO ETUTAXVVONG

e uéon emPpaduvon

e 90% skaTtOOoTNUOPLO ETPRPASUVONG

e  TIOOOOTO ETUTAXUVONG

AUTG TO XOPOKTNPLOTIKA 0dnynong xpnolpomondnkav wg dedopeva €l0080L GTOUG
eAeykTEG RL, oL omtoiol tpoteivouv Tn BEATIOTN evepyela Yo KABE Sladpoun. MNa TNV eKTEAEDN
TOU SEUTEPOV OEVAPIOV TNG TIPOCOMOIWONG XPNOLMOTIONONKAV Ta (Sl AKPLPWE OXNUATA,
Ta oTola akoAovBoLV TIG SLeg akpLPwWE SLadpopeg 0To (810 08IKO SIKTUO, TIPOKELUEVOL VAL
EKTLUNOOVV Ol ETUMTWOELG TNG TIAPOXNG TIPOCWTIOTIONHEVWY CUOTATEWV. Ol CUOTATELG YL
oAAayn TNG MEYLOTNG emtdxuvong ewonxbnoav wg Tpomomoinon Tng avtiotolxng
TIXPAUETPOV TOU HOVTEAOU AKOAOLBOUVTOG OXNUATOG. H uloBETNON QVTAG TNG TIPOTEYYLONG
EMETPEYE TNV TIPOKTIKA EQAPUOYN TNG SLASIKAGIOG EQAPUOYNG TWY CUOTACEWY PE AUECO
EAEYXO TWV OTIOTEAEOUATWV.

Kat og oautl 1Tnv mepintwon, Tou JSevtepou gevapiov TG TPOogopoiwaong,
npaypatoroOnkav 10 eMaVOARPELG PE TIG ISLEG TIHEG EKKIVNONG OTIWG KOL TIPONYOUEVWC,
WOoTE Vo SLO@OALOTEL N A&LOTILOTIO TWV ATIOTEAEOUATWVY. Ta gupnuaTa £0elEav OTL O pia
WPA TIPOCOUOIWaONG €EUTNPETAONKE KATA HECO OPO TO 57% TG {NTNONG, EVW TO AVTIOTOLXO
TIOCOOTO TWV OXNUATWY TIOU OAOKANPWOOV TN SLAdPOUN TOUG HELWBNKe KaTtd 1% o€ axéon
ME TIG PXIKEG TUVONKEC.

A&l0A0ynon EMMTWOEWV

H afloAdynon Twv EMMTWOEWY TOU TIPOTEWVOUEVOU CUOTAHATOG TIPAYUATOTIOEITAL HETW
MLOG TIPOTEYYLONG "TIPLV KOL HETA" OTIWG TIEPLEYPAPNKE TIAPATIAVW. ZUYKEKPLUEVD, KOL YLOt T
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SVo oevapla Tpooopoiwaong ekTiunBnkav ol Paatkoi deikteg amddoong Tng kKukAoopiag,
NG XOPAAELAG KOL TWV TIEPLPOAAOVTIKWY CUVONKWV Kal a&loAoynBnkav CUYKPLTIKY, WOTE
VO TIOOOTIKOTIOINOOUV Ol OUVOAIKEG ETUTITWOEL, TNG LIOBETNONG  EEATOMKEVUEVWV
OUOTACEWVY TIOV PBEATIWVOUV TN CUMTEPLPOPAE 0dAyNnong k&Bs atopov. Ot Baoikol Seikteg
anddoong Tou  Xpnowormowdnkav otV avaiuvon ywr k&dBs mTuxy Tou SIKTVUOUL
mapovoidlovtal atov Mivaka VII.

KukAowopia Ac@pdAsia MepBaAiov

, , , , , JUVOALKEG EKTIOUTIEG VA TUTIO
E&umnpeTtovpevn {ntnon JUVOALKEG TIOAVEG EUTIAOKEG 0TIoU (CO5, CO, PMx, NOX)
MoKpPOOKOTILKO
BepeAlwdeg Stdypopa JUVOALKEG METOTILOOEY EUTIAOKEG Ekmtopmég ava Oxnpa
KUKAOQOPLOG
MOavEg EPTIAOKEG avd OXNUCL

H ekTipnon Twv Pactkwv SEKTWY amoddoaong IOV aPoPoUV 0TNV KUKAOYopia £ywve Pe faan
TO ATIOTEAETUATA TNG TIPOCOKOIWONG, T OTIOIX TIEPIAAUBOAVAV TOV APLOUO TWV ELGAYOUEVWV
Kol €EUTINPETOVUEVWV OXNUATWY, KABWG Kot TTANPOPopIeg yla T Tpia OspeAlwdn otolxeia
™G Bewplag TNG KUKAOYOPLAKNAG pong (por, ToXUTNT Kol TUKVOTNTA). Avti va
XPNOWWOTIOINBOVV ~ OUYKEVIPWTIKEG — UETPAOEL TwV  BepeAdwdwy  peTafAnNTWY,
KOTOLOKEVAOTNKOV TO POKPOOKOTIKA OgpeAlwdn Swaypdppata (Macroscopic Fundamental
Diagrams — MFDs) kot €€1XOnNoav ONUOVTIKA OTIOTEAEOUATO OXETIKA HE TIG SLAPOPEG OTLG
ETOOOTELG TOU SIKTVUOU TIPLV KOl PETA TNV EQAPUOYH TOU CUOTNUATOG CUOTACEWV. H eKTinoN
TwV eTPAAPWY ATHOOPAPIKWY PUTIWV BacileTal OTO HOVTEAO EKTIOUTIWV TIOL €ival Nén
evowpatwpevo oto SUMO, 1o povtédo PHEMIight. To PHEMIight eival pa amAovoteupevn
¢kdoon touv PHEM (Passenger car and Heavy-duty Emission Model), evog A poug povteAou
EKTIOUTIWV OXNUATWVY TIOU €XEL avamTuxBel otnv Eupwrn amd to 1999 kot Baoiletal og
EKTETOUEVEG METPNOELG EKTIOUTIWY O OXNUOTO OTWG EMPATIKA OUTOKIVNTY, €AAPPA
OXAMATA KOl OOTIKA Asw@opeia. H eKTiNON TwV EUTTAOKWVY TIOU ATOTEAOVV SeiKTNn OSLKNAG
aopaAslog Baoiletal oto epyaAeio SSAM, To omoio uToAoyilel UTIOKATACTOTA METP
QOPAAELOG Ylo KABE eUTAOKA TIou evToTii(eTal 0T SESOUEVA TPOXLAG, KOL OTN CUVEXELX
UTtOAOYIEL TA OTOTIOTIKA XOPOKTNELOTIKA (MEON TN, MEYLOTN TA KAL) KA&Oe
UTIOKOTAOTOTOV HETPOV (surrogate measure).

AmoteAéopata: ZUCTATELG 08 ynong

OL dVo ekdoOoelg TOL ekTaLdevpevoL oAyopiBpuov DDPG xpnolpomoiriOnkav yux tnv
Topaywyn ovotaoswv odnynong ywx Svo katnyopieg odnywv: Tutikoi odnyol Tou
ToPOoVCLAlOVV UETPLX-aOPOAN cuutiepipopd (SADRA 1) kat pn-ao@olsic odnyol Tou
EVOAAACOOUV TN OLPTIEPLPOPA TOUG HETAED SLaPOPWY AVACPOAWY ouvnBelwv 0dnynong
(SADRA 11). Ot 0uOTATELG £XOUV TN HOPPH CAAQY WY GTOV TPOTIO 0SHYNONG IOV OVAPEPOVTAL
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OTIG PEATIOTEG evépyeleg 0ONYyNONG TIOL UTIOPEL VO VIOOETACEL O OUYKEKPLUEVOCG 0dNYOG
TIPOKELUEVOL VO BEATIWOEL TNV 08AYNOH TOu UE BAON TNV TPEXOVOX GUUTIEPLPOPE TOV.

H oUykplon TwV OMOTEAECHATWY TWV SVO EAEYKTWY OTIOKAALYE OTL KAl oL SVO E€XOLV
EKTIUSEVTEL VO TTOPAYOUV GUOTACELG TIOU (PEPVOULV TOUG 08NYOUG TILO KOVTA OTn Méon
QOPOAN CUUTIEPLPOPA EVOC TUTILKOU 08nyov, o omolog €xeL uéon emtayxuvvon ion pe 1,137
m/s® Kol péylotn emtdyuvon ion pe 2,503 m/s’ Me Bdon Ta evBelkTikG Ttapadelypata Tou
napokdtw Tivaka (Mivokag VI, n péon ouviotwpevn péon emitéyuvon ekTiunOnke oe 1,145

m/s? 2

, EVW N MHEON TN TWV TIPOTEWOUEVWY HEYLOTWV ETITOXVVOEWV Ntav 2,507 m/s
avtiotoa. Emopevwg pmopel kavelg va oupmepAvel OTL N KOXOOAIKH €QAPUOYH TOU
TIPOTEWVOUEVOU CUOTHHATOG OLUOTACEWV Ba 0dnyolos OTNV &VOPUOVION TWV TIPOPIA

ETUTAXVVONG YL&X OAOKANPO TO GTOAO OXNUATWV.
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To ZxAua Il Tapouvolddel eVOEIKTIKA TIAPASEYHATA TWV CUOTATEWV TIOU TIAPAYOVTAL OTIO
TouG SVO eAeykTeG e Sedopévn Tnv dla eicodo (Tpwtn Katdotaon). Ta euppata £delav
OTL, TIAPOAO TIOVU Ol CUOTACELG TOU EAEYKTH] TIOL QPOPA OTOVG PN AoPoAEic odnyoug (SADRA
[I) odnyovv o€ ONUAVTIKA XOUNAOTEPEG MECEG ETITOXVVOELG Y TNV €MOpeVn Stadpopn
(emopevn KATAOTOON) O OUYKPLON HE TNV TIPONnyoUpevn Stadpopn (apxlkn Kotaotaon),
SlaTNPOUV CNUAVTIKH AMOCTOON TIPOG TA TIAVW O€ OXE0N UE TIG AVTIOTOLXEG CUOTATELG TIOU
TIXPAYOVTOL OTIO TOV EAEYKTH TWV TUTHKWY 0dnywv (SADRA ). Map' 6Aa autd, Tpémel va
onpeLWBEL OTL KA oL SV EAEYKTEC 0ONYOLV GE OPOAOTEPO TIPOPIA ETILTAXUVONG YL TO GUVOAO
TWV oXNUA&TWV TIov amapTti{ouv TNV KUKAoopia.

2.5

— first state (acc_avg)

—new state (acc_avg) -
SADRA 1

new state (acc_avg) -
SADRA |

AVERAGE ACCELERATION CF A TRIP

0.5

AmnoteAéopata: NMpooopoiwon kot a&loAdynorn EMIMTWOEWV

H moootikomoinon Twv EMIMTWOEWY TNG EPAPHOYNS TOU TIPOTEWOUEVOU CUCTHHATOG
OUOTAOEWV KOL, KXTA OUVETIELR, TNG VIOBETNONG UG BEATIWHEVNG CUUTIEPLYPOPAG 08YNONG
armtd OA0UG TOUG 08NYOUG EXEL LEYAAN ONUOGLO, TOOO YL TOUG EPEVVNTEG, OGO KOL YL TOUG
EMAYYEAROTIEG KOl UTIOPEL va 0dNYNOEL Of ONUOVTIKA OCUUTIEPACUOTO OXETIKA HE TN
XPNOWOTNTA TNG BEATIWONG TNG XTOUIKNG CUUTIEPLPOPAG 0drynong. H a&loAdynon tou
OUOTAUOTOG CUCTACEWV TIPAYHOTOTIOLEITOL E TN XPHON CUYKEKPLUEVWY PACIKWY SELKTWV
EMOO0EWV TIOU QVTLOTOLXOUV Of TPELG TOMEIG EVOLOPEPOVTOG KUKAOPOPID, OT@PAAELO KL
ekmopuTeG. KaBe eva amd ta osvapla mpooopoiwong eywve oe 10 emavoAnPelg yua va
€EAOPOALOTEL N EYKLUPOTNTA KOL N OELOTIOTIX TWV ATOTEAECTUATWY. ZUVOAIKY, O EAEYKTNG
SADRA | xpnOlloTonOnKe ylo TNV Topaywyr] CUOTACEWVY Yt TO 43% TwWV OXNUATWY, EVW
TO UTIOAOLTIO OXAUATA AKOAOVONOQV TIG CUOTATELG TIOL Ttapryaye To SADRA I

‘OAeg oL emavoAngelg tov dlov oevapiov Tpooopoiwong mapouosldlovy avTioTola
OTIOTEALOPATO OXETIKA PE T EEUTINPETOVUEVA OXHATO, TO OTIOLO LELWVOVTOAL EAXAPPUWIG HETA
TNV EPAPHUOYN TOU CUCTHUATOG CUOTATEWV. Katd péco 6po, e§umnpetnOnkav 2,9% Atydtepa
oxAuaTa pe BAon Ta AMOTEALOUATA TOU SEVTEPOV GEVAPLOU TNG TTPOTopoiwang. Qotodoo, Ta
OTIOTEALOPATA TOU OTOTIOTIKOU €Aéyxou umoBéocwv t-test €del&av OTL dev umdpyouv
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ONMOVTIKEG SLAPOPEG HETAED TWV HECWVY OPWV TWV EEUTINPETOVUEVWV OXNUATWV TIPLV KAl
META TIC OUVOTACELS Of SlAOTNUA EPTLOTOOVVNG 95%. H e@appoyn TOu OCUOTAMATOC
EEATOMKEVUEVWY OUOTACEWY E(XE ONMOVTIKN ETPPON OTN MEYLOTN ETIITAXUVON TWV
OXNMUATWVY, OTIWG Paivetat oto XxAua V. Otav dAa Tat OXHATO AKOAOUONOQV TLG TIPOTATELG
Tov mapnRyayav ot dVo eAeykTéC RL, n péon T TG péylotng emtdyuvong awgnbnke
eAdlota amod 2,83 m/s? og 2,96 m/s?, Kuplwg eTEdA N TAEIOVOTNTA TWV OXNUATWY TIOU
OPXLKWG ELXOV UL TIOAY (LKPH LEYLOTN ETILTAXUVON, N OTIOlA ATV TIOAVY XXUNAOTEPN ATO TNV
avTioTOLXN ETLITAXUVON TNG "HETPLOG/TUTILKAG" GUPTIEPLPOPAG, TOUG TIPOTAONKE VoL au§RToOoUV
EAQPPWC TNV €TLTAXLVVON TOUG. QOTO0O0, N PElWON TOU EVPOUE TWV TIHWVY TNG ETUTAXVVONG
elval EUPAVAG HETA TIG OLOTACEL, YEYOVOG TIOU LTTOSNAWVEL TNV EVAPUOVION TWV TIPOPIA
ETUTAXUVONG OAWV TWV OXNUATWVY OTnV Tpocopoiwon. TEAOG N MEYLOTN TR Twv
TIOPATNPOVUEVWY PEYIOTWY ETUTAXVUVOEWY TIUPEUEIVE OTO (810 emimeSo Twv 3,94 m/s? petd
TNV £QAPUOYN TOL TIPOTELVOUEVOU GUOTHUATOG,.

maximum acceleration (m/s?)
w
b

| T g

B before [ after

Ot SLopopEG TTOV TIAPATNPOVVTAL OTO EYEBOC TNG HEONG TOXVTNTAG Elval EAXXLOTEG, KABWCG
KoL 0TI SVO TIEPITTTWOELG TO OXAMATA VIOBETOVV péon taxLTNTa Tiepinmov 25 km/h, evw n
MEYLOTN HEON TaXVTNTA TOV Ttapatnpeital eivat mepimov 55 km/h.

Ot HETOPOAEG TNG TOXVTNTOG TWV OXNUATWV XAV WG ATIOTEAETUO LETABOAEG TWV LOLOTATWV
TWV UTIOAOITIWY  KUKAOQPOPLOKWY peyeBwy, SnAadn Tng pong Kol tng TUKVOTNTAG.
Mpokelévou var amodoBel pLa AETITOUEPNG YPOPLKT QTIEIKOVION TWV OXECEWV QUTWV TWV
HEYEBWV yla TIG OPXLIKEG OLVONKEG KABWC KAl YLt TG OUVONKEG TIOL TIPOEKLYAV PETA TIG
OUOTAOELG, VUTIOAOYIOTNKOV T MOKPOOKOTILKA OgpeAlwdn Saypdppota. Kot ta tpia
BepeAlwdn Saypdppota (ZxApata V - VII) Seixvouv TiG ox€oelg HETOED TWV TNG PONG
KukAo@opiag, SnAadn TG pEong Pong OXNUATWY, TNG MESNG TIUKVOTNTOG KOL TNG HEONG
TOXUTNTAG, OTIWG TIPOEKVYAV ATIO TNV TIPOCOHOIWAN HE BATN TIG CUYKEVTPWTIKEG HETPNOELG
OAwvV Twv ocuwvdéopwv Kat ywx Tig 10 emavoAnyelg. Ta amotedéopata Ssixvouv OTL n
VLOBETNON TWV TIPOTACEWV 08 YNaNg, av Kat odnyel o€ aoPOAETTEPN KA AlyOTEPO ETILOETIKNA
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OUMTIEPLPOPEG 08NYNONG YLa KAOE ATOpO, O PEATIWVEL TNV amtdSoaon Tov 08IkoV SiKTuvov. Mo
OUYKEKPLUEVD, N oUTO-PeATiwon elval eu@avng amd TG XOMNAOTEPEC MEOTEC TLUEG
TIUKVOTNTOG, Ol OTIOlEC LTTOSNAWVOUV OTL T OXHUATA SIATNPOVV UEYOAVTEPEG ATOOTATELG
aTd T TIPOTIOPEVOUEVA OXNHATA. ETIITAEOV, TIOpATNPOVVTAL XOXUNAOTEPEG TAXVTNTEG UETA
TNV TIPOCAPHOYH TWV ETUTAXVVOEWVY, UE TN SLaPOPA ATO TIG APXLIKEG CUVONKEG VA elval TILO
ONMOVTLKA 0TNV TEPITITWON KOPETHEVNG PONG TOV SIKTVOUL (XU V).

mean speed (km/h)

0 20 40 80 80 100 120 140
mean density (veh/km)

initial conditions after recommendation

H ao@dAela 08nynong os aTOMIKO €TITESO QLEAVETAL OAAX Ol ETUTMTWOELG OTIG OLVONKEG
KUKAo@opiag Sev eival e§ioov BeTIkEG. Ta OXAUATA TIOU KIVOUVTAL PE XAUNAOTEPECG TOXVTNTEG
KOL ME MIKPOTEPN TIUKVOTNTA ETOEWVWVOULV TIG OUVONAKEG KUKAOQPOPLAKNG PONG KaBwg
€EUTINPETOVVTAL AlyOTEPO OXNHOATA OVA HOVASO XPOVOU O CUYKPLON HE TIG OPXLKES
ouvOnkeg. Qotd00, VT N HElwon TNG peoNng pong Umopel va BewpnBel amodektn €av
a&loAoynBei o€ cUVSVAONO HE TIG BETIKEG ETUMTWOELG 0TNV 08K ao@AAela. QoTOaO, pe fAaon
TO EVPAHOTA TNG TIapPoVOaG E€psuvag Sev umopel oe kapia mepimtwon va e€axOel to
OUMTIEPOOUA OTL N PEATIWON TNG TIPOCWTIKAG CUUTIEPLPOPAG 0ONyNonG CUVOEETAL HE
ONMOVTIKN BeATIWON TwV cLVONKWY KUKAOPOPIOG KAL, WG EK TOUTOV, N ETILROAN HETPWVY TIOU
BeATILWVOUV TOV TPOTIO 08NYNONG OE TIPOOWTILKO £TIMESO, OTIWG N ENON TNG AVTOYVWOLOG
OE OX€0N HE TNV AXTOULKN OSNYLKN AOPAAELX KOL TIG OUVETELEG TNG, dev pmtopel va BswpnOel
WG Baolko PETPO yla TN Slaxeiplon TNG KUKAoYOoPLAG.

To BepeAlwdeq SLIAYPAUUO PONG-TIUKVOTNTAG OTEIKOVI(EL ML OpOLOpOp@Pia HETAED TwV
OPXLKWY KOL TWV TEAIKWY CUVONKWY, oV KAl TIHPATNPOVVTAL OPLOUEVEG ULKPEG SLAPOPES
000V aPOPA TNV ATOAUTN TIUA TNG PONG KOPETHOU (ZXApa VI). ZUYKEKPLUEVQ, YLt TNV TIUN
NG KPLoLUNG TTUKVOTNTAG, N oTtola ekTIUNONKe 33,1 veh/km, oL TIHEG TNG KUKAOPOPLAKNG PONG
glvat 360 veh/h kat 358 veh/h yla TIg apxLlkeg oUVONKEG KOl LETA TLG CUOTATELG AVTIOTOLX QL.
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To OgpeAlwdeg SIAYPAPPO TOXVUTNTAG-PONG XPNOLMOTIOLEITAL Yl TOV TIPOCSLOPLOPO TNG
TOXVTNTOG OTNV omola eppavidetal n PEATIOTN pon. MNa TIG apxLlkeg ouvONKeg Tou 0SIKOU
SIKTVOOU, N BEATIOTN pon ep@avideTal 6TV Ta OXAHATA Kivouvtal pe 26,1 km/h, evw n
avTioToln TOXUTNTA META TNV EPOPUOYN TWV CUOTACEWV UELWVETAL KOTA 3,4% pe TNV
aTOAUTN TA TNG VA eKTIpATaL ota 25,2 km/h (Zxrpa VII).
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Ektog amd tnv anddoon tou SIKTVov, évag dANOG Baotkdg deiktng amddoaong eival n odikn
ao@aAsla. H afloAdynon Twv TOPAYOUEVWY OUOTACEWV OCOV OQOPA TNV OOPAAELX
TIPAYUATOTIOINONKE UE TOV UTIOAOYLOPO TOU OPLOHOU TWV EUTIAOKWVY TIOU ONHELWONKOV
METOEV TWV OXNUATWY KOTA TN SIAPKELX TNG TIPOTOpoiwaong. Ztov Mivaka IX tapovotdletat
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0 OPLOUOG TWV EUTTAOKWY TIOU TIOPATNPENONKAV YLa TO CUVOAO TNG KUKAOQPOPIOG TIPLV Kol
META TIG CUOTATELG. YTIAPXOUV TPELG TUTIOL EUTIAOKWY TIOU PTIOPOUV VO EVTOTILOTOUV OTO TIG
TPOXLEG TWV OXNMATWY, oL oTolol gival oL SLloTAUPWOEL, OXNUATWVY (crossings), ot
METOTILOOEV euTAOKEG (rear-ends) kot ot oAayeg Awpidag (lane changes). ESw, Sivetal
WSlaitepn Eppoaon oTiG HETOTIIOOEY EUTIAOKEG, SeSopEvou OTL OL TIPOTEWVOUEVEG CUOTATELG
EMNPEAlOVV HOVO TN OUUTIEPLPOPA TOL KABe odnyol ot oOxéon HE TOV TPOTIOU TIOU
TPOooapUOleL TNV 0dnynor Tou e Bdon to Tpomopsudpevo Oxnua (car-following behavior).

ApXikéG ouVONKeg Metd TG ovotaoelg [% petaBoin]
Oxnuata mov e&unnpeTOnkav 23.990 23.302
(0 pia Wpo poagopoiwang) (27,88% 10 {ntnang) (27,08% tn¢ {nTnang)
ZUVOAIKOG oplOUOG EUTTAOK WV 2,86 EUTTAOKEG/OX N 2,75 epmAokég/Oxnua [-4,2%)]
MeTomio0cv eUTAOKES 2,01 YeTOTLOOEV EUTIAOKEG/OXNU 1,90 petoéTIoBEY gUMAOKES/OXNUA [-5,5%]

Moapoatnpndnke peiwon Katd 4,2% TOU GUVOALKOU aPLOOU TWV EUTIAOKWY OTAV T OXHATA
aKOAOUBOVOAV TLG AVTIOTOLXEG CUOTACEL 08NYNONG, EVW TO AVTIOTOLXO TTOCOOTO MElwang
TWV HETOTIOOEV gUTAOKWY Eival 5,5%. Av Kal TO TIOCOOTA QUTA UTIOPEL va punv gaivovTtal
TIOAU LYNAQ, 0 ATOAUTOG APLOUOG CUYKPOVTEWV TIOU UTIOAOYIOTNKE HETA TNV EQAPHOYN TWV
OUOTAOEWV MELWVETAL ONUAVTIKA KaTa Tiepimou 6.000 ouykpoUoelg y Tn pia wpa
Tpooopoiwaong. Ot HETOTILOOEV EUTIAOKEG OTIOTEAOUV TIEPITIOL TO 33% TOU CUVOAIKOU APLOOV
EUTIAOKWV, YEYOVOG TIOU LTIOSNAWVEL OTL KXBE 08NYOG EUTIAEKETAL O OAX TO OLOPOPETIKA
€ldn eumAokwv KAt TN StapKelx TNG 0dryNnong.

TENOG, TIAPEXOVTOL OPLOHEVA EVOEIKTIKA OTIOTEALOUOTO OXETIKA ME TG €TUOPACELG TOL
TIPOTEWVOUEVOU CUCTHHOATOG OUOTACEWV OTLG EKTIOUTIEG PUTIWV. O OXETIKOG OelkTNg
anddoaong eival To eSO EKTIOUTIWV YLa OAA T SLAPOPETIKA EL6N ATUOCPALPIKWY PUTIWVY,
dnAadn So&eidio Tou avBpaka (CO,), povoéeidlo Tou dvBpaka (CO), cwpatidiakn VAN (PMy)
kot oeidla tou adwtou (NO,). Mapatnpeital oNUAVTIKA Helwaon o OAEG TIG KATNYOPLEC
EKTIOUTIWV O€ OUYKPLON UE TIG APXLKEG OUVONKEG TOL SIKTVOV, OTIWG PaiveTal otov Mivaka X.
Ta amoteAéopata €8l OTL N €EOPAAVVON TOU TIPOPIA ETUTAXUVONG Y& TO OUVOAO TNG
KUKAOQOpPiag 08dNyNoe g EAAPPWG PELWHIEVEG EKTIOUTIEG AVA OXNMUOL ZUYKEKPLUEVQ, N peiwaon
0€ OAEG TIG KATNYOPIEG EKTIOUTIWV EKTLPATAL WG ENG: 2,5% yla To COy, 0,3% ywa to CO, 1,3%
yio toe PMy ko 3,3% yix ta NOy. [Mpémel va onpewwBel 60Tl auty n PeAtiwon Twv
TePLBOANOVTIKWY OUVONKWY €lval TIOAU onpavTikh, &edopévou OTL TO TPOTEWOUEVO
oVOTNUO CUOTACEWV ElxE OETIKN EMISPOON OTLG EKTIOUTIEG TIAPA TO YEYOVOG OTL O OAYOPLOHOG
TIOXPAYWYNG TWV OUOTACEWV OeV i€ ekadeVTEL IPOG AT TNV KateLBuVvOn.

Emissions ApXikég ouvOnKeg Metd Tig ouotdoelg [% petaBoAin]
CO: 0,704 kg/oxnpo 0,686 kg/ oxnua [-2.5%]
co 0,027 kg/ oxnpa 0,026 kg/ oxnua [-0.3%]
PM, 0,0133 g/ oxnua 0,0131 g/ odxnpa [-1.3%]
NOy 0,296 g/ oxXNpHa 0,287 g/ oxnua [-3.3%]
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JUUTTEPACHATA KOL CUVELCPOPA StaTtpng

Ta KUPLO CUPTIEPATUATA TNG SLATPLBAG KTTOPOVV VO CUVOYLOTOUV OTA akOAOLO onpeiat:

M tpoogyylon opadomoinong SVo emmedwV UTTOPEL VA TIPOOPEPEL GNUAVTLIKN YVWwon
OXETIKA PE TA XAPOKTNPLOTIKA TIOU SLETIOLVV TNV ETUOETIKOTNTA KATA TN SLAPKELX TNG
odnynong kot pmopel va a&lomoinBel mepaTEPW Yyl TN SLAKPLON QCQOAWY KOL [N
QO@OAWV TIPOTUTIWY 08 yNnonG.

E&L Srakpitd poiA 0drynong eivat og B€on va TiepLy pAYOoLV TN GUVOALKH) CUHTIEPLPOPX
0dnynong mov VIOBETEL KATIOLOG KATA TN SLapKeLa Tou TagLSLoU Tov.

Yrdpxouv V0 Katnyopieq odnywv CUPPWVX UE TN MEON CUUTIEPLPOPA TOU KAOE
0dnyoU oL TIPOKUTITEL ATIO TOV TPOTIO UE TOV OTIOi0 0dNyoVos Os OAEG TIG SIAOPOUECG
TOV. 2TNV MPWTN Katnyopia ot odnyotl 0dnyovv cuvABwWCg PE TUTIKO TPOTIO, EVW OTN
SeUtepn Katnyopiat oL 0dnyol eKTEAOVUV evav aplOpd pn AoPOAWY EVEPYELWY 081NYNang
1 08NyouV Ue €TUOETIKO TPOTIO OTNV TIAELOVOTNTA TWV TAELSLWVY TOUC,.

H mpoogyylon Actor-critic amd TNV OLKOYEVELX TWV OAYOPIBUWY EVIOXUTIKNAG HABnong
pmopel va a&lomonBei yia Tnv €0pean TNG KAAUTEPNG SLVATNG EVEPYELAG 0O yNaNG YL
K&Og 06NnNyo pe SeSOUEVO TOV TPOTIO IOV 0SHYNTE TNV TIPONYOLVHEVN SLASPON TOV.
‘Otav €vag EAEYKTNG TIAPEXEL CUOTATELG 0ONYNONG OE VAV OTOAO OXNUATWY, TO TIPOPIA
ETUTAXVVONG OAOKANPOU TOU OTOAOU EVOPUOVILETAL O€ ULO TLUN TIOV EIVOL OPKETA KOVTA
OTN OUMTIEPLPOPY, KOL OUYKEKPLUEVO OTNV ETIAOYN ETILTAXUVONG €VOG TUTIKOU -
A0@AAOVG 08NyOoU.

H gpappoyn evOG OUOTHUATOG EEATOMIKEVUEVWY OUOTACEWV OTO 0OLKO SIKTLUO HLaG
TIOANG OEV E£XEL CNUAVTIKEG ETITITWOELG OTLG OLVONKEG KUKAOPOPLaG.

‘Otav k&Be 08nNyOG BEATIWVEL TN SIKN TOU CUUTIEPLPOPA, N OSIKN ACPAAELX OTO SiKTVO
EVIOXVETOL JUYKEKPLUEVD, Ol KPIOWUEG EUTIAOKEG METOED OXNUATWY MELWVOVTOL
ONUOVTIKA HETA TNV EQAPHOYN TOU TIPOTEWVOUEVOU CUOTHHUATOC,.

H otdBun Twv eKMOUMWY ylt OAa Ta SLAPOPETIKA €06N ATHOOPALPIKWY PUTIWV
MELWVETAL, YEYOVOG TIOU SELXVEL OTL N EVAPPOVLION TWV ETILITAXVVOEWY YL TO GUVOAO TNG
KUKAOQOPIOG UTIOPEL VO £XEL TNUAVTLKA BETIKN €TLPPON) OTLG TIEPLBAANOVTIKEG GUVONKEG.

Mpémel va onpelwBel 0TL n emibeivwaon T KukAopopliag propel va BewpnBet amodektn edv

An@Bei uTTOWN N AVTIOTABWLON PECW TWV TIAEOVEKTNUATWY OTtO TNV VIOOETNON OUOAOTEPNG

OUUTIEPLPOPAG 0ONYNONG OTNV 0SIKN ACPAAEL KA TLG EKTIOPTIEG PUTIWV. Al TO OKOTIO VO,

oL uTteLBUVOL XAPOENG TIOALITIKAG KOL OL EPEVVNTEG Oev Bal TIPETEL VO TIAPOAUEAOVV TLG

TIPAYUOTLKEG ETITITWOELG O€ OAEG TIG SLAOTATELG TOU SIKTUOU OTAV OXESIALOUVV OTPATNYLKEG

Saxeiplong Tng KukAoopiag Kat pappolovv TG Kol OKANPEG TIOALTIKEG (soft and hard

policy measures).

H mapovoa SI6aKTOPLKN SLATPLB CLVELCPEPEL ONPAVTIKA OE TIEVTE TOMELG:

1.

Kavel xprion €vog KaLVOTOMOU OUVOAOU SeSOPEVWVY TIPAYUATIKNG odnynong. ‘Evag
ONUOVTIKA HEYGAOG OYKOG SESOMEVWV HE VYNAR XPOVIKA QVAAUCH OO TIPOYUOTIKN
odnynon Ntav SLBECLUOC, EUTTAOUTIOUEVOG HE TIOLKIAOUG TIOPAYOVTEG TIOU TIEPLYPAPOUV
TN CUMTIEPLPOPA 08NYNONG, TO TEPIBAAAOV KOl GAAX EEWTEPIKA XOPAKTNPLOTIKA YLOl
K&Oe dladpoun.

Mpoteivel éva peBodoAoyikd TAaiolo yla tnv e§aywyr Ttpo@iA odriynong amevbeiog amnod
Ta SedopEva, Tar oTtolal TLEPLYPAPOLY OAO TO PATUO TNG CUUTIEPLPOPAG 0drynong. Na
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TO OKOTIO aUTO, akoAouBeital pla mpoogyylon pe Paon ta dedopéva (data driven
approach) ywa tnv opadotoinon Twv KPIowy Tpo@iA odrynong mou eppaviovtal
KOTd Tn Sldpkelx evog Tagdlov, aflomolwvtag tnv opadotmoinon k-means wg to
KATOAANAOTEPO EpyaAEio.

3. Avamtiooel evav 0AYOPLOUO EVIOXVUTIKAG HABNONG ylax TNV €miduon evOg TIPAYUATIKOU
TpoPARHaTOG auToV Tng umofondnong tng odnynong. Evag oAyoplBupog Babiag
Evioxutikng Ma&Bnong emtidéxOnke wg 1o KATOAANAOTEPO £PYOAAELD YLt TNV EKPAONGN TNG
BEATLOTNG TIOALTIKAG KOL TNV TPOTOON TNG KATAANANG evépyelag Ttou odnyel otnv
KOAUTEPN SuvaTr CUUTIEPLPOPA 08HYNONG YL KAOE PELOVWHEVO 08NYO.

4. TMpoteivetatr o peBodoroyian n omola eival tkavy vor avayvwpllel TG OTOUIKEG
TIPOTIUACELS 08yNONG Kol Vo TToPAyel eEATOMIKEVIEVEG EVEPYELEG 0ONyNoNG og KABOE
08NYO0. TUYKEKPLUEVD, LAOTIOLEITaL €va TIEPLEKTIKO peBoSoAoyIkO TAaiolo To oTmoio
EVOWMOTWVEL gpyoAeiar kot peBOSoug Tou mpwta avayvwpl{ovv Tn CUHPTEPLPOPA
odnynong k&Bs xpNoTn, oTn ouvEXElA avTlioToli(ouv KABe xpnoTn oTnNV KATGAANAN
€kO00N TOu HoVTEAOL RL pe BAON TN OUVOALKN CUUTIEPLPOPA TOU KL TEAOG TIOPAYOLV
€EATOMIKEVUEVEG EVEPYELEG 0ONYyNONG TIoU METPLA(OUV TNV €MIOETIKOTNTA KAl TNV
ETKIVOUVOTNTA TNG 08NYNONG.

5. A&loAOyEl TIG ETUMITWOELG HEYAANG KAIMOKOG OTIO TNV EPAPHUOYN EVOG EEATOULKEVIEVOU
OUOTHMOTOG CUOTACEWY O8NYNONG OE TPELG TOMELG EVOLAPEPOVTOG TOU SLKTUOU UE TN
XPNon ouykekpevwy delkTtwv amodoong (KPIs), kat ouykekpLuéva otV KukAogoplia,
TNV OOQOAELXt KOL TIG EKTIOMTIEG PUTIWV. H afloAdynon Twv EMIMTWOEWY TOU
TIPOTEWVOUEVOU OUOTAHOTOG OUOTACEWV TIPOAYUATOTIOLETAL HE TN XPNAON €vOq
PEOALOTIKOV ogvapiov Tipogopoiwong Tov a@opd To 0dko Siktuo TnG ABAVOC Kl UE
TNV EQAPUOYN KOG HEBOSOAOYIOG «TIPLV KO PETO» YL TN OUYKPLON TWV TIHWV Twv KPIs
TIPLV KOL PETA TNV EQAPOYN TWV CUOTACEWV 08rynongt.

Meploplopoi épeuvag, EMMTWOELG KAl HEAAOVTIKN £épEUva

‘Omnwg k&Be &AAN Ttpoagyylon Tou Baciletal o SESOUEVQ, £TOL KL AUTA N €pELVA OTNPILXONKE
0€ OPLOUEVOUG TIEPLOPLOUOVG OCOV aPopd TN SnUoupyiat KL TNV TIPOCAPHOYH TOU TIPOG
gpeuva IPOPARUATOG. MNPWTOV, OPLOHEVOL TIEPLOPLOUOL TIPOEKLYAV OO TNV AVAYKN VA
TAPLAEOVV TA ATIOTEAEOUOTA TOU HOVTEAOU RL pE TOUG TTEPLOPLOUOVG TNG TIPOCOWOIWONG.
Mo ouykekpldéva, pia amd TG VO CLVIOTWOEG TNG OUVIOTWHEVNG SpAong N HEan
ETITAYVVON K&Be 0dnyov, Sev pmopovoe va eloaxOsl 0TO POVTEAO HIKPO-TIPOCOUOIWaNG,
MLOG KOL oUTO AQUPAVEL WG TIAPAUETPO HOVO TNV LKAVOTNTA ETUTAXUVONG TWV OXNHATWY,
KOl ETIOMEVWG PMOVO N PEYLOTN €TLTAXLVON LloBeTElTaL EVTOG TNG TIpogopoiwaong. MapodAa
oUTA, AOYWw TNG GUONG TOL PALVOUEVOL TNG 0SNYNONG, OAEG OL TIAPAUETPOL TIOV TIEPLYPAPOUVV
TOV TPOTIO HE TOV OTIOL0 £VaG 08NYOG ETIAEYEL VO OONYNTEL KATA TN SLAPKELX LG SIAdPOUAG
glval dppnkta ouvOESEPEVEG HETOEY TOUG KL WG €K TOUTOV, N TIAPAMPEANCN TNG HEONG
ETUTAXVVONG OEV QVOHEVOTOV VO €XEL ONUOVTIKN €MOpOON OTO OMOTEAEOUATA TNG
Tpooopoiwaong. MNépa amd Tov TPOTO e TOV OToio 08NYOG akoAouBel To TTpoTIOPEVOUEVO
OXNH, 0 i5log KaTd TN SLAPKELX TWV TAELOWY TOU AXUBAVEL EVEPYELEG OXETIKA e TNV OAAQyN
Awpldag TNV TopaxwpPNon TIPOTEPALOTNTAG KAl GAAEG ATIOPACELG TIOU QPOPOUV CTNV
oAANAeTtidpaon pe dANoVG XPNOTeG TNG 050V, QOTOCO, OTNV TIAPOVOO EPEVVA N EUPAON
800nKe pNTA OTN CUUTIEPLPOPA TIOU OXETILETAL PE TO TIPOTIOPEVOUEVO OXNMQ, KABwG o
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OTMWTEPOC OTOXOG NTAV N SNULOVPYIX EVOG CUOTANATOC HE ETILKEVTPO TOV XPNOTN, TO OTo{o
e&eTalel HOVO TOV 08NYO Kat Sev amaltel kKapia eEwTePLKN TTANpoPopia amod To 08IKO SIKTLO
TIPOKELMEVOU VO eKTIAOEVTEL KAl va e@appootel. ETOL, Ol TIPOTEWVOWEVEG EVEPYELEG
QVOPEPOVTOAL OTOV TPOTIO LE TOV OTtolo 0 08nydg Kiveitat oto Spdpo, SnAadn atov TpdTo
TIOU €TAEYEL VO TIATNOEL TO TEVTAA €mitdyuvong o omoiog efaptdtal povo omd Tig
TIPOOWTILKEG TIPOTLUATELG KL AVTIAAWPELG TOL 06NYy0L. H ayvonon Twv TANPOPOPLWV OXETIKA
He To TEPIPAANOV pTtopel va BewpnBel WG TTEPLOPLOPOC TOU CUOTANATOG TIOV AVATITUXONKE,
SeSopEVOL OTL N HETATPOTIA TOVU O VO GUOTNHA PE ETIYVWON Tou TiEPLRAAAovVTOG Ba €8ve
GAAEG TIPOOTITIKEG, TOOO OTO (810 TO cVOTNHA, 600 Kal OTIG SUVATOTNTEG XPHONG TOU WG
epyoieio dlaxeiplong Tng kKukAoopiag.

Ml TIPOEKTOON TOU TIOPATIAVW TIEPLOPLOMOV €ival TO yeyovog OTL, €QOCOV TO CUOTNUA
QYVOEL TNV KOTAOTAON TOU TEPPBAANOVTOC, eV UTIOPEL VA AELTOUPYNOEL OE TIPAYUATIKO
XPOvVo. Mg GAAa Aoy, N TtpoTEVOpEVN pEBodoloyia Sev eival og Beon va TapAyEL CUOTATELG
OE TIPAYUATIKO XPOVO, SNAadN KOTA Tn SlapKela VO Ta&LSLoU. AVT' aUTOU, VAT TUGOETOL
EVOL OUOTNUA TIOU O AELTOLPYEL O TIPAYHUOTIKO XPOVO TO OTIOLO TIPOTEIVEL OAAQYEG OTN
OUMTIEPLPOPA 0drynong os e akoAouBia Ta&dlwv ya k&Bs odnyod. H evowpatwon
€EWTEPIKWY TIANPOPOPLWV OTO CUOTNPX Oa EMETPETIE, TOUAXXLOTOV EVVOLOAOYLKE, TNV
TIapOXN CLOTACEWV 08YNONG O€ TIPAYHUATIKO XPOVO.

TeAOg, evag AANOG TIEPLOPLOPOG, O OTIOL0G LoXVEL YLt OAEG TIG Tipooeyyioelg Ttou Baaoilovtal o
dedopéva, eival n yevikeuon Kat n SuVATOTNTA HETAPOPAG TOU HOVTEAOU TIOU QVATITUXONKE
KOL TWV OVTIOTOLX WV ATMOTEAECUATWV. XTIG TIEPLOCOTEPEG TIEPITITWOELG OEV ElValL CAPEG EAV
TO Selypa IOV XPNOLUOTIONONKE yLa TNV EKTIALOEVON TOU POVTEAOU EIVAL AVTITIPOCWTIEVTLKO
TOU OUVOALKOU TIANBUOMOU KOl ETIUTIAEOV €8V T XOPAKTNPLOTIKA TOL €ival TIAPOMOL [E
ekelval VoG SLOPOPETIKOU TANBUOHOV. XTNV TIOPOVOA £PYOCia, ylo TNV QVATTUEN TWwV
HoVTEAWV RL xpnolpoToLeital va gUVOAO SedopEVWY 08ryNong LEYGANG KAILOKOG, TO OTtolo
TEPAAUBAVEL SLASPOPEG TIOV TIPAYHATOTIOLOUVTOL ATIO HEYAAO aplOd 06NnNywV, wotdoo dev
pTTopel va emwBel OTL TA ATOTEAECUATA PTTOPOUV VO YEVIKEUTOUV KOl VO HETAPEPOOVV
XWPLKA o€ GANO 081kO SikTuo.

EKTOC amd Toug TEPLOPLOPOVG TIOU TIEPLYPAPOVTAL TIOPATIAVW, TA OTOTEAETUATO TIOU
e&NxOnoav oto MAaiolo NG Tapovoag SLXTPLBAG KTTOPOVV VA £X0UV CNUAVTLKN ETILPPON OF
SLAPOopPEG TTTUXEG TOOO TNG £psuvag (R), TNG TexvoAoyiag (T) 600 kat TNG XAPa&NG TIOALTIKAG
(P). H peAovtikn €psuva pmopel va w@eAnOel kat va e€eAixBel onpavtika egetadovtag
TIEPAUTEPW TO CUPTIEPATUATA TIOV EEAYOVTAL OE OXEON ME TA akOAoLOa onpeia:

¢ (R) H emBetikOTNTO SV amoTeAEl amapaitnTa piat Un ao@oAn ouvnBslx 0drynong Ka
MTTOPEL VO aVIXVEVOEL, €iTE WG PEUOVWHEVN CUUTIEPLPOPA EITE OE CUVOVAOUO E AANEG
MN QOQOAELG CUUTIEPLPOPEC,

¢ (R) OLoAyOpLOUOL EVIOXUTIKAG HABNONG KTTOPOUV VA EQAPHOCTOVV OE TIPOBAAATA TOU
TIPAYHATIKOU KOOHOU KOL OUYKEKPLUEVA, O aAyoplOpog DDPG pmopel va pdBet mwg va
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AoBAvVEL amOPATELG OTIWG O AVOPWTIOG G TOAUTIAOKO Kol VPYNAWY SLaoTACEWV
epaArovTa.

e (R&T) Taavayvwplopeva Tipo@iA 0drnynong KImopouy Va TIaPEXOLV ONUAVTLKN yvwaon
yla tTnv avamtuén HOoVTEAwv autévoung odnynong mou Ba mpocopoldlel TNV
avBpwTvn odrynon.

‘Ocov a@opd OTNV TEXVOAOYIQ, TO TPOTEWOHPEVO OUOTNUX OUOTACEWV WTIOPEl va
EVOWMOTWOEL 08 R8N AVATITUYHEVA AOYLOMIKE, OTIWG EQAPHOYEG TNAEPATIKNG KOL CUCOTHHATA
ADAS PETOTPETOVTAG T O€ TIO QALK& TIPOG TO XPNOTN KOL VO TIPOCEPEPEL €VAV TILO
€EATOMKEVUEVO TPOTIO LTTOOTAPLENG TNG ANYNG ATTOPATEWY KaTA TNV 0dnynon. EmumAgoy,
oL utteLBuvoL X&pagng TTOALTIKNAG Ba PTtopovaav Vo ETTWEEANBOVV aTtd TO ATOTEAETUATA TNG
TopoVoag SIXTPIPAG YLt TOV ETAVAOXESIAONO TWV METPWVY NATILAG TIOAITIKAG KOL TOV
EMAVATIPOTSLOPLIOPO TOU POAOU TWV 0SNYWV OTLG TPEXOVOEG OTPATNYLIKEG Slaxelplong TG
KukAopopiag, Sdedopevou OTL otnv Tapovoa gpyacia amodeixOnke OTL n PeAtiwon NG
OUMTIEPLPOPAG 0ONYNONG OE OTOULKO ETITIEOO UTIOPEL VO €XEL ONUAVTIKN €Midpacn otnv
0OLKN OPAAELO KOL TLG EKTIOUTIEG PUTIWYV, OAAX OXL OELOCNUEIWTEG ETITITWOELG OTLG CUVONKEG
KUKAOQOpPIOG.

TeAog, pmopel va yivel KaTavonTo OTL T EUPNHATA QUTNG TNG EPYACLAC TIPOCPEPOUV
ONMOVTIKEG KATEVOUVOELG Yl TN MEAAOVTIKN gpguva. MapoAo Tou n mapovoa EPEVVa
OUVELOQEPEL ONUOVTIKA OTNV aVAAUCN TNG OUUTIEPLPOPAG 08HyNonG UTIAPXOUV OKOUN
neplBwplx otn Stepevvnon TNG SUVOULKAG TNG KAl ouvenmwg Oa mpémel va Sie§oyOel
TIEPAUTEPW EPEVVA TIOV Bal TIEPAAUPAVEL EUTTAOUTIOHEVO GUVOAX SeSopevwy 0drynong Ue
TIPOOOETEG CUUTIEPLPOPEG KATA TNV 0dAyNoN (TL.X. EPYATLEG TIOU TIPOKAAOUV OmOOTIOoN TNG
TIPOOOXNG €KTOG QMO TN XPNon Kwntov). EmumAcov, n e&eldikevpevn Stepedivnon g
SUVOMLKNG €EEALENG TNG OULMTIEPLPOPAG 0dNYNoNG Eival €miong TOAD ONUAVTLKA ylX v
60000V AMOVTACEL; OTO EPWTNUA AV KOl TIOGO YPHyopa HETAPAAAOVTAL TA TIPOPIA
odnynong pe TNV MA&Podo TOU XPOVou Yl K&Bs odnyo. M dAAN KateLBuVOn HEANOVTIKNG
EPELVAC QPOPA OTO OLUOTNUO CUCTACEWV, KOl OPOPA TOV TPOTIO KE TOV OTOI0 Ol
TopayOpeVEG ouoTAoel Ba mpemel va petafialovtal atov odnyd woTe va yivovTal
KOTOVONTEG KOl OTN CLVEXELA VO YIVOVTOL OTTOSEKTEG aTtO AU TOV. ETiAéoV, 0 IPOGSLOPLOUOG
TWV OMALTOVUEVWY TIPOSLaypa@WVY TIov Bat eTLTPEWYOLV TN AELTOUPYI TOU GUOTANATOG OF
TPAYHATIKO XpOvo Ba umopovcoe €miong Vo ATMOTEAETEL HEPOG TNG MEAAOVTIKNG EPEVVOG.
Mpog ot TNV KATELBUVON, O CNUAVTIKOTEPOG HEAAOVTIKOG EPEVVNTIKOG 0TOXOG Ba ATav N
TPOTIOTIOINGN TOV TIPOTEWOPEVOU CUCTAUATOG KATA TPOTIO WOTE VO ATIOKTNOEL ETIYVWON
TOUL TEPLPAAOVTOG, SNAASH TO CVOTNUA VO UTTOPEL VO AAANAETILIOPA e TO TIEPIPAAAOV OTO
OTIOl0 O TIPAKTOPOAG AAPPAVEL ATIOPATELG, KAL VO EXEL TIANPN EIKOVA TNG SUVARLKNAG KL TWV
peTaBoAwV TOL. Mg QUTOV TOV TPOTO, TO TPOTEWOPEVO oUoTnUa Ba pmopovoe va
EPAPHUOOTEL OE TIPAYUATIKO XPOVO KOL ETITIAEOV Bal UTTOPOVTE VO AELITOUPYNAOEL WG EPYOAELO
Slaxelplong NG KUKAOPOPIOG TO OTOIO XPNOLUOTIOLEL TN CUUTIEPLPOPA TWV 0SNYWV WG
Baatkny SUVaPN evioxuong Tng amodoTIKOTNTAG TNG KUKAOPOPIOG.
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Extended Summary

The urban transportation landscape is facing many challenges due to the introduction of a
variety of mobility solutions for travelers which together with innovations of Information and
communication Technologies (ICT) subvert traffic management policies. Policy makers have to
reconsider the applied traffic management measures in a way that automation and
cooperation requirements of today's services are taken into account together with the always
increasing needs for green and sustainable mobility solutions. Nevertheless, even in this ever-
changing transportation system, drivers remain the protagonists. Therefore, the understanding
of decision-making while driving, as well as the investigation of driving habits adopted by
drivers remains an active field of research for more than a decade.

Abnormal driving has been linked with increased crash risk and, thus, the improvement of
driving behavior is considered critical for improving road safety. In addition, previous research
has implied that the improvement of individual driving behavior may also result in an
improvement of traffic conditions. Nevertheless, no evidence has been provided to support
this statement, and the consequences of adjusting individual driving behavior on a network-
level still remain unclear.

Within this context, the work contained in this dissertation is motivated by two main driving
forces: i) the need to develop a driving recommendation system that treats each driver as an
individual and proposes actions that meet his/her own driving preferences and, ii) the need to
explore the actual impact of applying a personalized recommendation system on the road
network.

Main objectives and research questions

The main objective of this dissertation is to design a personalized driving recommendation
system which is based on deep reinforcement learning algorithms and aims at enhancing
driving safety through the mitigation of aggressiveness and other unsafe driving habits.
Subsequently, the impact of controlling individual driving behavior is assessed with regards to
network performance and road safety, as well as the levels of harmful emissions by properly
adjusting parameters of traffic models in a city-wide scenario setting using microsimulation.
The above-described overarching goal of this dissertation can be divided in three major
objectives as described below:

1. Exploit smartphone sensed data to understand driving behavior

2. Develop a traffic theory compatible personalized recommendation framework for
improving driving behavior

3. Assess the impact of the recommendation system in traffic, safety and emissions

The concept of driving behavior analysis is not new, and, thus, a thorough review of the
literature was conducted, at first, with the aim to identify research gaps and highlight the
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challenges and caveats that arise when smartphone crowd-sensed data are exploited for this
purpose. The review of the literature resulted in the formation of the following 7 research
questions.

Question 1 (Q1): Which are the main driving profiles that cover the wide range of driving
behavior and how can they be identified by exploiting smartphone data?
Question 2 (Q2): Is it possible to classify the overall driving behavior of drivers into groups that

share common driving characteristics, and, if so, to what extent could it be
classified?
Question 3 (Q3): Could Artificial Intelligence techniques be exploited within the framework of

a driving recommendation system and ensure the requires degree of
personalization of the produced recommended actions?
Question 4 (Q4): Which is the most appropriate Reinforcement Learning algorithm for

supporting human decision making?
Question 5 (Q5): Is there a link between raising self-awareness and improving conditions of

the entire network? To what extent could the improvement of individual
behavior affect traffic conditions?

Question 6 (Q6): What kind of impact does the controlling of individual driving behavior have
on driving and road safety?
Question 7 (Q7): How are emissions affected by the controlling of individual driving behavior?

Is there a significant change on environmental conditions when drivers
improve their behavior?

Methodological approach

The recommendation system proposed within this dissertation is basically a decision support
system for drivers that aims at mitigating aggressiveness and riskiness. Driving is a complex
task since it requires from the driver to take both strategic and dynamic decisions as well as
adapt their behavior to emerging conditions of the network. Contrary to the already developed
ADAS, the system here has the following three state-of-the-art characteristics:

1. It is personalized, which means that it recommends the best driving actions to each
individual taking into account their specific requirements and driving preferences.

2. It is self-aware, which means that the system takes into account previous behavior of
each individual driver in order to propose the most suitable driving recommendations.

3. It is autonomous, meaning that it does not require any external input from the network
or the traffic. Driving recommendations aim to improve individual driving behavior on its core,
namely acceleration and deceleration decisions.
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The development of the recommendation system is based on a Reinforcement Learning
algorithm which is capable of producing the optimal behavior alteration for each driver given
the way they have drove over their last trip.

In order to answer the research questions and achieve the overarching goal of the dissertation,
an inclusive methodological framework is proposed which is based on a mixture of
unsupervised learning and Deep Reinforcement Learning algorithms as depicted in Figure I.

- Driving behavior identification

Driving Clustering on a trip Average driving
data level behavior per user

Y
RL controllers development

>
RL - profile 1 RL - profile 2 | .... | RL - profile n
A 4
Microsimulation
— calibrated after <«
simulation recommendation
Y

Impact assessment

Starting from raw measurements of GPS location, acceleration and speed, as provided by a
telematics application established on smartphone devices, driving features are defined that
describe short-term and long-term driving behavior. Following, these features are utilized in
an unsupervised learning framework to identify driving profiles that can be used to describe
each driver's overall driving behavior (Q1, Q2). Driving behavior is defined at:

e atrip level, which corresponds to the way the driver performed a specific trip, and
e auser level, which corresponds to the overall driving behavior of a specific driver in all
of his trips (driving footprint).
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A two-level k-means clustering algorithm is implemented, in a selection of driving features, in
order to distinguish aggressive from non-aggressive trips within the first level, and then further
distinguish between risky and distracted driving at the second level of clustering. After this
procedure, each trip was assigned to a specific driving profile (Q1), and then, using statistical
measurements, the overall driving behavior of each driver is identified (Q2).

Once driving behavior per trip is identified, and all drivers were separated into groups based
on their overall driving behavior, the driving recommendation framework is designed and the
appropriate algorithms are developed, using state-of-the-art Reinforcement Learning models
(Q3). The aim of the Reinforcement Learning algorithm is to learn the optimal policy and
suggest the appropriate action that leads to the best possible behavior. Specifically, when
dealing with driving behavior recommendations, every action refers to an adjustment of the
vehicle’s kinematic characteristics including the adjustment of the vehicle’s speed and
acceleration, which span within a continuous range of values. To this end, the RL algorithm
developed in this work should retain one extra property, the ability to handle continuous state
and action spaces (Q4). The RL agents follow an actor-critic approach based on the Deep
Deterministic Policy Gradient algorithm and are both implemented as deep artificial neural
networks, the hyperparameters and the structure of which emerge after an exhaustive grid
search. The algorithms are trained using sequences of driving trips of the same driver as input,
while the output of each RL controller is the optimal alteration in the acceleration of each
driver, given the way they drove in their previous trip.

The structure of the system is such that there is a full mapping to microscopic standardization
and traffic flow control logic. In correspondence with widely used car following models, the
proposed algorithm acts as an estimation and prediction function of the acceleration at which
the vehicle should move.

Finally, the impact of improving individual driving behavior is assessed through a comparative
before-after microsimulation analysis, with respect to road safety, traffic and the environment
(Q5, Q6, Q7). Using the road network of Athens, Greece, a microsimulation scenario for the
morning rush hour demand, was set. For the initial conditions of the network the vehicles move
according to the characteristics governing each of the driving behaviors detected in the first
step of the methodological framework, while the traffic composition is based on the actual
distribution of trips over the driving profiles. In this way, driving diversity is ensured between
the vehicles and the traffic conditions in the network are simulated as realistically as possible.

The data

For the purpose of the specific research, data were collected through an innovative
smartphone application developed by Oseven Telematics. The naturalistic driving database
included 153,953 trips made from 696 unique drivers from December 2017 to August 2019.
The trips were performed all around Greece, nevertheless the majority of them were conducted
within the Region of Attica. For each trip, a variety of variables are available which include
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statistical measurements of acceleration and deceleration during a trip, speeding
measurements that describe smoothly and with speed excess driving, as well as mobile usage
indicators that describe how cautious the driver is. Table | presents the driving parameters

used in the specific research.

Variable Description Unit
harsh_acc_per_min Average number of harsh accelerations performed per minute events/min
acc_avg Average acceleration m/s?
acc_std Standard deviation of acceleration m/s?
acc_q90 90% percentile of acceleration m/s?
acc_max Maximum acceleration m/s?
harsh_brk_per_min Average number of harsh decelerations performed per minute events/min
dec_avg Average deceleration m/s?
dec_std Standard deviation of deceleration m/s?
dec_q90 90% percentile of deceleration m/s2
dec_max Maximum deceleration m/s?
speed_max Maximum speed km/h
mbu Percentage of driving with mobile usage %
speeding_percentage Percentage of driving with speed over the speed limit %

All data provided by Oseven are in a fully anonymized format. The main characteristics of the
sample used in the specific research are presented in Table II.

Total Safe Unsafe
Number of trips 153,953 66,566 87,387
Number of drivers 696 197 499
Average number of trips per driver 221
Minimum number of trips per driver 16
Average km travelled per driver 2,510 km

Driving behavior analysis

In order to achieve the first objective of this dissertation, which is to exploit smartphone sensed
data to understand driving behavior, a k-means clustering algorithm is implemented in to
distinct levels.

For the first level of clustering, the number of clusters is set to k=2 and clustering is
implemented on Euclidean distance matrix. Two of the variables that are used for the above
procedure describe the number of harsh alterations of the longitudinal position of the vehicle
(acceleration and deceleration), while the rest of them are essentially indices of the average
acceleration and deceleration of the trip. The results of this first implementation of the k-
means clustering are presented in Table IlI.
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Aggressive trips 0.150 0.2081 1.748 1.525 3.847 -1.968 1.843 -4547 71263
Non-aggressive trips 0.028 0.051 1.137 1.052 2.503 -1.282 1.286 -2.926 82690

Based on the clusters’ centers, the trips can be distinguished between aggressive and non-
aggressive driving, since trips belonging to the first cluster are featured by aggressive driving
characteristics, such as great acceleration and deceleration metrics and significantly higher
rates of harsh events per minute of driving.

The second level of k-means clustering was applied separately to the two groups that emerged
from the first level of clustering using two driving parameters: the percentage of driving with
mobile usage and the percentage of driving with speed over the speed limit. Results of this
second level of clustering are presented in the table below (Table IV).

Percentage of mobile Percentage of driving with .
L Number of trips
usage speed over the speed limit

Aggressive trips

Distracted 0.511 0.062 4505 (2.9%)

Aggressive 0.019 0.032 54394 (35.3%)

Risky 0.023 0.269 12364 (8%)
Non-aggressive trips

Risky 0.021 0.306 12494 (8.1%)

Moderate 0.014 0.029 66566 (43.2%)

Distracted 0.514 0.057 3630(2.4%)

The resulting clusters seem to reveal richer driving profiles: distracted driving is recognized by
higher values of the percentage of mobile usage while driving, while risky driving is identified
through higher values of percentage of driving with speed over the speed limit. The two
remaining clusters which have the lower values in both measures are annotated as "aggressive”
and "moderate” for the aggressive and non-aggressive trips subsets respectively.

In order to separate drivers into groups with the same driving preferences, an average driving
profile of each individual was identified by applying a simple rule. All four driving profiles
indicating an unsafe driving behavior (Risky, Distracted, Aggressive-risky, Aggressive-
distracted) were grouped as the worst class (3), aggressive trip profiles constitute the second
class (2), while trips with typical characteristics belong to the first class (1), as shown in Figure
ll. For each individual driver, an average from all their trips is estimated and drivers are
separated into two main groups based on their average behavior, as follows:
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e Moderate/typical drivers: trip average < 1.5
e Reckless drivers: trip average > 1.5
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For each individual driver, an average of the annotations from all their trips is estimated, where
trip average less than 1.5 implies a moderate/typical driver and trip average greater than 1.5
refers to reckless drivers. Based on some statistical analysis, trip average less than 1.5 indicates
that at least 60% of the trips performed by a driver are characterized by "moderate” driving
behavior. In order for the developed controller to be as adaptive as possible to each
individual's behavior, the proposed framework should be very strict when characterizing a
driver as "typical/moderate” in order to avoid suggesting changes in behavior that the driver
himself is impossible to follow as they will be far from his own average behavior.

RL: concept, principles and model development

In order to develop the Self-Aware Driving Recommendation Assistant (SADRA), a structured
procedure is followed. First, the total trip database is divided into two, based on the average
driving profile of each driver. In particular, the first database includes the trips of all drivers
belonging to the "typical-safe" drivers, while the second includes all the trips of drivers with
unsafe average driving behavior. For the sake of brevity, from this point on, the RL controller
that corresponds to the “typical” drivers is referred to as SADRA — |, while the corresponding
controller for the reckless drivers is referred to as SADRA — Il respectively.

Every RL agent consists of three main components: states (s), actions (a) and rewards (r). In
each timestep the agent observes the current state of the environment and takes the
appropriate action from the set of the possible actions. Then, the agent receives a reward
which measures the success or failure of the agent’s actions for the given state.

In this study, the environment states are defined through a five-dimensional vector that
describes how a driver drove during their trip and includes trip’s average acceleration (dav),
90% percentile of acceleration (as), average deceleration (dav), 90% percentile of deceleration
(doo) and percentage of driving with speed over the speed limit (speeding):

s = {aavgl Qgp, davg: dgo, speeding}
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Our recommendation system is not context-aware which means that its ultimate goal is to
improve individual's personal driving style independently from the road setting they are
driving in (type of road, traffic conditions, etc.). The selection of the appropriate speed is not
independent from the road geometry and road traffic, as well as deceleration decisions are
not always independent from the leading vehicle's behavior and traffic signals. Therefore, the
only parameter that purely describes one's driving style is the acceleration, as it is only
dependent on the driver's perception and preference between smoothly or harshly
accelerating. Indeed, in recent literature, a driver's driving style is usually defined by their
acceleration profile. To this end, actions that the system produces and are proposed to the
driver belong to a continuous action space which is defined by a two-dimensional vector
including a change in average acceleration and in the 90% percentile of acceleration, which
define the usual/preferred acceleration for the entire trip in regular situations and the value
that should not be exceeded, e.g., when performing overtaking maneuvers, except from cases
of emergency:

a= {daavg' dago}

For the sake of simplicity from hereon, the 90% quartile of the acceleration may be equally
referred to as “maximum acceleration”.

A key component of the RL agent is the reward function. The aim of the reward function is
twofold; to evaluate the current state and the transition between states. In other words, the
driving behavior at each trip, as well as the change in driving behavior between successive
trips of the same user are evaluated. For this purpose, a custom driving evaluation function
had to be constructed first. The score of each trip was estimated by the distance of this specific
trip from the center of the moderate profile (the center of the cluster), in order to quantify how
far each individual's behavior is from the typical (moderate) behavior. For the purpose of this
analysis, the Mahalanobis distance is used to estimate the distance between each trip and the
moderate profile.

Trip evaluation is performed on the basis of the following formula:

M(i,moderate profile)

Q75(M)

. —driving profile; *

trip score; = e
where i is an individual trip and M is the Mahalanobis distance. Here, the 3™ quartile of the
Mahalanobis distance is used instead of the maximum value in order for the score function to
be stricter with drivers whose behavior excludes more than 75% of the typical (moderate)
behavior.

The reward function for a driver moving from one trip to the next one was established based
on the following formula:
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trip scorej,q — trip score; )

r = trip score;,q (1 + 100

Once the main components for the development of the RL controllers were estimated, the
data were organized in the following format:

(state, action,reward, next state)

For every unique driver in the dataset, their trips were sorted in an ascending order according
to each trips starting date. The training samples were tuples of sequential trips of a specific
driver along with the corresponding action and reward of the transition from the first trip to
the succeeding one. It should be noted that for every distinct driver in the dataset, their first
trip was used only as “state” while their last trip of was used only as “next state”. Following this
data preparation procedure, 33,440 unique data samples were constructed for training SADRA
I and 119,817 unique data samples were used for the training process of SADRA II.

The RL controllers are developed based on the Deep Deterministic Policy Gradient (DDPG)
algorithm which implements an actor-critic approach to learn a policy and produce the optimal
actions. Thus, for each controller two neural networks are developed; representing the actor
and the critic respectively. The actor (u) and critic (Q) networks for both the safe and unsafe
drivers’ subsets were trained following the procedure of Algorithm below.

DDPG Algorithm implementation

Initialize critic Q(s, a|09) and actor 1(s|@*) networks using rewards as Q-values
Set the above as initial target networks (Q' and u')

Split the sample into M minibatches

for minibatch=1, M do

Sety; =1+ yQ' (Siv1, 1 (5i+116#)160%)
Update critic by minimizing the loss: L = %Zi(yi —Q(s;, ai|9Q))2
Update the actor policy wusing the sampled policy gradient:

1
VBH] =~ NZ[VaQ(Sv ang)|s=st,a=u(st) Veﬂ.u(slgu)ls:st]
t

Update the target networks:
0% «10%+(1—-1)%
OH « 10* + (1 — 1)
end for

An exhaustive grid search was performed in order to conclude to the final architecture of the
two networks. Specifically, all possible combinations of the networks' structures and
parameterization, within a range of reasonable values, have been examined and compared in
order to detect the optimal one. The parameters that were taken into consideration are:
number of hidden layers, number of neurons and activation of each layer, optimization
algorithm and learning rate, batch size and number of training epochs, as shown in Table V.
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Hyperparameters Critic network Actor network
SADRA | - Safe drivers

Number of hidden layers 6 3

Number of neurons per layer (64,32,16,16,32,64,1) (128,64,32,2)

Epochs 200(initial network:110) 200(initial network:110)
Batch size 150(initial network:150) 150(initial network:150)
Activation RelLU RelLU

Optimizer Adam Adam

Learning rate 0.001 0.0001

SADRA Il — Unsafe drivers

Number of hidden layers 6 3

Number of neurons per layer (32,16,8,8,16,32,1) (128,64,32,2)
Epochs 170(initial network:170) 210(initial network:210)
Batch size 250(initial network:250) 250(initial network:100)
Activation RelLU RelLU
Optimizer Adam Adam
Learning rate 0.0001 0.0001

Simulation setting

The quantification of the impact of adopting driving recommendations by all drivers on traffic,
road safety and emissions was performed under a network-level microscopic simulation
scenario. The SUMO simulation software is used and its default car-following model, Krauss
model, which is a microscopic, space-continuous model based on the safe speed; the driver of
the following car adopts a safe speed which allows them to adapt to the deceleration of the
leading vehicle.

The case study for the simulation experiments is the inner-ring network of Athens, Greece. The
network consists of 1,293 nodes/intersections and 2,572 edges. The total length of the network
is 348 kilometers. The calibration of the network led to the definition of 86,054 vehicles,
achieving a total of 1,393,634 counts (97.47% of the total counts extracted from the Aimsun
simulator) and a GEH value below 5 (GEH < 5) for 95.26%.

Two distinct scenarios were designed both corresponding to the demand of the Athens’ Road
network during the morning peak hour (8:00 — 9:00 AM). First, the initial conditions of the
network are simulated in order to estimate the performance of traffic when vehicles move
around, based on the characteristics that govern the six identified driving profiles. In order to
ensure the robustness of the results, simulation was performed in 10 replications with ten
different seed numbers. Stochasticity is an important aspect of reproducing reality in a
simulation scenario, since it adds randomness over the distributions of difference aspects of
the simulation (e.g., route distributions, vehicle type distributions). Subsequently, driving
recommendations were produced offline for every served vehicle based on the way each
vehicle performed their trip. The recommendations were produced from the corresponding RL
controllers using as input the state of the trip (average acceleration, 90% percentile of
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acceleration, average deceleration, 90% percentile of deceleration, speeding percentage) and
as output the optimal alteration of the maximum acceleration. It should be highlighted here
that although the developed RL controllers produce a two-dimensional vector that includes
alterations on both the average and the maximum acceleration, only the maximum
acceleration was exploited during the simulation runs, since the Krauss model takes into
account only the maximum values of acceleration and deceleration.

Finally, a second simulation run was performed, where previously served vehicles follow the
proposed recommendations, namely an alternation of their maximum acceleration, while the
rest of the traffic follows the distribution among the six driving profiles.

The behavior that implies each driving profile was simulated through the adjustment of the
car-following model. The car-following model can be parametrized by a number of
parameters: the maximum acceleration of the vehicle (accel), the maximum deceleration of the
vehicle (decel), the maximum velocity of the vehicle (maxSpeed), the maximal physically
possible deceleration for the vehicle (emergencyDecel) and the vehicles' expected multiplicator
for lane speed limits (speedFactor). At first, the current (initial) state of the road traffic is
simulated in SUMO using the six defined driving profiles, whose parameters were introduced
to the Krauss model of different vehicle types, as shown in Table VI.

] Car-Following Model Parameters
Vehicle types

. ; accel decel emergencyDecel maxSpeed speedFactor

(trip profiles) .

(m/s?) (m/s?) (m/s?) (km/h) (mean, min, max)
Moderate 2.519 -2.942 -5.909 64.51 (0.029, 0, 0.168)
Aggressive 3.817 -4.483 -18.083 66.93 (0.033, 0, 0.151)
Risky 2392 -2.824 -5.328 100.28 (0.306, 0.1627, 0.96)
Distracted 2.601 -2.990 -5.112 67.38 (0.057, 0, 0.631)
Aggressive-risky 3.944 -4.825 -25.884 100.8 (0.269, 0.147, 0.907)
Aggressive-distracted 3.939 -4.553 -10.845 71.99 (0.062, 0, 0.744)

For the initial state of the network, the six distinct vehicle types were created in a route file,
with the corresponding car-following model’s parametrization. The route of each vehicle was
also identified in the route file, as it was estimated from the path assignment of Aimsun. In
one hour of simulation for the morning peak, about 58% of the total demand was inserted in
the network and 28% of the vehicles completed their journey within this time.

Subsequently, for each vehicle that reached their destination the following parameters were
estimated for each trip:

e average acceleration
e 90% percentile of acceleration
e average deceleration
e 90% percentile of deceleration
e speeding percentage
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These driving characteristics were used as input to the RL controllers which recommend the
optimal action for each trip. For the second run of simulation, the exact same vehicles were
used, which follow the exact same routes on the same road network, in order to estimate the
impact of the recommendation. The proposed actions of each vehicle were introduced as a
modification of the car-following model’s parameter in the route file. The adoption of this
approach enabled hands-on implementation of the recommendation process with direct
control over the outcomes.

In this case as well, 10 replications with the same seed values as before, were performed to
ensure the robustness of the results. Findings revealed that in one hour of simulation 57% of
the demand was served on average, while the corresponding percentage of served vehicles
was reduced by 1% compared to the initial conditions.

Impact assessment

Impact assessment of the proposed system is performed using microsimulation and by
following a before-after approach. Specifically, for both simulation cycles the Key Performance
Indicators of traffic, safety and environmental conditions were estimated, and comparatively
assessed so that to quantify the overall impact of adopting personalized driving
recommendations which improve each individual’s driving behavior. The KPIs used in the
analysis for each network’s aspect are presented in Table VII.

Traffic Safety Environment
Cumulative amount of emissions

Served demand Total conflicts (CO,, CO, PMx, NOX)
MFDs Total rear-end conflicts Emissions per vehicle
Travel times Conflicts per vehicle

The estimation of traffic-related KPIs was dependent on the outputs of the simulation, which
included the number of inserted and served vehicles, as well as edge-based information
regarding the three fundamental elements of traffic flow theory (flow, speed and density).
Instead of using aggregated measures of the fundamental variables, the Macroscopic
Fundamental Diagrams (MFDs) were constructed and significant outcomes were drawn
regarding the differences in the performance of the network before and after the application
of the recommendation system. The estimation of the harmful air pollutants is based on the
emissions’ model already integrated into SUMO, the PHEMIight model. PHEMIlight is a
simplified version of PHEM (Passenger car and Heavy-duty Emission Model), a complete
vehicle emissions model developed in Europe since 1999. PHEM is based on extensive
emission measurements on vehicles such as passenger cars, light duty vehicles and urban
buses. The approximation of the conflicts that constitute an indicator for road safety is based
on the SSAM tool, which computes a number of surrogate measures of safety for each conflict
(crossings, rear-ends, lane changes) that is identified in the trajectory data and then computes
summaries (mean, max, etc.) of each surrogate measure.
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Results: Driving recommendations

The two versions of the trained DDPG algorithm were used to produce driving
recommendations with respect to two categories of drivers; typical drivers who exhibit a
moderate average behavior (SADRA 1) and unsafe drivers who interchange their behavior
among various unsafe driving habits (SADRA II). The recommendations are in the form of
driving alterations that refer to the optimal driving actions that the specific driver can adopt
in order to improve their driving based on their current behavior.

A comparison between the outputs of the two controllers revealed that both of them are
trained to generate recommendations that move drivers closer to the average safe behavior
of a typical driver, which has an average acceleration equal to 1.137 m/s®> and a maximum
acceleration equal to 2.503 m/s® Based on the indicative samples of the table below (Table
VIII), the mean recommended average acceleration was estimated 1.145 m/s?, while the mean
value of the proposed maximum accelerations was 2.507 m/s® respectively. It can therefore be
concluded that a universal application of the proposed recommendation system would lead
to the harmonization of the acceleration profiles for the entire fleet of vehicles.
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Figure Ill provides some indicative examples of the recommendations produced by the two
controllers given the same input (first state). Findings revealed that although the
recommendations of the controller concerning unsafe drivers (SADRA 1) lead to significantly
lower average accelerations for the next trip (next state) compared to the previous trip (initial
state), they maintain a significant distance upwards for the respective recommendations
produced from the typical drivers' RL controller (SADRA I). Nevertheless, it should be noticed
that both the controllers lead to a smoother acceleration profile for the entire traffic.

2.5

— first state (acc_avg)
15

new state (acc_avg) -
SADRA 1

new state (acc_avg) -
SADRA |

AVERAGE ACCELERATION OF A TRIP

0.5

Results: Simulation and Impact

The quantification of the impact of applying the proposed recommendation system and in
consequence, of the adoption of an improved driving behavior by all drivers is of great
importance both for researchers as well as practitioners and can lead to significant findings
regarding the usefulness of improving individual driving behavior. The assessment of the
recommendation system is performed by utilizing specific Key Performance Indicators that
correspond to three areas of interest: traffic, safety and emissions. Each of the simulation
rounds was done in 10 replications to enhance the validity and robustness of the results. In
total, the trained SADRA | controller was used to produce recommendations for 43% of the
vehicles, while the rest of the vehicles followed the recommendations produced by SADRA II.

All replications of the same simulation round present mutual results which are slightly reduced
after the application of the recommendation system. On average, 2.9% less vehicles were
served based on the results of the second round of the simulation. However, results of the
statistical hypothesis test t-test indicated that there are no significant differences between the
means of the served vehicles before and after the recommendations in 95% confidence
interval. A greater investigation of the traffic flow properties together with aggregated metrics
of driving behavior was conducted to further quantify the impact on the other dimensions of
the road network as well. The application of the personalized recommendation system had a
substantial impact on the maximum acceleration of the vehicles, as shown in Figure IV. When
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all vehicles followed the suggestions generated by the two RL controllers, the mean value of
the maximum acceleration was somewhat increased from 2.83 m/s®> to 2.96 m/s°, mostly
because the majority of the vehicles who adopted a very small maximum acceleration, which
was far lower from the corresponding acceleration of the “moderate/typical” behavior, they
were suggested to slightly increase their acceleration. However, the condensation of the
interquartile range is evident after the recommendations, which indicates the harmonization
of the acceleration profiles of all vehicles in the simulation. Finally, the maximum value of the
observed maximum accelerations remained at the same level of 3.94 m/s? after the application
of the proposed system.

maximum acceleration (m/s?)
(98]
b

| T g

[ before [ after

The differences observed in the magnitude of the average speed are minimal, since in both
situations the vehicles adopt an average speed of around 25 km/h, while the maximum
average speed that is observed is approximately 55 km/h.

Alterations on the speed of vehicles resulted on changes of the rest traffic flows properties,
namely flow and density. Microscopic fundamental diagrams were calculated to provide a
thorough graphical representation of these variables’ relations for the initial conditions as well
as the conditions emerged after the recommendations. All three fundamental diagrams
(Figures V — VII) demonstrate the relationships between traffic flow properties, namely mean
vehicle flow, mean density and mean speed, as they emerged from the simulation based on
aggregated measurements of all edges for the 10 replications. Results indicate that the
implementation of self-aware driving suggestions although it leads to safer and less aggressive
driving behavior for each individual, it does not improve the performance of the road network.
More specifically, self-improvement is evident from the lower mean density values which
indicates that vehicles keep greater distances from the leading vehicles. Additionally, lower
speeds are also observed after the adaptation of the recommended accelerations with the
difference from the initial conditions being more significant in the case of saturated network
flow (Figure V).
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mean speed (km/h)
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Individual driving safety is augmented, yet the impact on traffic conditions is not similarly
positive. The vehicles that move at lower speeds and with a lower density worsen traffic flow
conditions, since fewer vehicles are served per time unit compared to the initial conditions.
Nonetheless, this decrement of mean flow may be considered acceptable if assessed in
conjunction with the positive effects on driving safety. However, based on the findings of this
research, it can no way be concluded that the improvement of personal driving behavior is
associated with a significant improvement in traffic conditions and therefore, the imposition
of soft policy measures, such raising self-awareness with respect to individual driving safety
and performance, it cannot be considered as a key measure for traffic management.

The fundamental diagram of flow-density seems to depict a uniformity between the initial and
the final conditions, although some minor differences are observed with respect to the
absolute value of capacity flow (Figure VI). Specifically, for the value of critical density, which
was estimated 33.1 veh/km, the corresponding values of traffic flow are 360 veh/h and 358
veh/h for the initial conditions and after the recommendations respectively.
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The flow-speed diagram is used to determine the speed at which the optimum flow occurs.
For the initial conditions of the road network, the optimum flow occurs when vehicles move
with 26.1 km/h, while the corresponding speed after the recommendation is reduced 3.4%
with its absolute value estimated 25.2 km/h (Figure VII).
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Except for the performance of the network, another key performance indicator is safety. The
assessment of the applied recommendations with respect to safety was performed by
calculating the number of conflicts occurred between the vehicles during the simulation. Table
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IX presents the number of conflicts that were observed for the entire traffic before and after
the recommendation. There are three types of conflicts that can be identified from vehicles’
trajectories, which are crossings, rear-ends and lane changes. Here, a special focus on rear-
ends is given since the proposed recommendations only affect the car-following behavior of

each driver.
Initial conditions After recommendation [% difference]
Vehicles served 23,990 23,302
(in one hour of simulation) (27.88% of demand) (27.08% of demand)
Total number of conflicts 2.86 conflicts/vehicle 2.75 conflicts/vehicle [-4.2%]
Rear - ends 2.01 rear-ends/vehicle 1.90 rear-ends/vehicle [-5.5%]

A reduction of 4.2% of the total number of conflicts was observed when vehicles followed the
corresponding driving recommendations, while the corresponding percentage of elimination
for the rear-end conflicts is 5.5%. Although these percentages may not seem very high, the
absolute number of conflicts that was calculated after the recommendation is significantly
reduced by approximately 6,000 conflicts for the one hour of simulation. Rear-ends constitute
about 33% of the total number of conflicts, which indicates that each driver gets involved in
all different kind of conflicts during driving.

Some indicative results on the impact of the proposed recommendation system on emissions
is provided. The corresponding Key Performance Indicator is the level of emissions for all
different kind of air pollutants, namely Carbon Dioxide (CO,), Carbon Monoxide (CO),
Particulate Matter (PM,) and Oxides of Nitrogen (NO,). A significant reduction in all categories
of emissions is observed compared to the initial conditions of the network, as shown in Table
X. Findings revealed that the homogenization of acceleration profile for the entire traffic has
led to a slightly reduced emissions per vehicle. Specifically, the reduction in all categories of
emissions is estimated as follows: 2.5% in CO,, 0.3% in CO, 1.3% in PM, and 3.3% in NO,. It
should be noted that this improvement in the environmental conditions is very important since
the proposed recommendation system had a positive impact on emissions despite the fact
that the controller was not trained towards this direction.

Emissions Initial conditions After recommendation [% difference]
CO: 0.704 kg/vehicle 0.686 kg/vehicle [-2.5%)]
co 0.027 kg/vehicle 0.026 kg/vehicle [-0.3%)]
PM, 0.0133 g/vehicle 0.0131 g/vehicle [-1.3%]
NOy 0.296 g/vehicle 0.287 g/vehicle [-3.3%)]

Conclusions and main contributions

The main findings of the dissertation can be summarized in the following points:
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A two-level clustering approach can provide great insights on the characteristics that
govern aggressiveness during driving and can be further exploited to distinguish safe
from unsafe driving patterns.

Six distinct driving profiles are able to describe the overall driving behavior that
someone performs during their trip.

There are two categories of drivers according to the average behavior of each driver
resulting from how they drove in all their trips. In the first category drivers usually drive
in a typical manner while in the second category drivers perform a number of unsafe
driving actions or drive in an aggressive manner in the majority of their trips.

The Actor-critic approach from the family of reinforcement learning algorithms can be
exploited to find the best possible driving action for each dividual driver given the way
they drove in their previous trip.

When a controller provides driving recommendations to a fleet of vehicles, the
acceleration profile of the entire fleet is harmonized on a value which is close enough
to the acceleration decisions of a typical — safe driver.

The application of a personalized recommendation system to a city’s road network
does not have a significant impact on traffic conditions.

When each driver improves their own behavior, road safety is enhanced on the
network. Specifically, critical conflicts between vehicles are significantly reduced after
the application of the proposed system.

The level of emissions for all different kinds of air pollutants is reduced which indicates
that harmonization of the accelerations for the entire traffic can have an important
positive impact on the environmental conditions.

Concluding, it should be noted that the deterioration of traffic may be considered acceptable

if one takes into account the compensation through the benefits of adopting smoother driving

behavior in road safety and emissions. To this end, policy makers and researchers should not

neglect the real impact on all network’s dimensions when planning traffic management

strategies and applying soft and hard policy measures.

The present doctoral dissertation offers significant innovative contributions in five areas:

1.

It makes use of an innovative naturalistic driving dataset. A great volume of data was
available with high temporal resolution from real driving, enriched with a variety of
factors that describe driving behavior, environment and other external attributes for
each trip.

It proposes a methodological framework to extract driving profiles straight from the
data, which describe the entire range of driving behavior. A data-driven approach is
followed to classify critical driving patterns that appear during a trip by exploiting k-
means clustering as being the most appropriate tool for this purpose.

It develops novel Reinforcement Learning algorithms to solve a real-world problem,
this of assisting driving behavior. A deep Reinforcement Learning algorithm was
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chosen as the most suitable tool to learn the optimal policy and suggest the
appropriate action that leads to the best possible driving behavior for each individual
driver.

4. It proposes a methodology which is capable of recognizing individual driving
preferences and produce personalized driving actions to each driver. Specifically, an
inclusive methodological framework is implemented which incorporates tools and
methods that first recognize driving behavior of every user, then assigns every user to
the corresponding RL controller version based on their overall behavior and finally
produces personalized driving actions that mitigate aggressiveness and riskiness of
driving.

5. It evaluates the large-scale network effects of implementing a personalized driving
recommendation system on three areas of interest using specific KPIs, precisely on
traffic, safety and emissions. Impact assessment of the proposed recommendation
system is performed using a real-world scenario that of the Athens’ Road network
through microsimulation and by applying a before-after methodology to compare the
values of the KPIs before and after the application of the system.

Limitations, impact and future research

As any other data-driven approach, this research as well, relied on some limitations with
regards to problem setup and adaptation. Firstly, some limitations emerged from the need to
match the RL output with the simulation properties. More specifically, one of the two
components of the recommended action, the average acceleration of each driver, could not
be imported into the microsimulation car-following model, which is parametrized by the
acceleration ability of vehicles and therefore only the maximum acceleration is adopted within
the simulation. Nevertheless, due to the nature of the phenomenon of driving, all parameters
describing how a driver chooses to drive over a trip are inextricably linked with each other and
therefore, the neglection of the average acceleration was not expected to have a significant
impact over the results of the simulation. Besides car-following behavior, a driver during their
trips takes actions regarding lane change, priority concession and other decisions concerning
interactions with other road users. However, in this research the focus was explicitly on the
car-following behavior as the ultimate goal was to create a user-centric system that looks only
at the driver and does not require any external information from the road network in order to
be trained and implemented. Thus, the proposed actions refer on the way the driver drives
along the road, namely the way they choose to hit the acceleration pedal, which depends only
on the personal preferences and perceptions of the driver. The lack of information about the
environment can be considered as a limitation of the developed system, since its
transformation into a context-aware system would give other perspectives both to the system
itself and to the possibilities of its use as a traffic management tool.

An extension of the above limitation is the fact that since the system ignores the state of the
environment it cannot operate real-time. In other words, the proposed methodology is not
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able to produce recommendations real-time, namely during a trip. Instead, an offline system
is developed which suggests alterations on driving behavior in a sequence of trips for each
driver. The integration of external information into the system would allow, at least
conceptually, the real-time provision of driving recommendations.

Lastly, another limitation, which applies to all data driven approaches, is the generalization and
transferability of the developed model and the corresponding outcomes. In most cases it is
unclear whether the sample used to train the model is representative of the entire population
and also whether its characteristics are similar to those of a different population. In this work,
a big naturalistic driving dataset is used to develop the RL models which includes trips
performed by a great number of drivers, nevertheless, it cannot be said that the results can be
generalized and spatially transferred to another road network.

Besides the limitations described above, the outputs produced within this dissertation may
have a significant impact on several aspects of both research (R), technology (T) and policy-
making (P). Future research can benefit and significantly evolve by further examining the
conclusions drawn with regards to the following points:

o (R) Aggressiveness does not necessarily constitute an unsafe driving habit and can be
detected either as an individual behavior or in combination with other unsafe
behaviors.

o (R) Reinforcement learning algorithms can be implemented in real-world problems and
specifically, the DDPG algorithm can learn how to make human-like decisions on
complex and high-dimensional environments.

o (R &T) The identified human driving profiles can provide great insights for human-like
autonomous driving.

Technological advancements can be achieved in case the proposed recommendation system
is incorporated in already developed software, such as insurance telematics apps and ADAS.
Such system can be revolutionized, become more human friendly and adopt a more
personalized way of supporting human decision making.

Moreover, policy makers could take advantage of the results of this dissertation to redesign
soft policy measures and redefine the role of drivers in the current traffic management
strategies, since in this work it was shown that the improvement of driving behavior on an
individual level can have significant impact on road safety and emissions, but not a noteworthy
impact on traffic conditions.

Finally, it can be understood that findings of this work can have far reaching implications for
future research. Although this research provides significant contributions on driving behavior
analysis, there is still much room in the exploration of driving behavior dynamics and thus,
further research should be conducted in that direction involving enriched driving datasets and
additional driving behaviors and parameters (e.g., cornering, tasks that cause distraction
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except from mobile usage). Moreover, the dedicated study of the dynamic evolution of driving
behavior is also very important to provide answers to the question of how much and how
rapidly driving profiles are altering over time. Another direction of future research concerns
the recommendation system, which should investigate the way the produced recommendation
should be passed to the driver in order for them to be understood by the user and then to be
accepted by him. Furthermore, the identification of the required specifications that will enable
the real-time operation of the system could also be a part of future research. Towards this
direction, the most significant future research objective would be the modification of the
proposed system in a way that it becomes context-aware, meaning that the system can interact
with environment in which the agent takes decisions and have a full view of its dynamics and
alterations. In this way, the proposed system could be implemented in real-time, and
additionally it could also act as a traffic management tool which uses driving behavior as a key
force of enhancing traffic efficiency.
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1 INTRODUCTION

1.1 Background and motivation

The urban transportation system is changing because of the emerging innovations of
Information and Communication Technologies (ICT), namely automation, connectivity and
cooperation. In the near future, a variety of mobility solutions, spanning from traditional travel
modes (private vehicles, public transport, etc.) to micro-mobility solutions (scooters, e-bikes,
skateboards, etc.), sharing services (e.g., Mobility as a Service) and autonomous vehicles,
should coexist on the road network while ensuring the effective mobility of road users and
efficient use of road infrastructure. Furthermore, advances in information technology have
facilitated the data exchange between road users and operators shaping the "informed-
traveler” paradigm, an individual with multiple requirements regarding safety, comfort and
level of service of the system (Nuzzolo et al, 2014). In this complex environment, the role of
traffic management becomes even more challenging since many transport operators with
contradicting goals are involved and simultaneously there is a tendency towards a more
human-centric approach of managing traffic.

The necessity to meet the personal mobility needs of each individual user within the context
of a multimodal transport environment, has led to a distributed management system of
decentralized transport. The management of such a system should treat each mobility service
as a separate entity whose operation has to be ensured complementary and simultaneously
with the seamless operation of the other units. Figure 1-1 graphically depicts the concept of
decentralized traffic management in the era of connectivity and automation in transport.

Public Transport
management

Private vehicle Taxi
controller controller
Decentralized
Traffic
Management
System
Micromobility AVs and CAVs
management controller

Maa$S
management
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Even in this ever-changing environment of connected, cooperative and automated
transportation solutions, drivers are still the protagonists to fuel a safe driving environment
(Vaiana et al., 2014; Sagberg et al, 2015) and a sustainable transport (Huang et al, 2018).
Beyond that, driving behavior affects traffic flow, fuel consumption, air pollution, public health
as well as personal mental health and psychology. As a result, traffic management resolutions
are mostly guided by understanding and improving driving behavior as well as mitigating
vehicle use and ownership. Towards this direction, a variety of management measures have
been applied over the years which can be separated in two main categories (Figure 1-2): (i)
infrastructure interventions (hard measures) and (ii) modification of human behavior and
actions (soft measures).

N
Traffic
Management
Hard measures Soft measures
S~ \_|_/
N 7N
Information /_\] Behavioral
dlss\e\r_rirfflon Mobility strategies
management tools
S~

Self-awareness and
self-regulation

S

Hard transport management measures, such as congestion charging and other pricing policies
that prevent car use, and efficient road space control, have been traditionally implemented as
countermeasures of congestion and air pollution; yet, their results are not the ones expected
due to public opposition and high financial costs (Garling and Schuitema, 2007; Huang et al,
2020). On the other hand, soft policy measures, also referred to as non-coercive measures,
include psychological and behavioral strategies aiming at influencing the mindset of road
users so that voluntarily change their travel behavior towards more sustainable mobility
choices (Fujii and Taniguchi, 2006; Cairns et al, 2008; Semenescu et al, 2020). Soft policy
measures are expected to reform the urban road landscape since their results have long-term
effects not only on the instantaneous choices of drivers, but on the way they choose to drive
in general (M6ser and Bamberg, 2008; Bamberg et al., 2011).

Nevertheless, humans in transport exhibit a typical selfish behavior, which means that in every
situation they are expected to make those decisions that satisfy their needs, regardless of the
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consequences to the others or the system performance (Fehr and Fischbacher, 2003). In
everyday travel, and especially while driving, man exhibits this selfish behavior, as their ultimate
goal is to move as quickly and as comfortably as possible towards their destination. Many
researchers have tried to change this selfish behavior and motivate the driver to think and
behave as a member of the group, in the context of soft policy measures. However, the goal
of each individual driver remains one "how to move as fast as possible". For this reason, a
crucial question arises as to how the needs of each driver will be met while at the same time the
smooth and seamless operation of the road network will be ensured. Within this context, the
notions of self-awareness and self-regulations have been introduced to the design of
behavioral strategies as a soft policy measure (Mdser and Bamberg, 2008; Bamberg et al.,
2011), in a sense that the driver will become aware of the impact of their driving behavior, and
thus, they will try to improve their driving performance on the road. However, until now, the
concept of self-awareness has not been integrated in any of the already developed decision
support systems for drivers.

Today's already applied soft policy measures include detailed travel information provision,
road awareness campaigns, and marketing techniques focusing on personal travel behavior
(Cairns et al, 2008; Semenescu et al, 2020). In addition, several mature driver assistance
systems like the Adaptive Cruise Control, Lane Keeping Assistance System, Autonomous
Emergency Braking have been successfully developed in order to ensure safety and comfort
while driving (Meiring and Myburgh, 2015). Nevertheless, the main drawback of these systems
is that they lack the personalized character; they are usually designed based on the behavior
of an average driver and, therefore, may be found too conservative for aggressive drivers and
too aggressive for the more passive drivers (Butakov and loannou, 2015; Tselentis et al,, 2016).
Additionally, this lack of personalization restrains the potential of self-awareness in the
sensitization of the individual regarding the impact that their decisions and behavior may have
in others. As other human behaviors, driving behavior as well, is related with a variety of other
issues such as congestion, road safety, interactions with other road users, air pollution and
many more, which makes it a key component in the design and operation of the urban
environment.

As a result, optimizing driving performance by addressing personalized aspects of driving
behavior is a focal research area, which may have far reaching implications to traffic safety and
operations, environment, as well as significant benefits for users (Vlachogiannis et al., 2020).
The first step towards this direction is the identification of driving behavior and the analysis of
its dynamics. Driving behavior analysis is not a new concept. Over the years, a variety of
methodological approaches have been applied in order to investigate the way drivers choose
to drive (Chan et al., 2019; Abou Elassad et al., 2020; Mantouka et al., 2020) by exploiting data
from different sources, such as travel surveys, driving simulators, questionnaire surveys, GPS
devices and only recently smartphone crowd-sensed data (Ziakopoulos et al., 2020). Recent
advances in cloud computing, Artificial Intelligence (Al) and Internet of Things (loT) together
with the high penetration rate of smartphones provide unprecedented capability to collect,
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exchange and analyze large volumes of heterogeneous data that enable the monitoring and
understanding of mobility behavior, with a special focus on driving behavior for each individual
(Tselentis, 2018). Consequently, this rapid technological process together with the storing and
processing capabilities of today’s smartphones, have paved the way for new research
opportunities that include driving behavior monitoring, analysis and assistance. Several works
have confirmed the efficiency and usefulness of crowd-sensed driving data collection schemes
and their potential on driving behavior research (Aradjo et al., 2012; Kanarachos et al.,, 2018).

Once driving behavior is being analyzed, and unsafe driving patterns are detected, the next
step is the development of driving assistance systems that aim at improving drivers’
performance, raising awareness on road safety and air pollution and improving driving
experience. In addition to raising the awareness of drivers by providing feedback on the way
they drive and the impact of their driving behavior, large scale studies with smartphones have
shown that, when a driver is monitored, their behavior is relatively safer (Johnson and Trived,i,
2011). Nonetheless, as long as the main issue of the lack of personalization of the already
developed driving assistance and recommendation systems still remains, it impairs the
potential that behavioral strategies may have as a soft policy measure.

Within this context, the work contained in this dissertation is motivated by two main driving
forces: i) the need to develop a driving recommendation system that treats each driver as an
individual and proposes actions that meet his/her own driving preferences and, ii) the need to
explore the actual impact of applying a personalized recommendation system on the road
network. Following these research directions and taking advantage of the immense
technological advancements, in this doctoral dissertation an inclusive driving recommendation
framework is proposed which is able to recognize individual driving behavior and propose
personalized optimal driving alterations towards safer driving.

1.2 Objectives

The main objective of this dissertation is to design a personalized driving recommendation
system which is based on deep reinforcement learning algorithms and aims at enhancing
driving safety through the mitigation of aggressiveness and other unsafe driving habits.
Subsequently, the impact of controlling individual driving behavior is assessed with regards to
network performance and road safety, as well as the levels of harmful emissions by properly
adjusting parameters of traffic models in a city-wide scenario setting using microsimulation.

The above-described overarching goal of this dissertation can be divided in three major
objectives as described below.

1. Exploit smartphone sensed data to understand driving behavior

Data gathered from smartphone sensors are exploited through data mining techniques, to
identify some of the basic maneuvers and driving events. More specifically, machine learning
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approaches are used to detect aggressive behaviors such as harsh braking, accelerating and
cornering events and identify driver’s distraction by recognizing mobile usage while driving.
In this dissertation, a large-scale naturalistic driving dataset which includes such driving events
and other specific features are exploited in order to capture all different types of driving
behavior (aggressive driving, distraction from the driving task, risk taking while driving, safe
driving). Each specific type of driving behavior described by a set of variables is referred to as
driving profile.

The driving profiles defined within this dissertation are universal, in terms that they cover the
entire range of driving behavior from safe to aggressiveness and distraction during driving,
and in addition they can be easily used to identify driving behavior of any single driver.

The first objective of this work is to develop a methodological framework for the identification
of a specific number of driving profiles, that govern driving behavior on different levels (trip
level, overall behavior) which can be easily transferable and interpretable.

2. Develop a traffic theory compatible personalized recommendation framework for improving
driving behavior

A recommendation system is a system able to provide the most appropriate suggestions to the
user for a specific task. Specifically, a recommendation system sequentially makes decisions
on what to perform at the next step, based on the current available information (Tang et al,
2019). Here, the aim is to develop a recommendation system for drivers which is able to
suggest driving actions that improve individual driving behavior in terms of driving safety and
aggressiveness. The actions proposed by the system are not decided arbitrarily, but result from
the already observed driving behavior. In addition, recommendations are personalized;
according to the United States National Education Technology Plan, the process of providing
“instructions in which the pace of learning and the instructional approach are optimized for the
needs of each learner” is referred to as personalized learning and has far reaching implications
in recommender systems (United States Department of Education, 2017).

Therefore, the second objective is to design a recommendation framework using a deep
reinforcement learning algorithm which is trained with naturalistic driving data so that to
produce realistic driving actions that lead to improved driving behavior. The design of the RL
algorithm enables the identification of the best driving policy for each individual which should
be compatible with the traffic theory models that describe human driving.

3. Assess the impact of the recommendation system in traffic, safety and emissions

Several researchers have implied that the improvement of driving behavior would have
significant positive impact on the performance of the road network. Nevertheless, no evidence
has been provided towards this direction. To this end, the third objective of this dissertation is
to investigate and quantify the actual impact of improving each driver's behavior, on three
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aspects: traffic, safety and emissions. For this purpose, the developed personalized
recommendation system will be exploited in a simulation setting and several Key Performance
Indicators (KPIs) will be estimated.

1.3 Innovation aspects

The concept of driving assistance systems is not new. Technological advances in this field are
widely used in modern passenger cars, offering services such as adaptive cruise control, lane
keeping assistance, driver drowsiness detection and many more. In this dissertation we are not
concerned with developing systems that neglect the driver and apply predefined actions for
safe driving. On the contrary, here, an innovative user-centric recommendation system is
proposed which aims at improving driving behavior by proposing naturalistic driving actions
that are already observed during real driving. To the best of author’s knowledge, this is the
first time that a comprehensive driving recommendation framework is developed, which
employs a structured methodology from driving behavior identification, to recommendation
provision and impact evaluation. This dissertation offers significant innovative contributions
on five basic pillars (Figure 1-3):

1. Data: Makes use of an innovative naturalistic driving dataset

2. Driving profiling: Proposes and implements a data-driven driving profiles
identification framework based on advanced machine learning

3. Methods: Implements state-of-the-art RL algorithms to solve a real-world problem,
which is described be complex and continuous state and action spaces. Makes use of
the DDPG algorithm for the first time in the context of driving recommendation
provision system.

4. Recommendation: The system produces rational and personalized driving
recommendations, that correspond to actual, already observed driving behavior, and,
therefore, they can be easily adopted. Recommendation provision promotes self-
awareness, contrary to ADAS which do not provide the opportunity to drivers to
become aware of their erroneous driving habits.

5. Impact assessment: Evaluates the large-scale effects of implementing a personalized
driving recommendation system on three areas of interest using specific KPIs.
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Figure 1-3. Innovation aspects of the doctoral dissertation
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The data used here were collected using an innovative approach that is based on a smartphone
application and thus, the dataset itself constitutes a novelty in the field of driving analytics.
Contrary to previous research, real human driving patterns are identified by exploiting
naturalistic driving data gathered from the crowd, and not through data emerging from driving
simulators or controlled on-road experiments. Furthermore, the dataset includes driving
behavior indices, such as harsh accelerations, decelerations and cornering events, metrics of
mobile usage while driving and a plethora of statistical measurements of speed and
acceleration in different road environments which contribute to the identification of a variety
of driving behaviors.

On top of these, this doctoral dissertation contributes towards the understanding of the
characteristics that govern the entire range of unsafe and abnormal driving behaviors, by
exploiting real driving data collected from the crowd. Unlike the methodologies already
applied in the literature, we do not use any predefined thresholds to separate the various
driving behaviors, but instead, a data driven unsupervised learning approach is followed to
define different driving profiles. In terms of the methods used, although clustering is a
widespread methodology for unsupervised learning, its application in driving analysis is very
limited. In addition, the two-level clustering approach followed to identify specific driving
profiles can be easily interpreted and transferred, which adds an extra added value to the
proposed methodology.

Recommendation provision is a wide field of research in a great number of thematic areas,
from news recommendations, to online shopping, travelling and music. In the field of driving
assistance systems only a few attempts have been made to develop a recommendation system
for drivers, which are mostly based on universal driving actions applied to all users, as they
emerged from rule-based and predefined threshold approaches with respect to safety and
eco-driving. An innovation aspect of this dissertation is that it proposes and develops a
personalized recommendation system, meaning that each individual driver’s characteristics are
identified in first place, and therefore, the suggested driving actions properly match the driving
style of each driver. The dimension of personalization of the proposed system is very important
for two main reasons; first, it increases the probabilities of adopting the recommendations by
the drivers and secondly, it promotes the notion of self-awareness in the sense that the user
becomes aware of their own unsafe driving habits and their impact, and thus, all adopted
changes in their driving behavior are expected to have long-term positive effects. Additionally,
a novelty of this dissertation is that it trains the system which produces the recommendation
by exploiting naturalistic driving data. In this way it is expected to achieve higher rates of
acceptance and adoption of proper (safer) driving behavior since the proposed actions
correspond to actual driving habits.

Furthermore, another innovation aspect of this thesis is the application of state-of-the-art
Reinforcement learning algorithms for assisting real driving behavior. Despite the fact that the
unique ability of a reinforcement learning agent in learning from receiving a reward over
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different states of the environment without any training data makes it a perfect match for
numerous recommendation problems (Afsar et al, 2021), only a few applications have been
made and even less in the transportation field. The development of a recommendation system
for real driving by exploiting RL algorithms constitutes a novel methodological approach since
driving is a complex, continuous task which can be described by a variety of parameters and
the recommended driving actions belong to a large continuous space as well. In addition, the
implementation of the DDPG algorithm is also considered as a novelty of this work, due to the
fact that very limited applications of the specific algorithm exist in the literature and none of
them in the field of conventional cars’ driving assistance systems (Haydari and Yilmaz, 2020).
The original DDPG algorithm (Lillicrap et al, 2016) was adjusted accordingly, to learn the
optimal driving policies for drivers with contrasting driving habits including the way they
choose to accelerate and decelerate, the distance they keep from the leading vehicle and
whether they drive above the speed limit (speeding).

One final niche innovation of the present research is the quantification of the impact that the
application of a personalized driving recommendation system would have. To the best of the
author’s knowledge, this is the first time that the actual impact of such a system is quantified
through a number of KPIs which can accurately describe the differences emerged after the
recommendations in three basic pillars of urban networks: traffic, safety and the environment.
On the top of this, the impact assessment methodology is implemented in a large-scale
microsimulation scenario which corresponds to the Athens’ Road network.

1.4 Structure of the dissertation

The remainder of the dissertation is organized in 6 chapters which are briefly described in the
following.

Chapter 2 conducts an in-depth review of the literature in driving behavior analysis leaning on
three basic pillars: the concept, data and the methods that were used in each study.
Furthermore, it critically discusses the challenges that arise during data collection and
storage, data preparation and data mining, modelling of driving behavior and decision-making
and recommendation systems for drivers. Finally, it results in the identification of the existing
knowledge gap in literature with respect to methodological and conceptual limitations of
existing studies in driving behavior identification and driving assistance systems, and setting
the key research questions for the present doctoral research.

Chapter 3 presents the methodology implemented to achieve the objectives of this
dissertation and is divided into three main sections: (i) the thorough description of the
methodological steps followed, (ii) the presentation of the theoretical aspects of all the
machine learning methods used, as well as the basics of traffic flow theory and macroscopic
fundamental diagrams, and (iii) the presentation of the naturalistic driving dataset exploited
in this research.
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Chapter 4 discusses in detail the implementation of the methods. Specifically, the
methodology for recognizing driving behavior is applied, and the different driving profiles that
can describe each driving behavior at trip-level are derived. As a next step, the average driving
behavior of each driver is estimated and drivers are grouped into groups with similar
characteristics. In the second section of this chapter, the conceptual design of the
recommendation system is described and details regarding how the problem is structured
based on the idea of Reinforcement Learning are provided. Finally, in the last section of this
chapter the simulation scenario setting is thoroughly presented together with the key
performance indicators that will be used to assess the impact of the proposed system.

Chapter 5 presents the results obtained by all the methods applied. First, driving
recommendations emerged from the developed RL controllers are shown and critically
discussed to provide insights regarding the differences between the outputs of these
controllers. Then, findings obtained from the microsimulation are presented, with a special
focus on the estimated impact of applying the driving recommendations in terms of traffic
conditions, safety and harmful air pollutants.

Chapter 6 provides the conclusion of this thesis, an overview on the most critical findings and
summarizes the major contributions of this dissertation. In this chapter, the limitations of this
research are also discussed together with the impact of this work Finally, this chapter suggests
proposals for advancing the present work further, along with other interesting lines for future
research.
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2 LITERATURE REVIEW

In this section, a review of state-of-the-art approaches that are proposed in the literature is
provided, with respect to the three basic pillars of understanding driving behavior:

1. The data that are exploited, and data collection limitations, with a special focus on
smartphone crowd-sensing.

2. The methods that are used, spanning from traditional statistical analysis to machine
learning and more recently, reinforcement learning approaches.

3. The application of the results of driving behavior analysis to a variety of driving
assistance systems.

The majority of works pertinent to the topic of this doctoral dissertation are reviewed, and
their outcomes are critically discussed in order to outline current practices of driving behavior
analysis and describe gap of knowledge that prescribe future research directions.

2.1 The importance of understanding driving behavior

Many definitions have been given for the notion of “driving behavior” or “driving style” which
can be found in (Sagberg et al,, 2015). Here we embrace the definition given in (Lajunen and
Ozkan, 2011): “Driving style concerns individual driving habits- that is, the way a driver chooses
to drive". Several driving profiles have been identified in the literature with regards to traffic
and road safety since drivers differ in the way they choose to accelerate and decelerate, the
distance they keep from the leading vehicle and whether they drive above the speed limit
(speeding) (Miyajima et al., 2007; Mantouka et al.,, 2019). Among the most widespread driving
profiles are:

e Aggressive driving: tailgating, harsh accelerating, braking and cornering, improper
lane changing and many more (Tasca, 2000; J. H. Hong et al, 2014; Smith et al,
2016; Kockelman and Ma, 2018).

e Distracted driving: texting, eating, drinking or talking on the phone, where driver
loses the focus on the driving task (Chen et al,, 2015).

e  Risk taking: driving with excessive speed, violating traffic rules or driving too close
from the leading car (Simons-Morton et al,, 2011).

e  Eco-driving: driving in a fuel-efficient way, thus, minimizing pollutants (Andrieu and
Pierre, 2012; Mensing et al,, 2014; Fafoutellis et al.,, 2021)

e Safe driving: normal low risk driving behavior (Fazeen et al,, 2012).

The identification of these driving profiles relies on the detection of abnormal driving patterns,
namely driving maneuvers that stray from the typical behavior and constitute a leading cause
of serious traffic accidents. Based on the results of previous research, there are six types of
abnormal driving behaviors as shown in Figure 2-1 (Yu et al.,, 2017):
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e  Weaving: driving alternately toward one side of the lane and then the other, i.e.,
serpentine driving or driving in S- shape

e Swerving: making an abrupt redirection when driving along a generally straight
course.

e Sideslipping: driving in a generally straight line, but deviating from the normal
driving direction.

e  Fast U-turn: a fast turning in U-shape, i.e., turning round (180 degrees) quickly and
then driving along the opposite direction.

e Sudden braking: when the driver slams on the brake and the vehicle’s speed falls
down sharply in a very short period of time.

e Turning with a wide radius: turning cross an intersection at such a high speed that
the car would drive along a curve with a big radius, and the vehicle sometimes
appears to drift outside of the lane.

Pl g

(a) Weaving (b) Swerving (c) Sideslipping (d) Fast U-turn  (e) Sudden braking (f) Turning with a wide radius

Another serious driving maneuver, which in most cases is neglected from relative research due
to the inability of researchers to explicitly define it, is harsh acceleration. Harsh acceleration,
as well as other harsh events such as braking and cornering, are significant indicators for
driving risk assessment, and risk level correlation and classification (Bonsall et al., 2005; Gunduz
et al, 2018). Fazeen et al. (2012) mentioned that the way a vehicle is maneuvered on the road
can influence how other drivers react as they usually tend to follow previous movements to
potentially avoid an unforeseen road hazard.

Due to the stochastic nature of driving, understanding and modeling driving behavior
constitute a challenging topic for today’s research. It is widely accepted that driving behavior
vary between drivers according to a variety of characteristics that include sociodemographic
(e.g., age, gender, ethnicity), driving experiences, emotions, and so on (Oltedal and Rundmo,
2006; Lin et al, 2014). But besides that, even for the same driver, driving behavior may alter
from trip to trip, or from situation to situation (Angkititrakul et al, 2009; Lin et al, 2014).
Therefore, due to the complexity of driving behavior, the existence of the appropriate data
that can capture all driving behavior dynamics under different conditions is vital. Towards this
direction, the use of crowd-sourcing gained a lot of attention as the main source of data since
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driving information emerge directly from the crowd and can reveal the real dynamics of the
phenomenon of driving.

The understanding of driving behavior is very important especially when it comes to the
identification of the conditions under which a driver exhibits an unsafe driving behavior.
Human factors, such as driving over the speed limit, distracted driving, driving under the
influence of alcohol (Petridou and Moustaki, 2000; Sagberg et al., 2015), are considered to be
one of the main causes of road traffic accidents and therefore it is worthy to quantify the
influence of driving behavior on crash risk (Tselentis, 2018). Despite mitigating safety, the
detection and elimination of abnormal driving may also have implications on fuel savings, and
consequently, result in lower accidents, less emissions and reduced operational costs for the
driver (Van Mierlo et al, 2004; Ferreira Junior et al, 2017). Once driving behavior can be
detected and especially, the identification of unsafe and abnormal driving characteristics,
drivers can receive feedback on the way they drive and even become aware of the impact on
their driving habits. Therefore, advances in driving behavior analysis led to the flourishing of a
large number of applications that aim at improving driving behavior and help drivers adopt
more efficient and safer driving habits.

Finally, unsafe driving behavior detection systems are exploited in Insurance telematics market
to sell usage-based insurance schemes (Tselentis et al., 2017; Wahlstrom et al,, 2017; Geyer et
al,, 2019). The evolution of conventional to usage-based insurance (UBI) can have far reaching
implications on driving performance and road safety. Usage-based insurance pricing schemes
refer to the formulation of pricing policies in accordance with the way the drivers drive,
contrary to traditional insurance schemes where users are charged a lump sum according to
the current pricing policy. This has been considered for long unfair and inefficient and
therefore Usage-based insurance flourished alongside driving behavior analytics and driving
monitoring advances. There are two types of UBI schemes (Liu et al, 2017; Tselentis et al.,
2017):

e Pay-As-You-Drive Systems (PAYD): charging premiums are based on total exposure
characteristics such as mileage and road network used.

e Pay-How-You-Drive (PHYD): charging premiums are based on individual driving
behavior measuring parameters such as speed, aggressiveness, inattention etc.

The understanding of driving behavior requires the availability of naturalistic driving data. In
addition, the application of UBI schemes requires the continuous monitoring of users as well
as the collection of data describing how they drive. The main data source of naturalistic driving
data is mobile crowdsensing, namely the collection of raw data from the sensors embedded
in smartphones straight from the crowd. The next section provides a thorough review on the
process of collecting driving data through crowdsensing.
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2.2 Driving data collection through crowd-sourcing

2.2.1  The concept of crowd-sourcing

Collecting mobility data is essential to researchers and transportation planners in order to
detect urban mobility and develop effective strategies to move towards more sustainable
transportation modes like walking, biking and public transit (Jariyasunant et al, 2012).
Furthermore, the collection of naturalistic driving data is also very important to disentangle
the complicated process of decision-making while driving, which incorporates a variety of
parameters such as vehicle dynamics, personal preferences, road traffic and geometry, etc.
Until today, driving data were collected using GPS devices and on-board diagnostics systems
which offer the opportunity to gather naturalistic driving data instead of using outdated travel
data collection methods like travel diaries, questionnaires etc. (Bricka et al., 2009). A thorough
review of recording methods and tools for driving behavior is given in (Ziakopoulos et al.,
2020). The rapid advances in mobile and communication technologies, more of the
disadvantages of the previous data collection methods were eliminated. Nowadays,
smartphones are carried by commuters all day long and in conjunction with the variety of
sensors they are equipped with, they constitute a significant source of driving and mobility
data. Smartphone sensors can be categorized into three groups according to their application
in travel data collection as follows (Abdulazim et al, 2013; Castignani et al., 2015):

e Motion sensors:
o Accelerometer, measures the device linear acceleration
o Gyroscope, measures the angular rate of change (i.e., rotation velocity)
o Magnetometer (i.e, compass), measures magnetic field strength
e Location sensors:
o Global Positioning System (GPS) which is commonly used in outdoor settings
o Network-based location services which use cellular network and Wi-Fi to
determine the location (i.e., via triangulation)
e Ambient sensors:
o Light sensor
o Microphone
o Proximity sensor, which detects nearby objects and can indicate when the
phone is near the user's ear (e.g., during a call)

Due to these components, smartphones have been adopted as useful tools to sense and
compute data. Thus, the high penetration rate of smartphones has given another impetus to
data collection, which is now done with high speed, frequency and accuracy. In this way, large-
scale naturalistic driving data can be collected. Over the last decade, researchers take
advantage of the great amount of data emerging from smartphone sensors, to investigate
driving behavior, detect unsafe driving habits and predict road network conditions. The
collection of data straight from the crowd is usually referred to as “crowd-sourcing”.
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The word "crowd-sourcing” was coined by Jeff Howe in 2006, and was defined as “...the act of
taking a job traditionally performed by a designated agent and outsourcing it to an undefined,
generally large group of people in the form of an open call” (Howe, 2006). The power of crowd-
sourcing is that it can bring massive intelligence to solve problems at an affordable price. Some
tasks that are difficult for computers or individuals can be solved efficiently by crowd-sourcing
to a massive group of people, including image tagging, audio translation, and so on (Yang et
al, 2015). A survey of existing transportation systems which use crowd-sourcing reveals that
the predominant purposes of using crowd-sourcing in these projects are either data or
feedback collection from the users (Misra et al, 2014). Due to the wide penetration of
smartphones at everyday life, mobile crowd-sourcing has gained the attention of many
researchers. Figure 2-2 presents an overview of a crowd-sourcing system, where initially the
required sensing task is introduced to the user, who provides the relevant data while his driving
behavior is being monitored. Subsequently, data pre-processing techniques are applied and
the user’s driving behavior is analyzed based on specific mobility patterns. Then, results are
sent back to the user containing feedback and incentives for an improved driving behavior.
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Figure 2-2. The main components of a crowd-sourcing system
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The crowd of mobile users who accept and participate in crowd-sourced sensing tasks, is called
the “sensing crowd” (Yang et al,, 2015). Since most modern smartphones are equipped with
various sensors, many applications and platforms are developed to collect sensor data, a
method known as “mobile crowd-sensing” (Chang et al,, 2016). A key characteristic of mobile
crowd-sourcing is whether the crowd’s contribution is participatory or opportunistic. In the
case of participatory crowd-sourcing, computations are performed and data are generated by
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users, while in opportunistic crowd-sourcing data are generated from sensors and
computations are performed automatically by the crowd’s devices (Chatzimilioudis et al,
2012).

Despite the wide range of advantages of mobile crowd-sourcing, on collecting driving and
mobility data, there are some significant issues and concerns which should be adequately
addressed in order for mobile crowd-sourcing systems to reach their full potentials. In the
following sections, some of the key challenges are discussed when gathering such data from
a smartphone.

2.2.2 Quality Issues

There are two main factors affecting the quality of crowd-sourced data. The first factor refers
to the reliability of the user. Participants may misunderstand the required task, make mistakes
or even deliberately cheat the system, which can cause errors or bad results (Xintong et al,
2014). This issue refers to the trustworthiness of the data. The second factor refers to the
technical characteristics of the mobile device that is used and may also affect the quality of
the data.

2.2.2.1 Trustworthiness

The success of this method on collecting data relies on high level of participation from
voluntary users. Unfortunately, the openness which allows anyone to contribute data, also
exposes the process to erroneous and malicious inputs (Kanhere, 2013). The initial concern
about quality of crowd-sourced data is the capability of the users to understand the requested
task and supply the crowd-sourced system with all the essential and relevant information.
Participants may not have the ability to perform the requested task efficiently and consistently,
either because they cannot understand the concept of it or do not have the qualifications to
perform the task (Wang et al., 2017). Consequently, the captured data may be noisy by nature,
and might require additional validation or scrutiny (Hsueh et al, 2009). Moreover, users may
deliberately be malicious and provide erroneous data to the crowd-sourced system (Kanhere,
2013). This kind of issue refers to the reliability of the sensed data. Finally, the challenge of
data integrity is considered. The integrity of the data refers to the verification that the collected
data is indeed from the users device and was collected at the claimed location (Mashhadi and
Capra, 2011). In order to achieve integrity, sensing information must be representative of the
user's behavior and habits.

2.2.2.2  Technical Characteristics

Despite users’ intentions and abilities, the technical characteristics of the smartphones could
also affect the quality of the data. The set of mobile devices, their sensing, computation,
storage and communication capabilities may vary significantly (Louta et al, 2016).
Smartphones run on several different operating systems, most notably Android and iOS, which
are frequently being upgraded, improving their features and capabilities, which should be
considered during the sensing process, as they are directly related to the quality of the data.
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Some devices have limited battery energy, low computational capacity and limited
transmission bandwidth (Cao and Lin, 2017). Moreover, same type of data may be gathered
from different sensors, e.g., location data can be gathered from GPS or Wi-Fi, and therefore
have differing qualities. Another aspect that should be considered is that different types of
data can be used for the same purpose, but with different quality and resource consumption
trade-offs (Ganti et al., 2011). Finally, even when same type of data is collected from the same
sensor, different quality issues appear through the data due to the rapid change of the
technical characteristics of the smartphones, concerning sensing accuracy, storage and
computing resources and so on (Louta et al., 2016).

An additional concern when dealing with crowd-sourced data is noisy data, which can be
gathered concerning the way the user is using his/her smartphone. For example, ambient noise
could be gathered if the smartphone is placed inside a pocket or in a bag (Xintong et al., 2014).
Furthermore, the same sensor may sense the same type of data under different conditions, if
for instance the device is placed freely in a vehicle or is hand-held.

2.2.3 Battery Consumption

Even though most users charge their smartphones on a daily basis, significant increased
battery consumption is an important issue when introducing crowd-sourcing applications.
Energy is consumed in all aspects of crowd-sourcing platforms from sensing, processing and
data transmission (Kanhere, 2013). The fact that battery life of smartphones is relatively short,
limits the use of the devices for continuous sensing purposes (Birenboim and Shoval, 2015).
Thus, it is hard to obtain accurate data in situations when continuous real-time data is needed.
More specifically, different sensors deplete the smartphone battery in a different way while at
the same time they are sensing the same type of data with differing accuracy. According to
power measurements (Lin et al., 2010) one can rank the sensors from the best to worse as
follows:

e Battery consumption: (1) Wi-Fi (2) 3G (3) GPS

e Accuracy: (1) GPS (2) Wi-Fi (3) 3G
2.2.4 Privacy and Security
Westin (1967) gives the most relevant definition of information privacy: “Information privacy
relates to the person’s right to determine when, how and to what extent information about him
or her is communicated to others”. Privacy in mobile crowd-sourcing is the guarantee that
participants maintain control over the release of their sensitive information. This includes the
protection of information that can be inferred from both the sensor readings themselves as
well as from the interaction of the users with the participatory sensing system (Christin et al,
2011). The sensed data may contain sensitive information of participants, such as identities,
home or workplace location, mobile number, gender and so on. Without any suitable
protection mechanism, smartphones are transformed into spies, capable to reveal such
sensitive information (Kanhere, 2013).
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There is a lot of research towards addressing the problem of privacy especially in location-
based applications and in systems which detect mobility patterns. In those cases ensuring
privacy is a challenge, either users explicitly provide information or information is implicitly
captured (Nandan et al,, 2014).

Security issues can be divided into two categories: hardware risks and information security
(Cilliers and Flowerday, 2015). The first category considers hardware risks, namely system
viruses or malwares that may affect the hardware that is used to report information to the
crowd-sourcing system. Furthermore, mobile devices can be stolen and are in general
vulnerable to security breaches, both while sensing and transferring data. The second category
has to do with the information that is reported to the crowd-sourcing system. It is stated that
the participant has no control over the ownership of the information once it is reported to the
crowd-sourcing system (Sarwar and Khan, 2013). This means that the collected data could be
stolen, used for a different purpose than that originally agreed on, or made available to
unauthorized parties. Another critical security issue is the lack of transparency concerning the
physical location of storage, the security profiles of the system, ownership of the information
and what can be done with it (Pearson, 2013).

2.3 Modeling Driver’s Behavior

Understanding driver’s behavior is key for improving road safety and optimizing the network’s
level of service. From statistical methods to advanced machine learning and computational
intelligence, researchers have used a variety of methods to model driving behavior efficiently
and accurately. Table 2-1 contains a detailed summary of crowd sensed data, smartphone
sensors, methods and outputs of the most significant literature in the field of driving behavior
analysis. Driving behavior analysis may be performed in two distinct levels; at the microscopic
level, where the driver's behavior is analyzed both during a trip and how the same driver
changes his behavior on successive trips, and at a macroscopic level, where the analysis aims
to identify universal characteristics of each driving style using aggregated driving data taking
into account a set of drivers. From statistical methods to advanced machine learning and
computational intelligence, researchers have used a variety of methods to model driving
behavior efficiently and accurately in all levels.

2.3.1  Statistical methods

Some researchers attempted to detect meaningful correlations among features that describe
driving behavior. Paefgen et al. (2012) present a number of important statistical metrics and
correlations between events recorded by a mobile and a reference IMU unit. In Chakravarty et
al. (2013), the risk index of the individual driver is calculated at a specific time. The risk function
in this case takes into account the number of risky and abnormal maneuvers such as sharp
cornering, harsh brake and acceleration and hard bumps. Bejani and Ghatee (2018) applied
statistical analysis on several driving features as an intermediate step between data
preparation and more sophisticated driving behavior modeling. Another study has developed
a mixed effects model to understand whether behavior indicators such as speeding, harsh

-74 -



E. G. Mantouka | Deep Reinforcement Learning Traffic Models for Personalized Driving Recommendations

maneuvering, harsh acceleration and harsh braking can stand as predictors of driver's
distraction and more specifically if the driver uses his mobile phone when driving
(Papadimitriou et al, 2019). Findings revealed that exceeding speed and number of harsh
driving events are negatively associated with mobile phone usage while driving, indicating that
inattentive driving can be detected in the absence of other risky driving behavior.

Several researchers have applied a simplified threshold methodology in order to detect several
abnormal driving events. In some cases, such methodology is also used to identify road
anomalies such as bumps and potholes (Fazeen et al,, 2012; Bose et al., 2018). This detection
approach mostly relies on fixed threshold values applied on accelerometer data. Experimental
results have shown that the accuracy of accelerometer data highly depends on environment's
characteristics (mobile position in the car, vehicle’s conditions, road type etc.) which
constitutes such detection methods non-flexible (Ouyang et al., 2018). Due to this fact, there
is a difficulty to defining universal thresholds on the sensors’ data for the identification of risky
driving events. In order to overpass such limitations, researchers turned their attention on the
more promising machine learning techniques which are usually easy transferable and more
robust to changes in the environment.

Pattern recognition approaches, such as Dynamic Time Warping (DTW) to recognize driving
behavior also appear frequently in literature. DTW allows to group similar mobility patterns
even though the corresponding elements in the two series are not exactly aligned with each
other. First, for two given time series a grid is constructed and then distance between all
elements is calculated. DTW algorithm estimates the best path through the grid which
minimizes the total distance. Johnson and Trivedi (2011) proposed a novel system that utilizes
DTW to detect aggressive turns, accelerations, braking and lane change events. In Engelbrecht
et al. (2016) authors used DTW to detect driving events and then utilized a heuristic classifier
to categorize such events as safe or reckless. Results of this method were then compared with
a maximum likelihood approach and findings revealed that the latter performed better in
classifying a variety of driving maneuvers. More recent studies have used DTW to classify
lateral maneuvers exploiting fusion of gyroscope and gravity sensor to acquire angular velocity
(Singh et al,, 2017). Although DTW is widely used due to its fast and easy implementation on
comparing timeseries data, it is not easily transferable due to its high dependency on the
predefined threshold values.

2.3.2 Machine Learning and Computational Intelligence

Although a large body of literature uses statistical analysis methods to investigate several
driving behaviors, over the last decades machine learning approaches have gained ground in
this field. Recent studies have thoroughly examined the variety of machine learning techniques
used to identify driving behavior (Chan et al., 2019; Elassad et al., 2020). Nevertheless, the main
outcomes of each study are also discussed here with the aim to highlight the variety of
machine learning methods used to identify driving behavior.
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ML techniques have been used in Bhoraskar et al. (2012) to identify bump and braking events,
and despite the optimistic results, authors state the importance of filtering and machine
learning techniques (k-means clustering and Support Vector Machines - SVM) for better harsh
events identification. In Hong et al. (2014) a Naive Bayes classifier was implemented to identify
aggressive driving styles with an accuracy of 90%. In addition, a pattern matching algorithm
was used in another study (Saiprasert et al,, 2013) that outperformed a rule-based algorithm
both for longitudinal and lateral events, while in Saiprasert and Pattara-Atikom (2013) the
same technique was used to identify abnormal speeding events. Fazeen et al. (2012) exploited
the three-axis accelerometer to analyze driving behavior and detect road anomalies (potholes,
bumps, uneven or rough road). Their classification system resulted in high accuracy especially
for rough or uneven road recognition. In Saiprasert et al. (2017) fuzzy logic and a rule-based
algorithm are adopted to detect driving behavior such as harsh acceleration and braking or
aggressive steering) by exploiting accelerometer and gyroscope data. In Koh and Kang (2015)
researchers used Gaussian Mixture Model (GMM) with periodogram method to classify driving
behavior on a gradient from smooth to aggressive behavior with a special focus on the elderly
drivers. Due to the sensitivity of their dataset (which refers to elderly drivers’ behavior) they
have highlighted the limited performance of GMM in accurately classify driving style. What is
described as the main issue in most of these studies is that the variety of hardware (sensors
and smartphones), weather conditions during data collection, positions of the smartphone
(even if it is not fixed) etc. make these techniques difficult to be transferable and proposed as
a universal solution.

Some other researchers aimed at recognizing driver’s state by implementing classification
algorithms. Specifically, in Yi et al. (2019) several classification algorithms were compared
regarding their performance on identifying three distinct driving states: normal, drowsy and
aggressive. Results indicated that Random Forest had the greater overall accuracy when
compared to the others classifiers (K-nearest Neighbors, Decision Tree, SVM). In Vlahogianni
and Barmpounakis (2017a) the MODLEM algorithm achieved the maximum accuracy
compared to other classification algorithms for detecting harsh events utilizing data from
smartphones’ accelerometers. A two-step k-means clustering algorithm was developed in
Mantouka et al. (2019) to initially distinct aggressive from non-aggressive trips and then, trips
were further clustered with respect to driver's distraction and risk taking. The main modeling
challenge is to handle imbalanced datasets as abnormal driving behavior appears less
frequently than normal driving behavior. Additionally, it has not yet been clarified how one
can define the ground truth; therefore, the comparison between different approaches and
datasets cannot be universal.

Neural Networks were used in Meseguer et al (2017) to identify the degree of driver's
aggressiveness using speed and acceleration measurements. Eftekhari and Ghatee (2019)
evaluated the performance of two classification algorithms (Decision Tree and Naive Bayes)
compared to that of a neural network with 3 hidden layers. Their findings revealed that the
neural network outperforms the other methods in detecting driving maneuvers. However,

-76 -



E. G. Mantouka | Deep Reinforcement Learning Traffic Models for Personalized Driving Recommendations

since the computational power that is required for the training and the validation of the
models is significantly increased, several tasks need to be performed offline.

As has been seen in different transportation related research attempts, ML techniques have
significant advantages over statistical methods (Karlaftis and Vlahogianni, 2011). With the
availability of massive smartphone datasets, it was seen that while statistical methods could
provide a first insight on the datasets, more advanced techniques were required in order to
design accurate and efficient solution to the different challenges. Such an example can be
found in Predic and Stojanovic (2015) who developed advanced ML classifiers to detect harsh
driving patterns and reported improved results when compared to classical methods of activity
analysis from accelerometer data based on statistical metrics of standard deviation, entropy,
energy, mean value, etc. Furthermore, as shown in the literature, researchers usually utilize
statistical methods when single events are being detected or abnormal driving behavior is
separated from safe driving. On the contrary, ML methods are used when the whole range of
driving behavior is investigated and a number of different driving profiles are detected. In
Chan et al. (2019) different approaches are compared in terms of classification accuracy. Here
special emphasis is given on the indicators used as inputs for driving behavior identification
and in addition, further information regarding the data collection process are provided. It
should be noted that the comparison of the different approaches in terms of absolute
measures of accuracy is avoided since there are still several challenges that can lead to
completely misleading results.
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2.4 Systems for assessing and assisting drivers

The extended knowledge in the area of driving analytics has allowed researchers and other
practitioners to develop advanced applications for the assessment of driving behavior as well
as driving assistance systems that aim at improving drivers’ performance, raising awareness
on road safety and air pollution and improving driving experience. A recent study that has
gathered the most relevant driving assistance systems can be found in (Meiring and Myburgh,
2015). Here, we focus on the exploitation of mobile crowd sensed data for the development
of such systems and the usage of smartphones as the only communication platform between
the system and the driver.

2.4.1 Drivers’ assistance and recommendation systems

Advances in driving behavior analysis resulted in the development of Advanced Driving
Assistance Systems (ADAS). ADAS are gaining widespread interest since they constitute an
innovative and user-friendly technology which is able to meet safety and ecology standards
by providing real-time driving tips (Kaur and Sobti, 2017). Some of the most widespread ADAS
are adaptive cruise control, navigation assistance and rerouting systems, lane keeping
assistance and driver drowsiness detection. Such systems have been developed mainly to
enhance road safety and secondary, to improve travel comfort and driving experience.
Advancements in driving analytics coupled with improved wireless capabilities of today’s
devices have allowed the development of real-time ADAS. Specific research has focused on
real-time driver distraction detection which is mostly identified on the basis of driving
performance measurements, such as lane position and steering control (Liu et al., 2016) as well
as speed control measurements (Tornros and Bolling, 2005).

While most of ADAS focusing on ensuring road safety and reduce car accidents, in case where
driving experience improvement or promotion of eco driving is out of question, researchers
have developed driver recommendation systems. Contrary to the widespread adoption of
ADAS, research on driving recommendation systems is still at a primary stage. In Magana and
Organero (2011), researchers have developed an eco-driving recommendation system which
first detects driving style from the point of efficient driving through OBD and smartphone
sensors, then, uses Random Forest to classify driving behavior and provide useful eco-driving
tips. Araujo et al. (2012) have developed an eco-driving coach to promote fuel consumption
efficient driving. First, they identify driving behavior and vehicle’s conditions and then, they

"non

recommend one of the most popular eco-driving tips such as “switch off engine”, “shift gear

non

earlier”, "your acceleration is too high”, “you are too aggressive on throttle”.

They have also developed some fuzzy rules to determine driver’s intention to follow each of
the provided tips. Another study has developed a context-aware driving assistant system
aiming at promoting fuel-efficient driving (Gilman et al., 2014). Researchers identify aggressive
driving behaviors and then layout them on a map together with traffic and weather conditions
to investigate specific driving patterns. In this way they are able to make recommendations on
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how it would be more efficient to have driven to the specific route and then give advice about
how to improve their driving performance in the future.

Such systems have been shown to improve driving behavior and lead in adopting smoother
and safer driving habits. As discussed in Staubach et al. (2014) drivers receiving eco-driving
recommendations have adopted driving behavior characterized by less harsh maneuvers and
maintain constant speeds. Another study has highlighted the importance of introducing
gamification aspects in the recommendation systems in order to gain the engagement of the
driver with the system and improve even more their behavior (Magafia and Organero, 2014).
The concept of gamification refers to the idea of including entertainment and game-oriented
design approaches in originally non-game contexts, such as mobile crowd-sensing
applications (Wells et al,, 2014). An effective gamification framework is based on a series of
metrics to quantify the success on a predetermined goal (improve driving behavior, adopt eco-
driving habits, reduce fuel consumption, etc.), which is achieved through a set of tasks.

2.4.2 Drivers’ scoring systems

Over the last decades, in addition to monitoring and providing recommendations for the
improvement of driving behavior, there is a trend towards developing scoring and behavior
assessment systems. Researchers and app developers seek to create environments for healthy
competition and comparison between people in order to increase their awareness regarding
major issues with a view that the latter are going to improve their behavior. In this context,
scoring and behavioral assessment methodologies as well as the creation of ranking and
benchmarking techniques have been strengthened. As mentioned before, scoring points and
gaining budges by completing specific tasks are the most common gamified aspects, in
conjunction with leaderboards, achievements, gifts etc. In a gamification framework, users may
also communicate with others, compare their performance and compete (Vlahogianni and
Barmpounakis, 2017b).

Smith et al. (2016) have developed a systematic framework for scoring driving behavior, which
consists of three dimensions: risk score, operational score and economy score basically for
fleet management applications. DriveSafe is an app that detects when the driver is distracted
from the driving task and assigns a score based on driving behavior (Bergasa et al, 2014).
Acceleration, braking and turning events as well as lane drifting and weaving are first
recognized and then a score is assigned to each driver taking into account the number of the
events performed and their intensity. Castignani et al. (2015) have used data fusion to detect
risky and aggressive driving events based on a fuzzy inference system. Subsequently, the
number of identified driving events per trip is coupled with weather conditions and time of
day of the trip in order to provide a trip score which ranges from 0 to 100. In Araujo et al.
(2012), they have developed a driver evaluation system for raising awareness of drivers towards
fuel consumption and eco-driving. For this purpose, smartphone sensors are used to collect
speed, fuel consumption and acceleration measurements which are then used to classify
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driving conditions based on predefined thresholds. Then, a fuzzy logic approach was used to
evaluate driving hints performance and choose the most appropriate to show to the drivers.

Although scoring systems are considered as an efficient way to raise the awareness of the
drivers, some researchers highlighted the importance of gaining real savings as an incentive
to improve individual driving behavior. To this end, insurance charging systems are gaining a
lot more attention over the last decade (Husnjak et al,, 2015).

One of the first sectors that used the advanced technologies of modern smartphones to
monitor and evaluate driving behavior of their costumers was insurance companies. The latter
have established several insurance policies in order to charge drivers based on vehicle use and
driving behavior characteristics, which include Pay-As-You-Drive (PAYD) and Pay-How-You-
Drive (PHYD) systems (Wahlstrom et al, 2017). In Tselentis et al. (2017a) the most popular
Usage-based insurance (UBI) schemes have been reported. As they highlighted, there is
evidence that UBI implementation would provide motivation to drivers to improve their driving
behavior and alternate their behavior by adopting safe and more efficient driving habits.
Handel et al. (2014) have also extensively discussed opportunities emerging from structuring
insurance schemes based on driving features gathered through smartphone sensors. The latter
have highlighted the importance of consciously design Usage based Insurance since there is
always the risk that the provided feedback or recommendation is perceived the wrong way. In
Chiu et al. (2014) a methodological framework for the detection of driving exposure factors is
presented in order for insurance companies to re-structure their pricing strategies based on
the estimated crash risk.

2.5 Main challenges

Driving behavior analysis is a multidimensional problem which requires a step-based
approach, from the collection of the essential data to the development of the appropriate
models, to efficiently describe the dynamics that govern human behavior while driving. In this
section, the most critical challenges involved in the process of understanding driving behavior
through smartphone crowd-sensed data are underlined, while a special emphasis is also given
on the caveats that should be considered, which most times are being disregarded. These
relate to data availability and quality, representativeness, context-based knowledge extraction,
pattern recognition and modeling, recommendations for behavioral change, as well as impact
assessment and real time operation.

Challenge 1: Enhancing data representativeness, availability and quality

In mobile crowd-sensing systems, the user himself is one of the fundamental components and
therefore, user's engagement with the system is critical. Most studies aim at identifying
universal driving behaviors and determine general rules controlling unsafe driving behavior.
Since the identification of driving behavior relies on data-driven approaches, the variability of
the data is of great importance. The proportion of the target — population which is actually
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engaged in the data collection process pointedly affects data representativeness and,
inevitably, affects data quality. In addition, the long-term involvement of the users is also
crucial when driving behavior is analyzed due to the complexity of human behavior in relation
to time and how slowly or not it changes over time and various stimuli. In the literature, several
techniques have been determined as successful interventions for ensuring long-term user
engagement with the crowd-sensing system. Some researchers have highlighted the
importance of providing incentives to users in order to get engaged with crowd-sensing
systems in the long run Yang et al. (2016). In Musicant and Lotan (2016) researchers have
highlighted the effectiveness of group incentives in motivating drivers especially the younger
ones. Although several types of incentives have been recently deployed, the degree to which
they can raise the awareness and drive behavioral changes is still heavily under researched.

Further, behavioral variability in an available dataset is usually disregarded with significant
implications in model generalization power. Researchers who tend to find large datasets as a
testbed for exercising and evolving their machine learning skills, will realize that their models
will soon become obsolete (rapidly decreasing accuracy metrics), as the dataset grows, mainly
due to the fact that the initial sample is not representative of the users’ characteristics. But,
even if we try to control the statistical characteristics of our sample, the reality tends again to
surprise us: first, most of the times researchers cannot have access to sample characteristics
(e.g., users, age, gender), due to privacy limitations. Second, it takes much time to collect and
process a large dataset especially if one is to ensure specific users’ and behavioral
representativeness. The above can be efficiently tackled by introducing processes of constant
training and processes to address models’ resilience to changes.

Data availability and quality are essential ingredients for every data driven approach met in
transportation literature. Availability is not guaranteed for several reasons. First, data may be
private or restricted to access. Ensuring users' privacy and data protection is of vital
significance. Techniques to secure the system from the infringement of unauthorized parties
is a main requirement. Lately in the EU under the strict rules of General Data Protection
Regulation (GDPR), sensing data from the crowd became even more challenging especially in
terms of data privacy and security. So far, researchers seemed to disregard the importance and
implications of developing strategies for ensuring data privacy which is expected to change in
the near future. Further, data may not be available at the desired resolution. It is a fact that
certain driving phenomena (e.g., distraction due to smartphone interaction, lane changing etc.)
may require very detailed recordings (e.g., T00Hz), whereas others can be easily observed in
coarser levels. Identifying the proper smartphone sensing data resolution, in relation to the
application developed, is heavily overlooked in literature and significantly affects the detection
capabilities and the understanding of the driving task and context. But, even if someone
chooses to get the most of the sensors’ capabilities installed in smartphones (usually 100Hz
resolution), this will probably lead to an unrealistic and non-sustainable data collection scheme
due to battery drain. While increased sampling rate is desirable for improving the predictive
power of the models, this can have negative effect on the user experience, since the rapid
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consumption of device's resources may discourage the users in contributing to the system as
was identified in a previous challenge.

Data quality may have far reaching implications to the understanding and modeling of
smartphone data due to uncertainties introduced by the fact that smartphone devices: i. are
of various technologies, ii. can be placed anywhere on the user or in the vehicle and iii. have
sensors that may record in different frequencies and asynchronously. Data reorientation and
synchronization strategies that are usually applied to correct data and place them in a form
ready for modeling require significant effort, but also do not ensure against faults and noise.
Quality assurance schemes in the smartphone crowd-sensing framework are necessary
especially for driving analytics, due to the fact that phenomenon detection relies on the
extreme values and usually include noise filtering, data reorientation and geotagging.

Challenge 2: Identify the context from the data

User behavior is significantly influenced by the mode of transport, the type of road network,
traffic control, weather conditions etc. To detect critical patterns, as well as understand and
model the behavioral characteristics, the context of the data should be extracted from the data
themselves, by jointly considering other external information. Dealing with the problem of
context extraction from data has a significant added value to model resilience, since the quality
of the features which can be extracted from the raw data primarily reflects the overall accuracy
of the system (Ignatov, 2018). But, how should we understand the context through user
agnostic experiments and blind crowd-sensing systems? In user agnostic environments, the
main tools for deriving context from multisensory data identified in literature are: i. Data fusion,
ii. Feature engineering and iii. User/behavior profiling.

Based on the well-known definition given by Hall and Llinas (1997) “data fusion techniques
combine data from multiple sensors and related information from associated databases to
achieve improved accuracy and more specific inferences than could be achieved by the use of a
single sensor alone.” There are three nonexclusive categories of data fusion techniques: (i) data
association, (ii) state estimation, and (iii) decision fusion (Castanedo, 2013). The data
association is mainly referring to the process of correlating several multi-sensor measurements
about the object of interest with each other or in other words, it is about letting the data fusion
process know which particular measurements are supposed to be fused to provide the
essential information (Schmitt and Zhu, 2016). In state estimation the goal is straightforward
the aligned and correlated measurements from multiple sensor sources must be fused in a
well-defined estimation framework to infer the desired information about the target in an
optimal way (Yan et al,, 2016). Finally, in decision fusion, the fusion task is not applied to the
combination of data acquired by different sensors; instead, only a single input data set is used,
and the fusion step is applied to several preliminary classification results obtained from this
input (Fauvel et al, 2006; Schmitt and Zhu, 2016). Data fusion is important when it comes to
ensure that all available information can be jointly considered; for example, weather data with
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smartphone sensing and social media information can be fused to extract mobility patterns
shifts due to weather changes or under differing travel purposes.

Feature engineering is very important when dealing with machine learning since all ML
algorithms use some input data to create outputs. This input data in most cases refers to
features which are numeric representations of characteristics, properties and attributes of the
raw data (Zheng and Casari, 2018). Feature engineering can enable the identification of those
features that are critical to context awareness. Different datasets require different feature
extraction approaches based on the nature of the dataset. Nevertheless, the most well-known
techniques of feature engineering are the following:

1. Imputation: it is used to handle missing values in a way that it preserves the data size,
contrary to the easy task of dropping the entire rows or columns of the dataset that
have missing values. Imputation can be either numerical or categorical based on the
type of data. In the case of numerical imputation missing values are replaced either by
0 or a statistical measurement (e.g., median), while in the categorical imputation the
most frequent value may be used.

2. Handling Outliers: Outlier detection is a very challenging task that should be performed
before feature engineering using the most data-appropriate technique from great
variety of techniques that are available (Wang et al., 2019). Once outliers are detected,
researchers have to use their intuition, perform experiments and provide some
thoughtful discussion before deciding whether to exclude outliers from the dataset or
not. It is understood that in the outlier detection process, it is significant to consider
the context and the purpose of detecting the outliers.

3. Binning: The main motivation of binning is to enhance model’s robustness and prevent
overfitting. Nevertheless, binning data results in the regularization of them, and thus
valuable information may be lost and model efficiency impaired (Shi et al., 2020).

4. Logarithm transformation: The so-called log transform helps to handle skewed data
and after transformation, the distribution becomes more approximate to normal.

5. One-Hot Encoding: The method of spreading the values in a column to multiple flag
columns and assigns 0 or 1 to them. In other words, it transforms categorical data to a
numerical format and enables the grouping of categorical data without losing any
information (Seger, 2018).

6. Grouping Operations: This method is applied to datasets that do not match the “tidy”
format. Based on the definition given by (Wickham, 2014):“Tidy datasets are easy to
manipulate, model and visualize, and have a specific structure: each variable is a column,
each observation is a row, and each type of observational unit is a table.”. The key point
of group by operations is to decide the aggregation functions of the features. For
numerical features, average and sum functions are usually convenient options, whereas
for categorical features the process is more complicated.

7. Scaling: With only few exceptions, ML algorithms don’t perform well when the input
numerical attributes have very different scales. When applying scaling techniques, the
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continuous features become identical in terms of the range. There are two main types
of scaling (Géron, 2017):

e Normalization (or min-max normalization) scale all values in a fixed range
between 0 and 1.

e Standardization (or z-score normalization) scales the values while taking into
account standard deviation. Although standardization does not bound values
to a specific range, which may be a problem for some algorithms, is much less
affected by outliers when compared to normalization.

Some examples of feature extraction can be found in Mantouka et al. (2019) where
accelerometer signals were processed to extract features such as harsh accelerations per km
and harsh brakes per km which are then used for driving aggressiveness detection. Another
feature which is usually detected at first place is travel mode (Nikolic and Bierlaire, 2017;
Efthymiou et al, 2019). Mode detection techniques should be applied first and then data
should be cleaned based on the detected mode, as the noise is not consistent between
different modes due to different dynamics. For example, a smartphone on a motorcycle is
affected significantly by the riders’ maneuvers, while in public transport there are usually
micromovements due to the device’s position or its usage, as highlighted in the second
challenge.

User profiling or behavior profiling refers to the process of detecting patterns in the data that
can be clustered into groups which share common characteristics. In addition, user profiling
enables the identification of users’ preferences, choices and requirements based on the
domain of interest, and therefore, user profiling helps personalization (Kanoje et al, 2014).
When studying driving behavior, user profiling refers to the categorization of drivers into
groups based on the way they behave during driving. In accordance to (Ferreira Junior et al,
2017), driver behavior profiling is the process of automatically collecting driving data and
applying a computational model to generate a safety score for each driver.

Challenge 3: Detect abnormal patterns and risky drivers

A common research line followed by most studies refers to the threshold-based approaches
for detection of deviations from normal driving. The oxymoron lies in the fact that many
studies conclude that no universal thresholds can be applied, since the technical variability of
smartphones’ sensors affects the extracted signals and of course the threshold of what is
considered as abnormal. Indeed, threshold-based approaches are the first step to follow for
detecting abnormal driving patterns especially in systems where no prior knowledge exists
(e.g., annotated samples that can be used for supervised learning). However, a device-agnostic
context agnostic approach to setting the thresholds is required to ensure that the latter are
not affected by device micromovements, sensors’ characteristics and device orientation and
positioning. Even the consideration of a non-threshold methodology would be beneficial for
the establishment of a universal driving behavior profiling framework.
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Another commonly disregarded aspect in extreme behavior detection is how to generalize
from trip-based characteristics to user specific profiles, meaning how much time a driver
should be monitored so that his behavior is understood. This becomes critical in a macroscopic
analysis level, where the system should provide recommendations to the user on how to
improve his driving style and become a safer and more efficient driver. The answer to the
question of how much time someone should be monitored so that the convergence of his
driving characteristics is observed, is not unilateral. It depends on the user’s perception and
attitude on the road, but also on the roadway, traffic and control conditions. A recent study
attempted to identify the essential amount of data when a single driving characteristic is
examined (e.g., aggressiveness) (Stavrakaki et al, 2020). Nevertheless, a methodological
framework for estimating the amount of driving data that should be collected for each driver
in order to acquire a clear picture regarding his overall driving behavior is missing from
literature.

Challenge 4: Modeling efficiency, transfer learning and explainability

An efficient model is the one that is not only accurate, but also does not produce systematic
errors. In highly volatile problems treated with data-driven techniques, achieving accuracy, but
also taking care of overtraining and the properties of the error are of outmost importance
(Karlaftis and Vlahogianni, 2011). For the case of smartphone sensed datasets that are usually
imbalanced (abnormal driving or even accidents may be very rare in datasets), achieving to
build and operate efficient models is a tricky and tedious process. While researchers turn to
resampling techniques or generating synthetic datasets, different challenges arise when it
comes to which technique is suitable for each problem. For example, should the dataset be
resampled so that both classes are equally represented, or should one class be
overproportioned to the other and if yes, how much? Although these questions have been
addressed partially by the literature, enriching the existing datasets with more features could
also provide significant improvements to deal with this challenge.

Given this lack of representativeness of extreme behaviors and accident conditions, the use of
transfer learning seems also an appropriate pathway. Transfer learning and domain adaptation
refer to the situation where what has been learned in one setting (e.g., the distributional
characteristics of traffic volume in a single arterial) is exploited to improve generalization in
another setting (e.g., arterial traffic volume in a different location) (Mairaj et al., 2019). In simple
words, transfer learning leverages the knowledge and pattern recognition capabilities
developed based on another problem to facilitate the learning process of the problem at hand.
The main limitation of ML models, and specifically deep learning models, is the time-
consuming training process. Even when hardware with great computational capabilities is
used, the training phase in the presence of big data cannot be neglected as a future challenge
especially for real-time applications. Transfer learning may prove as a good solution for the
time-consuming process of training an ML model for detection based on smartphone data.
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ML models can easily tackle several data limitations such as noisy data, imbalanced datasets
and the majority of them are transferable and resilient.

Nevertheless, building accurate models should not be the sole concern. Most researchers
frequently follow the path of least resistance by comparing approaches based solely on model
accuracy; however, there is a “thin line” between modeling accuracy, model simplicity,
suitability and usability. Researchers should keep in mind that the produced models should be
actionable, meaning simple to operate and maintain, accurate enough to produce reliable
results and easily integrated to complex systems. Moreover, in cases where emphasis is given
to the explanatory power of the models, modeling should clearly address the issues of
causality. It is well known that correlations do not imply causation. Addressing causalities
through ML modeling — either being for function approximation, pattern recognition or time
series analysis - is not a straightforward process and several statistical constructs can be used
to tackle this issue (Hlavackova-Schindler et al., 2007; Karlaftis and Vlahogianni, 2011; Lavrenz
et al, 2018).

Challenge 5: Raising awareness and changing attitudes

Although road safety is an issue of concern to researchers, practitioners and even drivers
themselves, not everyone realizes how driving behavior is correlated with the levels of safety
on the road. What is important is to make drivers aware of their driving behavior’s impact. Risk
taking, aggressiveness and distraction from the driving task constitute the main reasons why
a driver gets involved in a car accident (J.-H. Hong et al,, 2014; Dingus et al., 2016). ADAS aim
at supporting drivers while driving and preventing such unsafe behaviors. Another growing
trend is coupling safety and sustainability of transport. Therefore, as already said, the aim of
today’s driving recommendation and assistance systems becomes twofold: promote eco-
driving while at the same time ensuring road safety. On the eco-driving side, changing driving
attitudes seems to be easier since this driving style is correlated with monetary cost and fuel
savings. On the other hand, regarding safe-driving, changing people’s unsafe driving habits
seems more challenging especially because people tend to disregard the impact of their
driving behavior. In this case as well, powerful incentives should be given since the ultimate
goal is not only to motivate drivers to participate in a cause, but raising their awareness as
well.

An additional concern is that driving recommendations systems premise continuous
cooperation between the driver and the system. In such systems, the driver is constantly
receiving driving tips and suggestions for improving their driving efficiency or even their
driving experience. If the driver does not intend to accept the recommendation provided from
the system, then consequently, the system loses its potentials of improving road safety, traffic
conditions and driving experience. To this end, it is crucial to raise the awareness of the drivers
regarding the impact of their driving habits as well as ensuring their long-term involvement
with the system. Most researchers focus on the importance of education and training as key
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for changing drivers’ attitudes (Zhao et al, 2019). Nevertheless, recent trends require the
continuous monitoring of driving behavior and the provision of recommendations and tips to
be constant if not real-time.

Challenge 6: Lack of personalization

Personalization refers to the process of making something suitable for the needs and
preferences of a particular individual (Hasenjager et al., 2020). Within a framework of a system,
personalization can be achieved either explicitly or implicitly. In the first case, the users are left
to specify and customize the service they receive by themselves (explicitly), while in the second
case, the system should be able to automatically detect and infer each users’ specific needs
and preferences (implicitly) (Hasenjager and Wersing, 2018; Ponomarev and Chernysheva,
2019). In driver assistance systems, personalization is a very key feature that can largely
determine the acceptance of the system by the driver himself. According to previous studies,
if the advanced driver assistance system (ADAS) cannot fit drivers’ preferred driving behavior,
the conflict between the driver and the vehicle will occur (Parasuraman and Riley, 1997). For
this reason, the rationale for personalization in ADAS is to improve the driving experience by
adapting the assistance system to the preferences and needs of the assisted drivers.
Nevertheless, the concept of personalization has not yet been incorporated in already
developed ADAS since the focus is mostly concentrated on safety and usability. The
personalization of ADAS is not an easy task as great amount of driving data must be available,
in order to capture different drivers’ preferences, driving styles, skills and driving patterns, and
other driving behavior analysis caveats should be first overpassed to identify different types
of driving behavior to properly adapt ADAS vehicle control with driver's expectations
(Hasenjager and Wersing, 2018). To this end, it is important that researchers and practitioners
recognize the significance of the personalization aspect and put great efforts towards the
development of personalized driving assistance systems.

Challenge 7: Real-time operation

Until recently, a very small body of the literature has developed driving behavior detection and
recommendation algorithms that are able to operate in real-time. However, as the need for
ensuring the resilience of nowadays transportation system through the management of traffic,
road accidents and emissions has emerged, there is demand for ensuring real-time operation
of driving recommendation systems. As mentioned before, driving behavior is a major
contributor not only of road safety but road network conditions as well, and, thus, the chance
to improve driving behavior can be feasible only by developing easy interpretable and
responsive recommendation systems. Considering the complexity of human behavior as well
as the previously described methodological challenges, future research should place a lot of
effort in developing recommendation systems able to operate in real-time, especially if they
provide personalized suggestions and tips. Advanced computational intelligence techniques
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are expected to have promising results and efficiently correspond to the challenging task of
user-tailored real time recommendation systems.

Challenge 8: Moving from user-centric systems to network level management

Even in the case where all the aforementioned challenges were being addressed, there would
still be a major concern: how to move from the development of user-centric driving assistance
systems to a system-centric approach in the sense that, the impact on the network is taken
into account alongside with the goal of improving driving performance and safety?

Traffic conditions can be studied in a microscopic level, where each vehicle is an entity that
moves with each own characteristics and patterns, or in a macroscopic level, where aggregated
measures of the characteristics of the entire traffic can be estimated. In traffic flow theory there
are three macroscopic flow variables that reflect the average state of the traffic, namely flow,
density, and speed. Relations between these traffic flow properties are usually graphically
represented using fundamental diagrams of traffic flow, which can be used to predict the
capability of a road network, or its behavior when applying inflow regulations and measures
or speed limits. Macroscopic Fundamental Diagram (MFD) as a concept was first proposed in
[15]. The theoretical form of these fundamental diagrams is illustrated in Figure 2-3. The MFD
functions can aid agencies in improving network accessibility and help to reduce congestion
by monitoring the number of vehicles in the network.
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The speed — flow diagram is used to determine the speed at which the optimum flow occurs,
and consists of two branches, the free flow and congested branches. In the first speed-flow
diagram branch which corresponds to the uncongested flow, as the flow increases the speed
decreases until the optimum flow g4, is reached.

The speed-density relationship is linear with a negative slope; therefore, as the density
increases the speed of the roadway decreases. The diagram crosses the vertical axis at the free
flow speed vg, and the horizontal axis at the congestion (critical) density kj,,. The speed
approaches free flow speed as the density approaches zero, while the speed reaches
approximately zero when the density equals the critical density.
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The flow-density diagram is used to determine the traffic state of a road network and has a
parabolic form. The intersection of free flow and congested branches of the diagram is the
apex of the curve and is considered the capacity of the road network, which corresponds to
the traffic condition at which the maximum number of vehicles can pass by a point in a given
time period. The flow and density at which this point occurs is the optimum flow g4, and
optimum density k4, respectively.

Macroscopic fundamental diagram (MFD) of urban road networks emerged as the primary
modeling tool enabling aggregated modeling and control approaches for traffic management.
It is insensitive to small changes in demand which makes it a perfect tool for monitoring the
effects of traffic control strategies (Amini et al, 2018). Based on the findings of previous
research (Geroliminis and Daganzo, 2007) it was observed that an urban region with roughly
homogeneous accumulation (e.g., small spatial edge density heterogeneity) can be modeled
using the MFD, which provides a unimodal, low-scatter, and demand-insensitive relationship
between density and trip completion flow. Recent research has proven that an MFD exists on
neighborhood-sized sections of cities independently of the demand (Geroliminis and Carlos F.
Daganzo, 2008).

When building a user-centric driving assistance system the ultimate goal is to improve
efficiency. The efficiency of urban traffic is vital for the optimization of traffic flow, and can be
achieved through the management of traffic lights, detection and management of road
accidents, minimization of traffic delays, or even through improving parking services. On the
other hand, efficiency from the point of view of the driver itself focuses on improving driving
behavior with the goal to minimize environmental impact and fuel consumption, although
these behaviors also often lead to improvements in safety and comfort (Paul et al., 2018). The
great challenge here is to investigate the link between traffic and driving efficiency. In other
words, is it possible to enhance traffic efficiency through the improvement of individual driving
efficiency?

In this dissertation, we aim at answering this question by estimating the actual impact of
applying a personalized driving recommendation system, that improves individual driving
performance in terms of safety, on the road network performance. In order to achieve this
goal, we take advantage of the findings outlined by (Geroliminis and Carlos F Daganzo, 2008)
to first estimate MFDs before and after the application of the proposed system and then,
evaluate comparatively the differences that will arise.

In order to give a direction towards addressing the aforementioned challenges, Table 2-2
presents some indicative solutions based on some studies that have tried to efficiently
overcome these prevailing challenges.
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Challenge

Proposed Solution

Selected Citations

Enhancing data representativeness,
availability and quality

Incentives

Gamification aspects

Convince the crowd for the usefulness and
importance of driving behavior
understanding in traffic and road safety
Utilize low-power wireless networks
Upload data when a Wi-Fi connection is
available

Share sensing data among multiple
systems

Change sampling rates

Anonymity, pseudonymity, spatial cloaking
Data perturbation and aggregation
Feature selection (Filter, wrapped methods)
Anomaly detection techniques

(Hossain, 2012;
Christin, 2016; Etemad
et al, 2018; J. Wang et

al, 2018; Yen et al,,
2019)

Identify the context from the data

Data fusion
Filtering algorithms
Feature Engineering

(Wahlstrom et al.,
2015)

Detect abnormal patterns and risky
drivers

Machine learning approaches
Determine universal thresholds for each
feature

(Bejani and Ghatee,
2018)

Modeling efficiency, transfer
learning and explainability

Apply resampling techniques
Generate synthetic samples
Transfer learning

Additional features

Big data analysis instead of small
experimental datasets

Outlier detection

(Yuan and Raubal,
2012; Hu et al,, 2018;
Maldonado and
Lépez, 2018; Roy et
al, 2018)

Raising awareness and changing
attitudes

Incorporate UBI schemes
Gamification

(Tselentis et al,, 2017,
Vlahogianni and
Barmpounakis, 2017b)

Lack of personalization

Build and validate driver models based on
real data
Observe real driving behavior

(Hasenjager and

Wersing, 2018;

Ponomarev and
Chernysheva, 2019)

Real-time operation

Artificial Intelligence
Prioritize tasks
Efficient memory management

(Shukla et al., 2018)

Moving from user-centric systems
to network level management

Estimate impact of user-centric solutions
Context-aware RL solutions for user-centric
systems

(Geroliminis and
Daganzo, 2008; Amini
etal, 2018)
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2.6 Research questions

Based on the results of the literature review, the research questions of this doctoral dissertation
are formulated as shown below together with the proposed approach for addressing them:

Question 1 (Q1)

Which are the main driving profiles that cover the wide range of driving behavior and how can
they be identified by exploiting smartphone data?

Question 2 (Q2)

Is it possible to classify the overall driving behavior of drivers into groups that share common
driving characteristics, and, if so, to what extent could it be classified?

Question 3 (Q3)

Could Artificial Intelligence techniques be exploited within the framework of a driving
recommendation system and ensure the requires degree of personalization of the produced
recommended actions?

Question 4 (Q4)

Which is the most appropriate Reinforcement Learning algorithm for supporting human
decision making?

Question 5 (Q5)

Is there a link between raising self-awareness and improving conditions of the entire network?
To what extent could the improvement of individual behavior affect traffic conditions?

Question 6 (Q6)

What kind of impact does the controlling of individual driving behavior have on driving and
road safety?

Question 7 (Q7)

How are emissions affected by the controlling of individual driving behavior? Is there a
significant change on environmental conditions when drivers improve their behavior?

-93-



E. G. Mantouka | Deep Reinforcement Learning Traffic Models for Personalized Driving Recommendations

3 METHODOLOGICAL APPROACH

In this section, the problem overview is described with respect to the specific objectives set
within this dissertation, together with the conceptual assumptions made. Subsequently, the
main structure of the methodological approach followed is presented, together with a
thorough description of each methodological step. Finally, the theoretical background of the
methods used in this dissertation is given in details.

3.1 Problem overview and assumptions

Driving behavior analysis has occupied researchers for many decades due to the complexity
of the process of decision-making during driving, but also due to the inability of researchers
to delineate driving behavior by defining thresholds that enclose specific driving habits. In this
dissertation it is attempted to overcome this limitation by exploiting a large-scale naturalistic
driving dataset and try to identify the underlined driving behavior patterns straight from the
data. For this purpose, an unsupervised learning approach will be followed so that observed
driving behavior is clustered into appropriate groups which share common driving
characteristics (driving profiles). In line with previous research, here as well, it is assumed that
every single driver exhibits a specific type of behavior during a trip which may be characterized
by either safe or unsafe driving maneuvers. More precisely, it is assumed that every driver
chooses to driver in a specific manner throughout their entire trip. One may think that a driver
may change their behavior even during the same trip, fact that is not far from reality, yet due
to data availability limitations, computational and operational limits researchers have not
investigated the dynamics of driving behavior on such microlevel. The in-depth analysis of
driving behavior at a time-window level of a trip would have been of great importance within
personalized ADAS systems that operate real-time. In this dissertation, in order to design a
self-determining system of providing personalized recommendations based solely on the
driver himself and their driving behavior, not taking any knowledge neither about the
environment nor the rest of the traffic, the approach of analyzing behavior at a trip-level is
followed.

In addition, it has been previously shown that each individual’s driving behavior is described
by great rates of volatility meaning that the driver alters the way they drive on every trip and
therefore, do not have a stable driving profile (Mantouka et al., 2018; Tselentis, 2018). Findings
in (Mantouka et al., 2019) revealed that drivers behave differently every time, performing trips
that fall within each one of the recognized categories of safe and unsafe driving style (trip-
level driving profiles). For the purpose of this work, and taking into account the fact that
specific driver profiles cannot be identified due to the high variability of behavior as described
above, the estimation of the overall driving behavior of a specific driver is based on a simple
statistical rule. The identified driving profiles are ranked based on a safety and cautiousness
scale and then, the average behavior of each driver can be derived as the average of the
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incidence of each driving profile. In this way drivers can be divided into groups that indicate
the rate of occurrence of safe and unsafe behaviors while driving accordingly.

Finally, in this work it is assumed that the way a driver chooses to drive is not independent
from the environment they drive in, the road geometry and the traffic conditions. Previous
research has shown that speed selection is highly correlated with the speed limit, road
illumination and visibility, road geometry and weather conditions besides drivers’
characteristics and perceptions (Sadia et al, 2018; Liu et al, 2020; Zolali et al, 2021).
Furthermore, deceleration decisions are highly dependent on each driver's risk perception as
well as on other external parameters such as the existence of traffic signals and traffic lights,
and the behavior of the leading car (Li et al,, 2020). Therefore, in order to achieve the goal of
developing an independent driving recommendation system that takes into account
exclusively driving behavior, it was considered that the driving style that one chooses to adopt
is determined solely by the choices of acceleration. In other words, it is assumed that the only
parameter of driving behavior over which the driver has absolute control and its value is
determined solely by the personal preferences of each driver is acceleration. For this reason,
the proposed system is trained to suggest the most appropriate alterations in acceleration
choices of each driver so that to improve driving safety in both a short- and long-term. The
methodological approach followed to achieve this goal is thoroughly described in the next
section.

3.2 General methodological framework

Developing a personalized driving recommendation system is not a trivial task, as state-of-
the-art methods are required to handle a number of challenging tasks from driving behavior
identification through smartphone data to agents’ efficient training for learning driving
behavior's dynamics using deep learning. In order to develop the Self-Aware Driving
Recommendation System, a structured procedure is followed, as shown in Figure 3-1.
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Starting from raw measurements of GPS location, acceleration and speed, as provided by a
telematics application established on smartphone devices, driving features are defined that
describe short-term and long-term driving behavior. Following, these features are utilized in
an unsupervised learning framework to identify driving profiles that can be used to describe
each driver’s overall driving behavior (Q1, Q2). Driving behavior is defined at:

e atrip level, which corresponds to the way the driver performed a specific trip, and
e auser level, which corresponds to the overall driving behavior of a specific driver in all
of his trips (driving footprint).

Unsupervised learning is used in exploratory analysis since it has the ability to automatically
identify structure in non-annotated data, and therefore is the most appropriate technique to
detect different driving behavior patterns which are obscured in the data. Unsupervised
learning, namely clustering, can be either soft or hard: in hard clustering, each data point either
belongs to a cluster completely or not, while in soft clustering, each data point is assigned a
probability or likelihood to be in each of the clusters (Bora and Gupta, 2014). For the purpose
of this research a hard clustering technique is implemented so that each driving trip is assigned
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to a specific driving profile which indicates that the driver has chosen to exhibit a specific
driving behavior during the trip. K-means clustering is the most well-known hard clustering
technique characterized by small computational requirements, robustness and interpretability.

Here, a two-level k-means clustering algorithm is implemented, in a selection of driving
features, in order to distinguish aggressive from non-aggressive trips within the first level, and
then further distinguish between risky and distracted driving with the second level of
clustering. Several driving features’ combinations were tested in the context of clustering, the
performance of which was evaluated through three distance-based metrics (silhouette index,
dunn’s index, and the Calinski-Harabasz criterion). After this procedure, each trip was assigned
to a specific driving profile (Q1), and then, using statistical measurements, the overall driving
behavior of each driver is identified (Q2).

Once driving behavior per trip is identified, and all drivers were separated into groups based
on their overall driving behavior, the driving recommendation framework is designed and the
appropriate algorithms are developed, using state-of-the-art Reinforcement Learning models
(Q3). Reinforcement Learning is considered a powerful tool due to its ability to learn optimal
policies of behavior, within large and complex environments, by a continuous process of
rewarding or punishing agents correspondingly to their actions (Morales, 2020).
Reinforcement Learning is a data-driven method: Drivers who are found to adopt a safe driving
behavior possess the knowledge of how to avoid the performance of unsafe driving
maneuvers. In order to exploit this knowledge straight from the observed behavior, a
reinforcement learning model is developed to learn how actions are taken under different
conditions and map actions to specific states of the environment, namely to learn the optimal
policy, without any previous knowledge. Speed and acceleration choices on a trip level
(average and maximum values and variation) can describe the current state of a driver's
behavior and their adjustment in future trips (either towards an improved or worsened
behavior) can be thought of as an action; quite similarly to the definition of a reinforcement
learning framework. The aim of the Reinforcement Learning algorithm is to learn the optimal
policy and suggest the appropriate action that leads to the best possible behavior. Specifically,
when dealing with driving behavior recommendations, every action refers to an adjustment of
the vehicle’'s kinematic characteristics including the adjustment of the vehicle's speed and
acceleration, which span within a continuous range of values. To this end, the RL algorithm
developed in this work should retain one extra property, the ability to handle continuous state
and action spaces (Q4).

In order to create a system that recognizes driving style and suggests improvements that
match the way everyone chooses to drive, we develop separate RL controllers one for each
driver type. The RL agents follow an actor-critic approach based on the Deep Deterministic
Policy Gradient algorithm (Q4). Both the actor and the critic are implemented as deep artificial
neural networks, the hyperparameters and the structure of which emerge after an exhaustive
grid search. The algorithms are trained using sequences of driving trips of the same driver as
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input, while the output of each RL controller is the optimal alteration in the acceleration of
each driver, given the way they drove in their previous trip.

Finally, the impact of improving individual driving behavior is assessed through a comparative
before-after microsimulation analysis, with respect to road safety, traffic and the environment
(Q5, Q6, Q7). Using the road network of Athens, Greece, a microsimulation scenario for the
morning rush hour demand, was set. For the initial conditions of the network the vehicles move
according to the characteristics governing each of the driving behaviors detected in the first
step of the methodological framework, while the traffic composition is based on the actual
distribution of trips over the driving profiles. In this way, driving diversity is ensured between
the vehicles and the traffic conditions in the network are simulated as realistically as possible.

Thereupon, a step-wise procedure is followed in order to extract all the essential information
from this first simulation scenario:

1. 10 replications of the simulation scenario are performed, all corresponding to exactly
3600 seconds of running time per replication, in order to ensure the robustness of the
results and eliminate the randomness of the findings.

2. The basic traffic flow parameters, namely flow, speed and density, are estimated for the
entire network and their mean values are used for the construction of the Macroscopic
Fundamental Diagrams, which are considered as the KPI of traffic conditions (Q5).

3. Using the Surrogate Safety Assessment Model (FHA, 2008) critical conflicts are
estimated by exploiting the information regarding the trajectories followed by each
vehicle in the simulation. The number of critical conflicts is estimated in an aggregated-
level as well as per vehicle, and acts as a KPI for the safety of the network (Q6).

4. The amount of harmful air pollutants is estimated by category of pollutant, in an
aggregated level and per vehicle as well. The number of emissions is considered as the
KPI of environmental conditions (Q7).

5. Statistical characteristics (mean, max, min, quartiles) of all driving parameters are
calculated, including acceleration, deceleration, speed, and speeding, for each vehicle.

6. The driving state of each vehicle is used as input to the corresponding RL controller,
which produces the optimal alteration of the acceleration.

7. For each individual vehicle the optimal acceleration is calculated with correspondence
to the action proposed by the recommendation system. A table containing the
acceleration values per vehicle is used as input for the second run of simulation.

In the second run of the simulation, all the conditions remain the same as before, namely the
simulation time, the demand, and the routes followed by each vehicle, with only exception the
acceleration values of the vehicles. In this case, the recommendation is followed, and after 10
replications, the crucial KPIs of traffic, safety, and environmental conditions are estimated. To
end, a critical discussion on the differences found in network’s performance is provided and
the impact of applying the personalized recommendations is quantified.

-98 -



E. G. Mantouka | Deep Reinforcement Learning Traffic Models for Personalized Driving Recommendations

3.3 Theoretical Background

The problem of identifying driving profiles from real-world driving data is generally an
unsupervised learning problem. In this dissertation, the most popular and at the same time
the most robust method for grouping unlabeled data, k-means clustering is used. The basic
principles of clustering along with its goodness-of-fit measures are presented in this section.

As far as it concerns the recommendation system, its development is based on the idea of an
agent that can learn how individuals choose to drive and how their behavior evolves between
sequential trips. By learning this information, the agent should then be able to learn which is
the most likely transition to safer behavior, given the current way of driving. This learning
process is approached in the modern literature by reinforcement learning algorithms. Later in
this section, the fundamentals of Reinforcement Learning and the most popular algorithms
are presented with a special focus on the algorithm that matches the objectives of this
dissertation, the Deep Deterministic Policy Gradient.

Finally, for the sake of completeness of the theoretical background, reference is made to traffic
flow theory fundamentals that describe traffic conditions on a road network, yet without
further analysis since these are the most basic knowledge in the field of transport engineering.

3.3.1  Clustering

Clustering is a well-known task of dividing a set of observations into a number of groups so
that the observations within the same group are similar. The most widely used clustering
technique is K-means clustering, where a cluster can be thought as a group of data points
whose interpoint distances (intra-cluster similarity) are small compared with the distances of
points outside of the cluster (inter-cluster similarity) (Kanungo et al, 2002). Specifically, the
following definitions have been given for the distance between the objects of different clusters
and the objects of the same clusters Figure 3-2:

e Inter-cluster distance is the distance between two objects belonging to two different
clusters

e Intra-cluster distance is the distance between two objects belonging to the same
cluster
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For each data point X, a corresponding set of binary indicator variables 1y, € {0.1} are
introduced, where k = 1, ....., K describing which of K clusters the data point X, is assigned to,
so that if a data point is assigned to cluster k then 7, =1, and r,,; = 0 for j # k. Then, an
objective function is defined, given by:

2

N K
Z Z TicllXn — pel (1)
n=1k=1

Which represents the sum of squares of the distances of each data point to its assigned vector
Uk, where i represents the center of the k™ cluster. The goal is to find values for {r,,;} and the
{ti} so as to minimize J (Bishop, 2006). The Pseudo-code of the Lloyd's K-Means algorithm is
the following (Mohd et al, 2012):

Algorithm 1: Lloyd's K-Means Algorithm

Input Replay memory size M, batch size d, number of episodes E, and number of time steps T
Initialize Main network weights 6
Initialize Target network weights 6~
Initialize Replay memory
fore=1,.., Edo
Initialize state s;, and action ay
fort=1,.,Tdo
Take action a, = argmax,Q™(s;, a; 6) with probability 1—€ or a random action with probability €
Get reward r; and observe next state st
if Replay capacity M is full then
Delete the oldest tuple in memory
end if
Store the tuple (s;, ay rt, st+1) to replay memory
Sample random d tuples from replay memory
T ift=T
Ve = +y max Q™ (S¢41, 41 67), otherwise
Perform policy gradient using y: for updating 8
Update target network every N step, 6~ =6
end for
end for
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Clustering validation measures evaluate the goodness of clustering results, and are considered
as key for the success of clustering applications. There is a variety of validation measures, such
as Silhouette index, Dunn’s index, Davies-Bouldin index, R-square, Hubert's I statistic, Calinski-
Harabasz criterion and many more. For the purposes of this dissertation, the following three
measures are used (Maulik and Bandyopadhyay, 2002; Kraft, 2012):

Silhouette index

For a given cluster, X; (j=1,....,c), this method assigns to each sample of X; a quality measure,
s@) (i=1, ....m), known as the Silhouette width, which is defined as:

S(i) = b(@) —a(®

~ max{a(i), b(i)} )

where a(i) is the average distance between the i sample and all of the samples included in X;,
‘'max’ is the maximum operator, and b(i) is the minimum average distance between the "
sample and all of the samples clustered in Xx (k =1,....,c; k # j). From this formula, it follows that
—1 < s(i) < 1. When a s(i) is close to 1, one may infer that the i sample has been assigned to
an appropriate cluster. When a s(i) is close to 0, it suggests that the i” sample could also be
assigned to the nearest neighboring cluster. If s(i) is close to -1, one may argue that such a
sample has been assigned to a wrong cluster. Thus, for a given cluster it is possible to calculate
a cluster Silhouette index S;, which characterizes the heterogeneity and isolation properties of
such a cluster:

1 m
Sj= EZ s(i) 3)
i=1

where m is the number of samples in S;.

Dunn's index

For any partition U e XX U..X, U..X, where X; represents the i’ cluster, the Dunn’s index

is defined as follows:

D(U) = min { min max (A(X0) 4)

1<jsc
j#i \1sksc

1<isc { 5(Xi,Xj) }

where 8(X; X)) defines the inter-cluster distance, the distance between clusters X; and X, A(Xy)
represents the intra-cluster distance of cluster Xk, and c is the number of clusters of partition
U. This index is easy to implement and has a low computational complexity. It is obvious that
large values of D(U) indicate better clustering.
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Calinski-Harabasz criterion

The cluster index of Calinski-Harabasz is calculated using the following equation:

[traceB/K — 1]
[traceW /N — K]

CH(K) = for KeN (5)

where B denotes the inter-cluster error, the error sum of squares between different clusters:
K
—  _52
traceB = ZICRI ||Ck - x|| (6)
k=1

and W the squared differences of all objects in a cluster from their respective cluster center
(intra-cluster):

K N
traceW = 2 2 wii||x: — C_k”2 (7)
k=1i=1

The maximal achieved value of the Calinski-Harabasz criterion indicates the best clustering of
the data.

3.3.2 Reinforcement Learning

Reinforcement learning has potential in the area of intelligent transportation due to its
generality and ability to achieve human level performance in many complex tasks. This
approach to learning is inspired by behaviorist psychology, where human and animal behavior
is studied from a reward and punishment perspective. In the structure of a RL system, an agent
interacts with an environment. After every discrete time ¢, the agent implements an action g,
the environment changes from the previous state s: to s:.7, and the agent gets a corresponding
reward r¢ (Figure 3-3).

State

Reward
B ———_

Action
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The environment is represented by a set of variables related to each problem. The combination
of all the possible values this set of variables can take is referred to as the state space. A state
is a specific set of values the variables take at any given time. Agents may or may not have
access to the actual environment's state; in any case, agents can observe something from the
environment. The set of variables the agent perceives at any given time is called an observation.
The combination of all possible values these variables can take is the observation space. (Nowé
and Brys, 2016)

In most of RL problems the agent has access to all the information that describe the
environment and therefore state and observation terms are used interchangeably. At every
state, the environment makes available a set of actions the agent can choose from. The set of
all actions in all states is referred to as the action space. The environment changes states as a
response to the agent’s action following the so-called transition function. After a transition, the
environment emits a new state and also provide a reward signal as a response. The function
responsible for this mapping is called the reward function (Morales, 2020):

r(s,a) = E[R¢|S¢—1 = 5,A¢-1 = 4] ©)

Usually, RL problems are modeled as a discrete-time Markov Decision Process (MDP) with a
tuple of (S, 4, P, R, v), which includes a state space S; an action space A of all possible actions;
a transition function P(s¢,1|s:, a;) which measures the probability of obtaining the next state
S¢+19iven a current state-action pair (s¢, a;); the immediate reward R(s;, a,) achieved at each
state-action pair, and y € (0,1) that denotes a discount factor (Tuyen and Chung, 2017).

- e

It is called a Markov Decision Process, since the state signal is assumed to have the Markov
property:

A stochastic process has the Markov property if the conditional probability distribution of future
states of the process (conditional on both past and present states) depends only upon the present
state, not on the sequence of events that preceded it (Bhattacharya and Waymire, 2007).
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A sequence of state-action pairs (s, a;) creates a trajectory &, also referred to as episode, with
discounted cumulative reward given by:

T
RE) = > vir(sar) ©
t=0

The algorithm used by the agent to determine its actions, i.e., its behavior, is commonly
referred to as a policy, denoted as . A policy is a function that prescribes actions to take for a
given state. In some cases, the policy may be a simple function or lookup table, whereas in
others it may involve extensive computation such as a search process (Sutton and Barto, 2018).
The policy is the core of a reinforcement learning agent in the sense that it alone is sufficient
to determine behavior. In general, policies may be either deterministic or stochastic, specifying
probabilities for each action.

If the algorithm estimates the optimal policy without using or estimating the dynamics
(transition and reward functions) of the environment, then it is called a model-free algorithm.
Otherwise, if the algorithm uses the transition function (and the reward function) in order to
estimate the optimal policy then it is referred to as model-based algorithm.

3.3.2.1 Q-learning

Q-learning is a model-free reinforcement learning algorithm, based on the well-known
Bellman Equation. When the agent follows a certain policy (m), then the Value (v;) of a
particular state is determined by the immediate reward plus the value of successor states
emerged from the Bellman Expectation Equation (Van Otterlo and Wiering, 2012):

Vr(s) = E[Rey1 + YVr(Se+1)1S: = 5] (10)

Where E stands for expectation and y is the discount factor. Re-writing the above equation in
the form of the Q-value results in the following:

Q"(s,a) = El[rpyq +¥res2 + V2143 + - |s,a]l = Es'[r +yQ™(s',a')|s, a] (17)

In other words, Q-value (Q) is similar to Value, except that it takes as an additional parameter,
the current action (a). Q™ (s, a) refers to the long-term return of the current state s, taking
action a under policy  (Van Otterlo and Wiering, 2012). The data structure used to match the
best action at each state based on the Q-values, is refer to as Q-table. The algorithm of Q-
learning is schematically presented in Figure 3-5.
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Initialize Q-table

Choose an action

Perform action

Measure reward

Final Q-table

Update Q-table

Figure 3-5. Schematic representation of Q-learning algorithm

Despite the fact that Q-learning has revolutionized the capabilities of reinforcement learning,
it fails to perform in big and complex environments with thousands of states and actions pairs.
In order to overpass such limitations researchers approximated Q-values with machine
learning models such as neural networks.

3.3.2.2 Deep Q Network

Advances in deep learning allowed significant progress in Reinforcement Learning with the
introduction of Deep Q Network (DQN) algorithm which is capable of handling discrete but
low-dimensional action spaces (Mnih et al,, 2013; Lillicrap et al, 2016). In a DQN the state is
given as the input and the Q-value of all possible actions is generated as the output. The
comparison between Q-learning and DQN is perfectly illustrated in Figure 3-6.

State-action
pair (s,a)

(s1,a) Q(sy,a;)
(s2,a) Q(sya)
(SSIai) Q(53Jai}

Q-value

state, action

(Snai) Q(sya)

Q value action 1

Q value action 2
ﬁ .

Q value actionn

Figure 3-6. Comparison between Q-learning & deep Q-learning
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Two techniques are essential in order to train a DQN; Experience Replay and a Target Network.

The basic idea behind experience replay is to storing past experiences of the agent and then,
using a random subset of these experiences to update the Q-network, instead of using the
most recent experience. This is done in order to prevent action values from oscillating or
diverging tragically. The replay memory contains a collection of experience tuples in the form
of (s¢,as, 13, S¢41)- The act of sampling a small batch of tuples from the replay memory is
referred to as experience replay.

The target network is basically a copy of the Q-network which allows more stable training.
Specifically, when an update is performed to the Q-networks’ parameters in order to make Q(s,
a) closer to the desired result, it consequently alters the value produced for Q(s’, a’) as well.
This can make the training very unstable and thus, to overcome this issue, a target network
with the same structure as the Q-network is used. It should be highlighted that the target
network’'s parameters are not trained, but they are periodically synchronized with the
parameters of the main Q-network.

The pseudocode of the DQN Algorithm is as shown below:

_Algorithm 2: DQN Algorithm
Input Replay memory size M, batch size d, number of episodes E, and number
of time steps T
Initialize Main network weights 6
Initialize Target network weights 6~
Initialize Replay memory
fore=1,.., Edo
Initialize state s;, and action a;
fort=1,.,Tdo
Take action a; = argmax,Q™(s;, a; 6) with probability 1—€ or a random
action with probability €
Get reward r; and observe next state s:.7
if Replay capacity M is full then
Delete the oldest tuple in memory
end if
Store the tuple (s; ay rt, St+1) to replay memory
Sample random d tuples from replay memory

Ty, ift=T
Yt =11 + y max Q" (Se41, Arsn; 07), otherwise
a

Perform policy gradient using y: for updating 8
Update target network every N step, 6~ =6
end for
end for

3.3.2.3 Policy Gradient
Despite the fact that DQN achieved huge success in higher dimensional problems, the action
space remains discrete. However, in a great variety of tasks, especially physical control tasks,
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the action space is continuous. In order to solve more complex problems, where both state
and action spaces are continuous, Lillicrap et al. (2016) took advantage of the Deterministic
Policy Gradient algorithm (Silver et al, 2014), and introduced the Deep Deterministic Policy
Gradient algorithm (DDPG), which is a model-free, off-policy actor-critic algorithm which uses
deep function approximators that can learn policies in high-dimensional, continuous action
spaces. The basic idea behind the DDPG algorithm is that it follows a stochastic approach for
exploring all possible actions but estimates a deterministic policy.

A key feature of the DDPG algorithm is its simplicity since it requires only a straightforward
actor-critic architecture and a learning algorithm, making it easy to implement and scale up to
a series of difficult problems (Lillicrap et al, 2016). In the actor-critic algorithm, the actor,
namely the policy function, generates an optimal action given the current state. In other words,
an actor is used to tune the parameter 0 for the policy function, i.e., decide the best action for
a given state. A critic is used to evaluate the policy function estimated by the actor based on
the temporal difference (TD) error.

ACTOR
> (POLICY)

STATE ACTION

CRITIC

> (VALUE FUNCTION)

REWARD

ENVIRONMENT €—

More specifically, the actor holds the policy function u(s|6*) which generates an action given
the current state. The critic evaluates an action-value function Q(s, a|89) based on the output
from the actor, as well as the current state (P. Wang et al,, 2019) to ensure that it is the optimal.
The actor and critic are designed with neural networks. The deterministic policy gradient
theorem (Silver et al., 2014) provides the update rule for the actor network.

Policy Gradient Theorem: The derivative of the expected reward is the expectation of the
product of the reward and gradient of the log of the policy my.

The critic network is updated from the gradients obtained from temporal-difference errors,
which can be formulated as follows (P. Wang et al,, 2019):

- 107 -



E. G. Mantouka | Deep Reinforcement Learning Traffic Models for Personalized Driving Recommendations
VBH_M ~ E[.L [VCLQ(SJ aIQQ)|s=st,a=u(st) Veulu(sleu)|5=5t] (72)

For a mini-batch, the critic network is updated by minimizing the loss in (4). The actor policy
is updated with sampled policy gradients as shown in (5).

1 Q 2 ! ! ! Qr
L= NZ(yi — Q(s;,a;109)", where y; = 1; + yQ'(Sis1, 1 (51411016 (13)
7

The updates of the target critic and target actor networks are as follows:
oY 0° 1-1)8Y
O o e, (14
O «1o* + (1 —1)0*
where T is an update parameter and can be setas T < 1.

The pseudocode for implementing the DDPG algorithm is as follows (Lillicrap et al, 2016).

Algorithm 3: DDPG Algorithm
Randomly initialize critic Q (s, a|89) and actor u(s|8*) with weights 8%and 64
Initialize target network Q' and u' with weights 89" « 8¢, g#' « g
Initialize replay buffer R
for episode=1, M do
Initialize a random process NV for action exploration
Receive initial observation state s;
fort=1,T do
Select action a; = ,u(st|9#) + V; according to the current policy and exploration noise
Execute action a; and observe reward r; and observe new state sy, 1
Store transition (S¢, @, 1, S¢41) IN R
Sample a random minibatch of N transitions (s;, a;, 13, S;+1) from R
Set; =1y + Q' (S, ' (514110%)|0)
Update critic by minimizing the loss: L = %Zi(yi —Q(s;, ailé’Q))2
Update the actor policy using the sampled policy gradient:

1
VG,,_ = NZ[VCLQ(S: aleQ)|s=st,a=u(st) VQMM(S|9”)|S=&]
t

Update the target networks:
09 <102+ (1-1)8Y
O* «— 10* + (1 —1)8™
end for
end for

Contrary to the value-based methods, in policy-gradient methods the aim is to maximize a
performance objective. In value-based methods, the main focus is to learn to evaluate policies.
For this, the objective is to minimize a loss between predicted and target values. More
specifically, the goal is to match the true action-value function of a given policy, and therefore,
to parametrize a value function and minimize the mean squared error between predicted and
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target values. When true target values are not available actual returns are used instead in
Monte Carlo methods or predicted returns in bootstrapping methods (Morales, 2020). In
policy-based methods, on the other hand, the objective is to maximize the performance of a
parameterized policy, and therefore gradient ascent is used (or executing regular gradient
descent on the negative performance). It's rather evident that the performance of an agent is
the expected total discounted reward from the initial state, which is the same thing as the
expected state-value function from all initial states of a given policy.

The main advantage of learning parameterized policies is that policies can be any learnable
function. In value-based methods, one can work only with discrete action spaces, mostly
because the maximum value should be calculated over all the actions. In high-dimensional
action spaces, this max could be prohibitively expensive. Moreover, in the case of continuous
action spaces, value-based methods are severely limited. Policy-based methods, on the other
hand, can more easily learn stochastic policies, which in turn has multiple additional
advantages. First, learning stochastic policies means better performance under partially
observable environments. The intuition is that because arbitrary probabilities of actions can be
learnt, the agent is less dependent on the Markov assumption (Morales, 2020).

3.3.2.4  Some evidence from relevant work

Over the last couple of years there has been a big increase in the application of Reinforcement
Learning in a variety of problems that mostly include video games, robotics (Kober et al., 2013)
and autonomous vehicles (Wang et al, 2018). The application of RL to solve control problems
falls into two categories regarding the action space. One is discrete action space where a set
of discretized actions are stored as control commands, as opposed to the continuous action
space in which any real number can be sampled within the allowed threshold. In the case of
discrete action spaces, the difficulty of finding an optimal action in a finite space is minimized,
but the control accuracy is sacrificed.

A Q-learning method is adopted in (You et al, 2018) where an autonomous vehicle learns to
accelerate, brake, overtake and make turns under different highway driving scenarios taking
onto account road geometry conditions. Mukadam et al. (2017) proposed a framework that
uses deep reinforcement learning solely to obtain a high-level policy for tactical decision
making for self-driving cars during lane change. In (Wang et al., 2019), the authors apply DDPG
for learning driving behaviors of autonomous vehicles, and particularly in the challenging task
of lane change. Importantly, they do not leverage any prior knowledge of the environment
and vehicle kinematics but instead, they trained the RL agent through a well-designed reward
function.

There are some limited studies on the driving control field that treated the action space as
discrete in order to simplify the problem or improve learning efficiency. Zhang et al. (2018)
used Double Q-learning to learn vehicle speed control where the agent learns to either
accelerate, decelerate, or maintain. An Asynchronous Actor Critic (A3C) method is applied in
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(Jaritz et al,, 2018) to learn car control in rally games in an end-to-end framework in which the
control commands were broke into 32 distinct classes. The Deep Q-network (DQN) approach
is proposed in (Hoel et al,, 2018) to address both speed control and decision making for lane
change situations.

Some studies have attempted to treat the vehicle control problem in continuous spaces. For
example, P. Wang et al (2018) take advantage of prior knowledge of the vehicle control
mechanism and proposed a quadratic Q-function approximator to find optimal actions. Sallab
et al. (2017) have used a deep Q- network and Deep Deterministic Actor Critic (DDAC) model
in order to compare the effect of using discrete action space and continuous action space
respectively, for the lane keeping task. Their findings revealed that both methods could
achieve successful lane keeping behavior, however, the DDAC model showed better
performance with smoothed actions. Liang et al (2018) followed a Controllable Imitative
Reinforcement Learning (CIRL) approach to constrict the action exploration in a controllable
action space and developed a DDPG model. Kaushik et al. (2018) also used DDPG to learn
overtaking maneuvers in continuous action space. The agent at first learns simple tasks (e.g.,
lane keeping) and then, moved on to complex tasks namely overtaking. Another study
proposed a deep reinforcement learning approach where an RL agent learns human-like
driving behavior through trial and error interactions based on a reward function that signals
how much the agent deviates from the empirical data (Zhang et al, 2018). Through these
interactions, an optimal policy can be learned, namely the car-following model that maps in a
human-like way from speed, relative speed between a lead and following vehicle, and inter-
vehicle spacing to acceleration of a following vehicle is finally obtained.

In most of these studies the reward function is constructed in such a simplify way that it cannot
reflect the goodness of a specific action and therefore, the agent cannot be trained towards
the best possible policy. To allow efficient and effective learning, a good reward function
should provide informative signals for every state-action pair and reveal useful information in
the learning procedure (P. Wang et al, 2019). Although it is not hard to design a reward
function which gives evaluation values, it is very difficult to create an instructive reward
function which can guide the RL agent to move toward the right policy.

It is evident that little work has been done in the field of applying RL algorithms for human
driving guidance and control and even more less in more complex continuous environments.
Therefore, there is a huge active field of research that needs to be explored and it can
revolutionize design driving control systems, ADAS, cooperative Intelligent Transportation
Systems (c-ITS) or even autonomous driving.
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4 IMPLEMENTATION

In this section, analysis conducted in each methodological step is presented step by step, a
complete view on the available data which describe naturalistic driving behavior dynamics and
emerged from smartphone crowd-sensing are described and the main elements of the
implementation of the methods used are discussed in details. The detailed workflow of the
tasks from driving behavior identification using smartphone data to the development of the
RL controllers and the impact assessment is shown in Figure 4-1. Initially, a two-level k-means
clustering approach is followed to identify a variety of driving behavior patterns that emerge
during a trip. The identified driving profiles include the entire range of driving preferences and
habits that a driver exhibits, spanning from a cautious and safe behavior, to aggressiveness
and unsafe driving habits such as distraction and risk taking. Once driving behavior on a trip
level is detected, the overall driving profile of each user is estimated as the average behavior
resulting from all their trips, which from this point onwards will be referred to as “user profile”.
Taking into consideration statistical characteristics of the user profiles, drivers were separated
into to two main groups, those who adopt a typical behavior, where most of their trips are
characterized by safe driving, and the rest of the drivers belong to the unsafe drivers' group
since their trips are characterized by aggressiveness, distraction, riskiness or even a
combination of these driving habits.

Subsequently, two driving controllers are developed based on a Reinforcement Learning
algorithm; the first one produces driving recommendations for the typical drivers, while the
other one produces recommendations for the unsafe drivers’ group. The aim of the
recommendation is to propose the most appropriate alteration in the behavior of each driver
so that they improve the way they drive in terms of safety and aggressiveness extenuation. In
order for these recommendations to represent real driving behaviors and not an ideal but yet
unrealistic behavior, the controllers are exploiting naturalistic driving data for their training.
The design of the system is based on the idea that a driver is being monitored over an
adequate number of trips so that their driving behavior can be identified both on a trip and a
user level. Then, driving behavior alterations are suggested that correspond to the way that
each driver should drive over his next trip based on the way he drove during his last trip. The
proposed system is independent to the environment where the trip is performed while
focusing only on the dynamics of driving behavior of a specific driver during their trip, and
therefore, the RL approach is not context-aware. The Deep Deterministic Policy Gradient
algorithm is implemented since both the state and the action space are continuous as will be
explained later in this section.
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Once the two controllers are trained and ready to produce the most appropriate actions to
each individual driver, a microsimulation scenario is set up to evaluate the impact that the
application of a personalized driving recommendation system would have on traffic, safety
and the environment. Two circles of simulation are performed corresponding to the initial state
of the network and the performance of the network after the recommendations, respectively.
The simulation scenario setting utilizes the Athens’ Road network and the already calibrated
transportation demand. Finally, in order to quantify the impact of the proposed system several
Key Performance Indicators (KPIs) are used. The Macroscopic Fundamental Diagrams of each
cycle of simulation are estimated and present the differences that emerged between the main
macroscopic flow variables, flow, speed and density. As far as it concerns road safety, the
number of conflicts is estimated before and after the recommendation, with a special focus on
rear-end conflicts which mostly represent the impact of car-following behavior. Finally, with
respect to the environmental impact, the amount of harmful air pollutants per vehicle is
estimated.

-112 -



E. G. Mantouka | Deep Reinforcement Learning Traffic Models for Personalized Driving Recommendations

The application of the proposed methodology required the development of numerous
targeted scripts in both Python and R programming language. The implementation of the
driving behavior identification methodology was mostly performed utilizing R programming
language, while the Reinforcement Learning algorithms were developed in Python
programming language, using various widespread packages such as Tensorflow, Numpy and
Pandas. Additional details for the algorithmic implementation are given in the corresponding
sections that follow. Moreover, several open-source software and tools were used to
accomplish the objectives of this dissertation, and specifically, QGIS was used for the intuition
and visualization of the data, SUMO (Simulation of Urban MObility) simulator was used to
perform the simulations, large-scale data handling and xml files’ modification was performed
through the Atom software and the Surrogate Safety Assessment Model (SSAM) was utilized
for the estimation of crucial conflicts between vehicles. A graphical demonstration of the
programming language and the software exploited in each step of the methodological
framework is nicely offered in Figure 4-2.
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Figure 4-2. Software and tools used in each methodological step.
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4.1 Naturalistic Driving Data

One of the main innovation aspects of this dissertation is the use of a large-scale naturalistic
driving dataset which comes in contrast to traditional data sources such as driving simulations
and on-road guided experiments. The corresponding data were collected from the OSeven
application through smartphone crowd-sensing.

4.1.1  The Oseven platform

OSeven Telematics is a company that works in the fields of insurance telematics and driving
behavior analysis. Since 2015, OSeven has been developing a complete system for the
recording, evaluation, storage, and visualization of driving data, enabled by machine learning
algorithms, driving scoring models and gamification schemes. The data recording is carried
out through the OSeven smartphone application for both iOS and Android operational
systems. The application exploits smartphone’s embedded sensors in order to collect valuable
data concerning among others trip characteristics, driving behavior, eco behavior and
searching for parking behavior.

The application which is always running in the background of the smartphone’s operating
system, starts data recording at the beginning of every trip without requiring any user action.
According to the OSeven algorithms, a trip is defined as the time period from the beginning
of the driving task until a stop of driving of at least five minutes is detected. Data recording is
conducted with a frequency of at least 1 Hz. Data are stored locally in each user’s device, until
it is wirelessly transmitted to the OSeven backend office through WiFi or mobile network data
(3G/4G), based on user’s preferred settings. All data stored in the OSeven backend system use
advanced encryption and data security techniques in compliance with the national laws and
EU directives for the protection of personal data (e.g., GDPR). The API used supports user
authentication and encryption to prevent unauthorized data access. All data provided by
Oseven are in a fully anonymized format. The data flow system of the OSeven platform is
illustrated in Figure 4-3.
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Using a variety of criteria, the application starts to collect raw data from smartphone using
accelerometer, gyroscope and GPS sensors. The accelerometer can record a smartphone's
acceleration in m/s® in respect to gravity acceleration while the gyroscope records
smartphone’s angular velocity in rad/sec. Finally, GPS data are collected to record the speed
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of the vehicle and the coordinates of the vehicle. Since the application is using cloud-based
services, after the automatic detection of the end of the trip, data are uploaded to the server
for storage in an anonymized way and are ready for further process. First, data noise is
excluded from the database using sophisticated data cleaning procedures, so that to correct
the raw accelerometer data and specifically, to reorient the smartphone-referenced coordinate
system in relation to the vehicle coordinate system (Vlahogianni and Barmpounakis, 2017a).
This problem of identifying and correcting the positioning of a smartphone is treated by
applying a dynamically updated reorientation algorithm which corrects the sensors’ signals to
address the uncertainties that stem from the arbitrary positioning of smartphones inside
vehicles based on the Euler’s rotation theorem (Vlahogianni and Barmpounakis, 2017a).
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Subsequently, data is converted into meaningful behavior- and safety-related parameters.
Driving data processing results in the estimation of more than 400 metadata which include
trip characteristics, driving behavior characteristics, parking characteristics and some more.
These parameters along with additional data from external sources (e.g., maps) are
subsequently exploited to implement individual driver’s statistics, on all different road types
(urban, highway, etc.) and under various driving conditions, enabling the creation of a large
database of driving characteristics.

4.1.1.1 Some remarks on harsh events detection

One of the most critical behavior which can be detected from driving data is aggressiveness.
Within this dissertation, as well as in previous research that exploits data collected through the
Oseven application, harsh events stand as the main index of driving aggressiveness. In order
to detect aggressive driving tasks such as harsh acceleration, deceleration and cornering, the
Oseven platform has developed sophisticated machine learning algorithms and data fusion
techniques. Using accelerometer, gyroscope, and GPS related values, as input parameters,
OSeven algorithms can detect harsh driving maneuvers with enough precision. It should be
noted that the determination process of whether a driving maneuver constitutes a harsh event
or not, does not rely on any predefined threshold or arbitrary rule, but instead has come as a
result of a series of analyzes based on data fusion and advanced data mining techniques. The
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reliability of the identified harsh events has been repeatedly evaluated over the years both on
scientific and commercial contexts.

4,1.2  The data sample

For the purpose of the specific research, the naturalistic driving database included 153,953
trips made from 696 unique drivers from December 2017 to August 2019. It should be
highlighted that the dataset was provided in an anonymized format, since the only available
information for each user was an identifier that it cannot be connected with any personal data.
The trips were performed all around Greece, nevertheless the majority of them were conducted
within the Region of Attica. For each trip, a variety of variables are available which include
statistical measurements of acceleration and deceleration during a trip, speeding
measurements that describe smoothly and with speed excess driving, as well as mobile usage
indicators that describe how cautious the driver is. Table 4-1 presents the driving parameters
used in the specific research.

Variable Description Unit
harsh_acc_per_min Average number of harsh accelerations performed per minute events/min
acc_avg Average acceleration m/s?
acc_std Standard deviation of acceleration m/s2
acc_q90 90% percentile of acceleration m/s?
acc_max Maximum acceleration m/s?
harsh_brk_per_min Average number of harsh decelerations performed per minute events/min
dec_avg Average deceleration m/s2
dec_std Standard deviation of deceleration m/s?
dec_q90 90% percentile of deceleration m/s?
dec_max Maximum deceleration m/s>
speed_max Maximum speed km/h
mbu Percentage of driving with mobile usage %
speeding_percentage Percentage of driving with speed over the speed limit %

The main characteristics of the dataset as they emerged from the analysis performed herein,
are given in Table 4-2.

Total Safe Unsafe
Number of trips 153,953 66,566 87,387
Number of drivers 696 197 499
Average number of trips per driver 221
Minimum number of trips per driver 16
Average km travelled per driver 2,510 km

Previous research has shown that there is a minimum amount of driving data that should be
collected for each driver in order to obtain a clear picture regarding their own driving behavior
(Stavrakaki et al., 2020). This amount of necessary data depends on a number of parameters
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that include road type, driving aggressiveness, driving behavior volatility etc. An order of
magnitude for the required number of kilometers traveled by a driver explicitly in an urban
environment, in order to be able to study their driving behavior, is approximately 500
kilometers (Tselentis, 2018). The statistical characteristics of the total amount of distance
traveled for the drivers in the sample are presented in Figure 4-5. The average total driving
distance per driver in the sample is 2,510 km, corresponding to an average of 63 hours of
driving, while the corresponding distance in urban environment is 917 kilometers.
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4.1.3 Sample representativeness

A significant innovation aspect of this dissertation is the development of a novel data-driven
framework which aims to identify individual driving behavior and build a personalized driving
decision support system. On the one hand, the data-driven approach allows to recognize real
patterns straight from the data contrary to other approaches that use arbitrary assumptions.
On the other hand, the results emerged from a data-driven analysis are inextricably linked with
the specific sample, and only under specific conditions they can be generalized for the entire
population. In most cases it is unclear whether the sample used to train the model is
representative of the corresponding population and also whether its characteristics (driving
behavior in the specific case) are similar to those of other samples of different population, e.g.,
drivers from other countries. Therefore, two main issues may arise when following a data-
driven approach which refer to the generalization and transferability of the developed model
and their outputs; yet the proposed methodological approach can still be transferable and
easily interpretable to other samples as well, probably leading to different results.

When relevant data become available, indicatively including drivers' personal information such
as gender, age and driving experience, it is vital to evaluate and tune the proposed
recommendation system in order to ensure that unbiased outcomes are produced.
Nevertheless, the dataset used in this work is user-agnostic and fully anonymized, and thus
the representativeness of the sample could not be assessed.
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4.2 Driving Profiles Identification

The first objective of this dissertation is to establish a methodological framework which can
easily extract driving behavior profiles from raw smartphone sensed data. For this purpose, a
clustering approach is implemented, and critical driving patterns are identified. All the
necessary data processing and data filtering procedures as well as the clustering algorithm is
implemented in R programming language using the RStudio environment.

4.2.1 Driving behavior per trip

The identification of driving behavior during a trip is based on a two-level clustering approach.
Specifically, as also proposed in (Mantouka et al, 2019), a two-stage k-means clustering is
implemented on a selection of driving features such as: harsh events (acceleration and
braking), acceleration and deceleration statistics (average, maximum and standard deviation),
driving with excessive speed and distraction (mobile usage). The first level of clustering aims
at isolating aggressiveness from the rest of unsafe driving patterns, as previous research has
shown that although aggression is related with various unsafe driving habits, it does not
necessarily imply an unsafe driving each self (Kockelman and Ma, 2018; Zahid et al., 2020).

For the first level of clustering, the number of clusters is set to k=2 and clustering is
implemented on Euclidean distance matrix. Two of the variables that are used for the above
procedure describe the number of harsh alterations of the longitudinal position of the vehicle
(acceleration and deceleration), while the rest of them are essentially indices of the average
acceleration and deceleration of the trip. The results of this first implementation of the k-
means clustering are presented in Table 4-3.

S. % of v%5 65 4f 38 e
$s%f S 9% 55% 2% 9% 55% 2% s
225 §5 $3 E53 %e 83 5E4 %4 EE
8 g S 9 &0 .8 %
ve g8 <Y HiFY u < 9 259 3] 5
Aggressive trips 0150 02081 1.748  1.525 3847 -1968 1843  -4547 71263

Non-aggressive trips 0.028 0.051  1.137 1.052 2503  -1.282 1.286 -2.926 82690

Based on the clusters’ centers, the trips can be distinguished between aggressive and non—
aggressive driving, since trips belonging to the first cluster are featured by aggressive driving
characteristics, such as great acceleration and deceleration metrics and significantly higher
rates of harsh events per minute of driving. The figure below (Figure 4-6) shows the relations
between the variables used for clustering the data into two groups, as well as the way the
observations are distributed between the two clusters.
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Figure 4-6. First stage clustering results: Clusters based on pairs of all variables
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The performance of the clustering algorithm was assessed using the silhouette index which in
this case was estimated 0.46 while the dunn’s index was 4.18 - 107, indicating that well-
separated clusters were achieved (Figure 4-7).

Component 2

Component 1

The second level of k-means clustering was applied separately to the two groups that emerged
from the first level of clustering using two driving parameters: the percentage of driving with
mobile usage and the percentage of driving with speed over the speed limit. Results of this
second level of clustering are presented in the table below.

Percentage of Percentage of driving with .
. . . Number of trips
mobile usage speed over the speed limit
Aggressive trips
Distracted 0.511 0.062 4505 (2.9%)
Aggressive 0.019 0.032 54394 (35.3%)
Risky 0.023 0.269 12364 (8%)
Non-aggressive trips

Risky 0.021 0.306 12494 (8.1%)
Moderate 0.014 0.029 66566 (43.2%)
Distracted 0.514 0.057 3630(2.4%)

The resulting clusters seem to reveal richer driving profiles: distracted driving is recognized by
higher values of the percentage of mobile usage while driving, while risky driving is identified
through higher values of percentage of driving with speed over the speed limit. The two
remaining clusters which have the lower values in both measures are annotated as “aggressive”
and "moderate” for the aggressive and non-aggressive trips subsets respectively.

Regarding the performance of the second level of clustering, the silhouette index was
estimated 0.52 in the case of the data subset that includes the aggressive trips and 0.55 for
the non-aggressive trips, while the dunn'’s index was 5.57 - 107> and 2.44 - 10~> respectively.
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2nd stage clustering - Aggressive trips 2nd stage clustering - Non-aggressive trips
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These two components explain 100 % of the point variability. These two components explain 100 % of the point variability.

4.2.2  Some discussion on driving behavior

The analysis performed on the real driving patterns highlighted the complexity of driving
behavior and additionally, the variety of parameters that can define it. In this section, the most
significant outcomes regarding the characteristics that govern driving behavior together with
the differences that appeared between the identified driving profiles are discussed.

Findings revealed that, as shown in Figure 4-9, and in line with previous research, speeding
behavior is much more severe in the case of non-aggressive trips, which indicates that
aggressiveness does not necessarily imply an unsafe behavior such as driving over the speed
limit (Kockelman and Ma, 2018). For this reason, some studies have distinguished between
aggressive driving and driving that may be dangerous but not necessarily aggressive with
regards to the driver’s intentions (Richer and Bergeron, 2012; Zahid et al., 2020).

speeding percentage

01

0.1 0.2 0.3 0.4 05 0.6

mbu

e Mon-aggressive trips e Aggressive trips

In order to give the complete picture of risk-taking while driving, the statistical characteristics
of speeding percentage were calculated and they are presented for all trip profiles in Figure
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4-10. Noteworthy differences can be observed between the profiles, where the greater values
and amplitude of speeding percentage appears on the so-called “risky” profiles. Interestingly,
risk taking is slightly impaired in the case where the drivers also exhibit aggressiveness
(aggressive-risky profile) as well.

1.00-

0.75-

0.50-

speeding percentage

0.00-

! ! ! ! ! !
aggressive aggressive-distracted aggressive-risky distracted muoderate risky
Driving profile

Figure 4-11 shows the descriptive statistics of the average acceleration of the six identified
profiles. Significant differences appear especially when comparing aggressive with non-
aggressive driving profiles. The three aggressive profiles have greater average acceleration
metrics, while non-aggressive profiles present a more condensed boxplot. Such findings
indicate that acceleration decisions can be considered as the most appropriate indicator of
one’s personal driving style as they are only dependent on the driver's perception and
preference between smoothly or harshly accelerating. Indeed, in recent literature, a driver's
driving style is usually defined by their acceleration profile (Zhang et al., 2020; Fafoutellis et al,
2021). Liu et al. (2019) claimed that studies on acceleration behavior could enhance human-
like driving ability of the driving automation systems and autonomous vehicles.
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On the contrary, the selection of the appropriate speed is highly correlated with the road
geometry and road traffic. More specifically, the road speed limit value has a significant impact
on driving speed, and thus, a driver will choose to increase or decrease speed based on this
value (Hamzeie et al., 2017; Liu et al., 2020). Previous research has also shown that other critical
determinants of drivers’ speeding behavior are the road illumination, the presence of
horizontal curves and longitudinal slope changes (Sadia et al., 2018). Other researchers also
have shown that speed choice is affected by route familiarity and more precisely, speed
increases with the repetition of driving on the same route (Colonna et al,, 2016).

Finally, deceleration decisions are usually dependent on the leading vehicle's behavior and
traffic signals. A great body of literature has analyzed drivers’ deceleration behavior at
signalized intersections, with a great focus on the onset of a yellow-phase transition (El-
Shawarby et al, 2007, 2011; Rittger et al, 2015). More recent literature has also developed
emergency braking systems for electric and autonomous cars, which are able to detect the
environment and perform emergency decelerations if necessary (Cicchino, 2017; Min et al,
2019). This fact implies that in some cases deceleration decisions are highly correlated with
exogenous parameters, such as the existence of other road users (pedestrians, cyclists, etc.),
the behavior of the leading vehicle, unexpected events and many more (El-Shawarby et al,
2007; Angkititrakul et al., 2009).
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4.2.3  Average driving behavior per driver

In order to separate drivers into groups with the same driving preferences, an average driving
profile of each individual was identified by applying a simple rule. All four driving profiles
indicating an unsafe driving behavior (Risky, Distracted, Aggressive-risky, Aggressive-
distracted) were grouped as the worst class (3), aggressive trip profiles constitute the second
class (2), while trips with typical characteristics belong to the first class (1), as shown in Figure
4-12. For each individual driver, an average from all their trips is estimated and drivers are
separated into two main groups based on their average behavior, as follows:

e Moderate/typical drivers: trip average < 1.5
e Reckless drivers: trip average > 1.5

% | Moderate profile % | Moderate profile Iy
E Aggressive g Aggressive }—> 2)
S (Risky S (Risky

; Distracte.:d | Unsafe behavior ; Dlstractt.ad . )
m |Aggressive — Risky = | Aggressive — Risky

% goressive — Distracted E Aggressive — Distracted

For each individual driver, an average of the annotations from all their trips is estimated, where
trip average less than 1.5 implies a moderate/typical driver and trip average greater than 1.5
refers to reckless drivers. Based on the statistics presented in Figure 4-13, trip average less
than 1.5 indicates that at least 60% of the trips performed by a driver are characterized by
“moderate” driving behavior. In order for the developed controller to be as adaptive as
possible to each individual's behavior, the proposed framework should be very strict when
characterizing a driver as "typical/moderate” in order to avoid suggesting changes in behavior
that the driver himself is impossible to follow as they will be far from his own average behavior.
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4.3 Building the RL Controllers

The recommendation system proposed within this dissertation is basically a decision support
system for drivers that aims at mitigating aggressiveness and riskiness. Its development is
based on a Reinforcement Learning algorithm which is capable of producing the optimal
behavior alteration for each driver given the way they have drove over their last trip.

4.3.1  Conceptual design

Driving is a complex task since it requires from the driver to take both strategic and dynamic
decisions as well as adapt their behavior to emerging conditions of the network. Contrary to
the already developed ADAS, the system here has the following three state-of-the-art
characteristics:

1. It is personalized, which means that it recommends the best driving actions to each
individual taking into account their specific requirements and driving preferences.

2. It is self-aware, which means that the system takes into account previous behavior of
each individual driver in order to propose the most suitable driving recommendations.

3. ltis autonomous, meaning that it does not require any external input from the network
or the traffic. Driving recommendations aim to improve individual driving behavior on
its core, namely acceleration and deceleration decisions.

In order to develop the Self-Aware Driving Recommendation Assistant (SADRA) which is
proposed here, a structured procedure is followed. First, the total trip database is divided into
two, based on the average driving profile of each driver. In particular, the first database
includes the trips of all drivers belonging to the "typical-safe" drivers, while the second includes
all the trips of drivers with unsafe average driving behavior. For the sake of brevity, from this
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point on, the RL controller that corresponds to the “typical” drivers is referred to as SADRA —
[, while the corresponding controller for the reckless drivers is referred to as SADRA — Il
respectively.

4.3.2 Problem setup

Every RL agent consists of three main components: states, actions and rewards. In each
timestep the agent observes the current state of the environment and takes the appropriate
action from the set of the possible actions. Then, the agent receives a reward which measures
the success or failure of the agent’s actions for the given state.

In this study, the environment states are defined through a five-dimensional vector that
describes how a driver drove during their trip and includes trip’s average acceleration (dav),
90% percentile of acceleration (ag), average deceleration (davg), 90% percentile of deceleration
(dso) and percentage of driving with speed over the speed limit (speeding):

s = {aavg: Qgo, davg: dqg, speeding} (15)

Our recommendation system is not context-aware which means that its ultimate goal is to
improve individual's personal driving style independently from the road setting they are
driving in (type of road, traffic conditions, etc.). The selection of the appropriate speed is not
independent from the road geometry and road traffic, as well as deceleration decisions are
not always independent from the leading vehicle’s behavior and traffic signals. Therefore, the
only parameter that purely describes one's driving style is the acceleration, as it is only
dependent on the driver's perception and preference between smoothly or harshly
accelerating. Indeed, in recent literature, a driver's driving style is usually defined by their
acceleration profile (Zhang et al,, 2020; Fafoutellis et al, 2021). To this end, actions that the
system produces and are proposed to the driver belong to a continuous action space which is
defined by a two-dimensional vector including a change in average acceleration and in the
90% percentile of acceleration, which define the usual/preferred acceleration for the entire trip
in regular situations and the value that should not be exceeded, e.g., when performing
overtaking maneuvers, except from cases of emergency:

a= {daavg'da%} (16)

For the sake of simplicity from hereon, the 90% quartile of the acceleration may be equally
referred to as “maximum acceleration”.

A key component of the RL agent is the reward function. The aim of the reward function is
twofold; to evaluate the current state and the transition between states. In other words, the
driving behavior at each trip, as well as the change in driving behavior between successive
trips of the same user are evaluated. For this purpose, a custom driving evaluation function
had to be constructed first. The score of each trip was estimated by the distance of this specific
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trip from the center of the moderate profile (the center of the cluster), in order to quantify how
far each individual's behavior is from the typical (moderate) behavior. The values of each
driving behavior parameter that correspond to the “moderate” profile are shown in Figure
4-14, together with the minimum and maximum values of each parameter as they were
observed in the data.
harsh_acc_per_min
40

speeding_percentage 30 acc_avg

20

mbu acc_std

=—=moderate profile
e maximum values

minimum values

dec_qg10 acc_q90

dec_std harsh_brk_per_min

dec_avg

For the purpose of this analysis, the Mahalanobis distance is used to estimate the distance
between each trip and the moderate profile. The Mahalanobis distance between two objects
is defined as follows (Varmuza and Filzmoser, 2016):

M = [(xs — x2)7 * C"1(xxp — x,)] (17)

where x4and xp is a pair of objects, and C is the sample covariance matrix. In contrast to the
Euclidean distance, the Mahalanobis distance takes into account the correlation structure of
the data as well as the individual scales (Barnett and Lewis, 1994).

The 75% of trips abstain up to 11.11 from this moderate profile, while there is a small number
of trips that appear to have extreme distances from this average driving behavior. The statistics
of the estimated Mahalanobis distance are presented in Table 4-5.
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Table 4-5. Descriptive statistics of the mahalanobis distances

Statistic measure Value
Minimum 0.13
15t quartile (25%) 2.96
Median 5.57
Mean 10.67
3 quartile (75%) 11.11
Maximum 3677.81
skewness 44.76
kurtosis 3545.31
se 0.08

The estimated mahalanobis distances (Figure 4-15) are exploited in an exponential function,
where the more negative the exponent, the steeper the graph and consequently the more
unsafe behavior the more negative the trip score is. Consequently, using such a formula, the
difference between the profiles is very well-defined.
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Figure 4-15. Mahalanobis distance distribution per trip profile
Finally, trip evaluation is performed on the basis of the following formula:

M(i,moderate profile)

—driving profile; * Q5 (M) (78)

trip score; = e
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where i is an individual trip and M is the Mahalanobis distance. Here, the 3" quartile of the
Mahalanobis distance is used instead of the maximum value in order for the score function to
be stricter with drivers whose behavior excludes more than 75% of the typical (moderate)
behavior. A graphical representation of the score function is given in Figure 4-16.

Figure 4-16. 3D and 2D graphical representation of the score function

The score is scaled from 1 — 100 so that it can be easily interpreted within the rest of the
algorithms. The greater the trip score the better (less aggressive and risky) the driving behavior

of the specific trip is. The distribution of the trip score per driving profile is illustrated in Figure
4-17.
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Finally, the reward function for a driver moving from one trip to the next one was established
based on the following formula:

(19)

trip scorej,1 — trip score; )

= tri i 1
r rlpscoreHl( + 100

Once the main components for the development of the RL controllers were estimated, the
data were organized in the following format:

(state, action, reward, next state) (20)

For every unique driver in the dataset, their trips were sorted in an ascending order according
to each trips starting date. The training samples were tuples of sequential trips of a specific
driver along with the corresponding action and reward of the transition from the first trip to
the succeeding one. It should be noted that for every distinct driver in the dataset, their first
trip was used only as “state” while their last trip of was used only as “next state”. Following this
data preparation procedure, 33,440 unique data samples were constructed for training SADRA
I and 119,817 unique data samples were used for the training process of SADRA II.
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Data preparation and filtering are performed in Python programming language and several
scripts are written in order to prepare the data in the appropriate format for training the RL
agents. Reinforcement Learning algorithms are also developed in Python programming
language. Coding is applied using Anaconda Environment (Spyder), for Python & scientific
development. The computer used for the computation time estimation is an Intel® Core™ i7
CPU K 875 @ 2.93GHz x 8 featuring a 32.0 GB Ram memory running on Windows 10Pro.

433 Model development

In Deep Learning, searching for the optimal structure of a Neural Network model and tuning
its hyperparameters is a very crucial task that may significantly improve the model's
performance. This section presents the results obtained after performing an exhaustive grid
search to conclude to the final architecture of the two networks, namely actor and critic.
Specifically, all possible combinations of the networks’ structures and parameterization, within
a range of reasonable values, have been examined and compared in order to detect the
optimal one. The parameters that were taken into consideration are: number of hidden layers,
number of neurons and activation of each layer, optimization algorithm and learning rate,
batch size and number of training epochs.

4.3.3.1  Typical drivers’ controller — SADRA |

The RL controllers are developed based on the DDPG algorithm which implements an actor-
critic approach to learn a policy and produce the optimal actions. Thus, for each controller two
neural networks are developed; representing the actor and the critic respectively. In this
section, the structure of the first version of the RL controller (SADRA 1) that corresponds to
drivers with a typical/safe average behavior is given.

First, instead of starting with a random network, an initial training of the networks is performed
using only the rewards. Then, both the critic and actor networks are trained using the
hyperparameters presented in Table 4-6, emerged after an exhaustive grid search. The results
of the grid search over the hyperparameters of the neural networks are presented in the figures
below, both for the critic (Figure 4-18, Figure 4-19) and the actor network (Figure 4-20, Figure
4-21).
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The critic network, which estimates the Q-value for any given pair of (state, action), has an
autoencoder-like architecture with six hidden layers, a 7-units input layer and 1-unit output
layer, as depicted in Figure 4-22. The actor network, which estimates the best possible action
for any given state, consists of three hidden layers, a 5-units input layer and a 2-units output
layer. The rectifier linear unit activation function (ReLU) has been used for the neurons of all
layers, for both networks. The model was fitted using the Adam optimizer with a learning rate
equal to 0.001 for the critic network and 0.0001 for the actor network, for a training period of
200 epochs and a batch size of 150.

Hyperparameters Critic network Actor network
Number of hidden layers 6 3

Number of neurons per layer (64,32,16,16,32,64,1) (128,64,32,2)
Epochs 200(initial network:110) 200(initial network:110)
Batch size 150(initial network:150) 150(initial network:150)
Activation RelLU RelLU
Optimizer Adam Adam
Learning rate 0.001 0.0001
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Figure 4-23. Architecture of the Actor Network — SADRA |

Once the hyperparameters for both the critic and the actor networks are defined and the
structure of the two neural networks is formed, the DDPG model is trained using 33,440 data
samples corresponding to arrays of successive trips performed by 197 unique drivers.

The performance of the neural networks is evaluated using the Mean Squared Error as an
evaluation metric. Results shown in Figure 4-24 reveal that the two networks converge after a
number of epochs.
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Figure 4-24. Critic and Actor network performance corresponding to SADRA |

The trained model of this first version of the RL controller (SADRA 1) can be used to generate
driving recommendation for drivers that exhibit a safe overall driving behavior. The results of
the controller are discussed later on, in comparison with the outcomes of the unsafe drivers’
controller.
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4.3.3.2  Unsafe drivers’ controller — SADRA |1
In this section, the structure of the second RL controller is given, which corresponds to drivers
that perform a variety of unsafe driving behaviors during their trips.

Figure 4-25 and Figure 4-26 depict the loss curves of the critic network for SADRA I, that
corresponds to the unsafe drivers’ RL controller, as they emerged after the grid search
performed over the hyperparameters of the network. Based on the results presented in Figure
4-25, the maximum number of neurons used on the first and last layer of the autoencoder
structure of the critic network is 32 and as depicted in Figure 4-26, the appropriate number of
epochs is 170. The rectifier linear unit activation function (ReLU) has been used for the neurons
of all layers, for both networks. The model was fitted using the Adam optimizer with a learning
rate equal to 0.0001. It should be noted that the hyperparameter tuning was performed for
the initial network which was trained based solely on the rewards.
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The corresponding loss curves for the actor network are depicted in Figure 4-27 and Figure
4-28 for the maximum number of neurons in the input layer and the number of epochs
respectively. The final architecture of the actor network is shown in Figure 4-30.
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According to the hyperparameter tuning conducted through the grid search, the appropriate
hyperparameters for the actor network are as follows: maximum number of neurons for the
input layer 128 and number of epochs 210. The neural network was fitted using the Adam
optimizer with a learning rate equal to 0.0001 and a batch size of 250. The corresponding
hyperparameters of SADRA Il are summarized in Table 4-7.

Table 4-7. Hyperparameters of Critic and Actor Networks (SADRA Il)

Hyperparameters Critic network Actor network
Number of hidden layers 6 3

Number of neurons per layer (32,16,8,8,16,32,1) (128,64,32,2)
Epochs 170(initial network:170) 210(initial network:210)
Batch size 250(initial network:250) 250(initial network:100)
Activation RelLU RelLU
Optimizer Adam Adam
Learning rate 0.0001 0.0001

®
®)
(J
(J
B)

Figure 4-29. Architecture of the Critic Network - SADRA I

Figure 4-30. Architecture of the Actor Network — SADRA II

SADRA Il was trained using 119,817 data samples corresponding to arrays of successive trips
performed by 499 unique drivers. Using as loss function the Mean Squared Error it can be
observed that both networks converge after a number of epochs (Figure 4-31).
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The actor and critic networks for both the safe and unsafe drivers’ subsets were trained
following the procedure of Algorithm 1.

_Algorithm 4: DDPG Algorithm implementation
Initialize critic Q(s, a|0?) and actor u(s|6*) networks using rewards as Q-values
Set the above as initial target networks (Q" and u')
Split the sample into M minibatches
for minibatch=1, M do

Sety; =1 +yQ' (Siy1, 1 (5:4116#)16%)
2
Update critic by minimizing the loss: L = %Zi(yi — Q(s;,a;1609)
Update the actor policy using the sampled policy gradient:

1
Veu] ~ NZ[VaQ(S' ang)lszst,a=u(st) Veull(5|9“)|s=st]
t

Update the target networks:
0% <192+ (1 -1)8Y
O* « 10* + (1 —1)0"
end for

4.4 Simulation setting

The quantification of the impact of adopting driving recommendations by all drivers on traffic,
road safety and emissions was performed under a network-level microscopic simulation
scenario. Simulation is a powerful tool for road traffic analysis and prediction. Microsimulation
refers to the tracking of individual vehicle’s movements on a second or sub-second basis. Most
of the traffic simulation tools are based on the idea that the speed of a vehicle depends on
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the speed of the leading vehicle, which is the main idea of car-following models (Bieker-Walz
et al, 2017).

Here, the SUMO simulation software is used and its default car-following model, Krauss model.
SUMO is an open-source microscopic road traffic simulation tool, which consists of several
supportive applications (e.g., netconvert and netgenerate) designed to prepare the simulation
scenario (Krajzewicz et al., 2012). It implements the car-following model of Krauss, a
microscopic, space-continuous model based on the safe speed; the driver of the following car
adopts a safe speed which allows them to adapt to the deceleration of the leading vehicle
(Krajzewicz et al., 2005).

4.4.1  The case study of Athens

The case study for the simulation experiments is the inner-ring network of Athens, Greece
(Figure 4-32). The network was exported from the Aimsun simulation software and then
imported on the SUMO microscopic simulator, with all the necessary changes. The network
consists of 1,293 nodes/intersections and 2,572 edges. The total length of the network is 348
kilometers.

Concerning the edges, 13 different edge types have been used, in order for the speed limits
and the priority of the edges to be imported in SUMO. Regarding traffic lights, 440 traffic lights
have been inserted manually on the Athens inner-ring network. The information about the
traffic lights concerns the traffic light programs corresponding to the morning peak hour. In
order for the network to be calibrated correctly, the following have been extracted from the
Aimsun software:

«  Frank-Wolfe User Equilibrium path assignment results
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«  Counts for all the edges of the network in the peak hour
«  Total number of vehicles in the network during peak hour (approx. 86,000 vehicles)

Said elements from the Aimsun simulator led the trip distribution procedure on the SUMO
microscopic simulator. The calibration of the network led to the definition of 86,054 vehicles,
achieving a total of 1,393,634 counts (97.47% of the total counts extracted from the Aimsun
simulator) and a GEH value below 5 (GEH < 5) for 95.26%.

4.4.2 Scenarios setting

Two distinct scenarios were designed both corresponding to the demand of the Athens’ Road
network during the morning peak hour (8:00 — 9:00 AM). First, the initial conditions of the
network are simulated in order to estimate the performance of traffic when vehicles move
around, based on the characteristics that govern the six identified driving profiles. In order to
ensure the robustness of the results, simulation was performed in 10 replications with ten
different seed numbers. Stochasticity is an important aspect of reproducing reality in a
simulation scenario, since it adds randomness over the distributions of difference aspects of
the simulation (e.g., route distributions, vehicle type distributions).

Subsequently, driving recommendations were produced offline for every served vehicle based
on the way each vehicle performed their trip. The recommendations were produced from the
corresponding RL controllers using as input the state of the trip (average acceleration, 90%
percentile of acceleration, average deceleration, 90% percentile of deceleration, speeding
percentage) and as output the optimal alteration of the maximum acceleration. It should be
highlighted here that although the developed RL controllers produce a two-dimensional
vector that includes alterations on both the average and the maximum acceleration, only the
maximum acceleration was exploited during the simulation runs, since the Krauss model takes
into account only the maximum values of acceleration and deceleration.

Finally, a second simulation run was performed, where previously served vehicles follow the
proposed recommendations, namely an alternation of their maximum acceleration, while the
rest of the traffic follows the distribution among the six driving profiles.

The behavior that implies each driving profile was simulated through the adjustment of the
car-following model. The car-following model can be parametrized by a number of
parameters: the maximum acceleration of the vehicle (accel), the maximum deceleration of the
vehicle (decel), the maximum velocity of the vehicle (maxSpeed), the maximal physically
possible deceleration for the vehicle (emergencyDecel) and the vehicles’ expected multiplicator
for lane speed limits (speedFactor). At first, the current (initial) state of the road traffic is
simulated in SUMO using the six defined driving profiles, whose parameters were introduced
to the Krauss model of different vehicle types, as shown in Table 4-8.
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Car-Following Model Parameters

X:g';‘:};ﬁ’s‘;s accel decel emergencyDecel maxSpeed speedFactor
(m/s?) (m/s?) (m/s?) (km/h) (mean, min, max)

Moderate 2.519 -2.942 -5.909 64.51 (0.029, 0, 0.168)

Aggressive 3.817 -4.483 -18.083 66.93 (0.033,0,0.151)
Risky 2392 -2.824 -5.328 100.28 (0.306, 0.1627, 0.96)

Distracted 2.601 -2.990 -5.112 67.38 (0.057, 0, 0.631)
Aggressive-risky 3.944 -4.825 -25.884 100.8 (0.269, 0.147, 0.907)

_ Aggressive-distracted 3.939 -4.553 -10.845 71.99 (0.062, 0, 0.744)

The speed factor follows a distribution based on the mean, min and max values, as they
emerged from the clustering analysis. The length of a vehicle is set to 4.5 m and the minimum
net gap between the leader and the follower is set to 2.5 m. Each vehicle type was also depicted
with a different color, as shown in Figure 4-33.

One of the main components of SUMO simulation tool is the route file, which holds a variety
of information about the characteristics of the demand and specifically, the vehicle type which
describes the vehicle's physical properties, the route each vehicle shall take, and the vehicle
itself which gives information, among others, on the vehicle type, the departure time and the
id of each vehicle. Both routes and vehicle types can be shared by several vehicles. For the
initial state of the network, the six distinct vehicle types were created in a route file, with the
corresponding car-following model’'s parametrization. The route of each vehicle was also
identified in the route file, as it was estimated from the path assignment of Aimsun.

In one hour of simulation for the morning peak, about 58% of the total demand was inserted
in the network and 28% of the vehicles completed their journey within this time.
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Replication  Seed number Inserted vehicles Active vehicles Served vehicles

1 1042 49480 25258 24222

2 1043 49406 25706 23700

3 1044 48998 25558 23440

4 1045 50472 25791 24681

5 1046 47532 24849 22683

6 1047 50410 26041 24369

7 1048 49822 25612 24210

8 1049 50247 25717 24530

9 1050 50166 25519 24647

10 1051 48608 25191 23417
49,514 23,990

Average (58% of demand) 25,524 (28% of demand)

Subsequently, for each vehicle that reached their destination the following parameters were
estimated for each trip:

e average acceleration
e 90% percentile of acceleration
e average deceleration
e 90% percentile of deceleration
e speeding percentage

These driving characteristics were used as input to the RL controllers which recommend the
optimal action for each trip. For the second scenario of simulation, the exact same vehicles
were used, which follow the exact same routes on the same road network, in order to estimate
the impact of the recommendation. The proposed actions of each vehicle were introduced as
a modification of the car-following model’s parameter in the route file. The adoption of this
approach enabled hands-on implementation of the recommendation process with direct
control over the outcomes. In this case as well, 10 replications with the same seed values as
before, were performed to ensure the robustness of the results as presented in Table 4-10.

Replication Seed number Inserted vehicles Active vehicles Served vehicles

1 1042 49052 25642 23410
2 1043 49449 25913 23536
3 1044 48375 25508 22867
4 1045 48092 25514 22578
5 1046 48704 25517 23187
6 1047 48153 25612 22541
7 1048 49192 25687 23505
8 1049 48421 25898 22523
9 1050 49964 26201 23763
10 1051 50470 25355 25115

48,987 23,302

Average (57% of demand) 25,685 (27% of demand)
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The detailed results of inserted, served and active vehicles revealed that in one hour of
simulation 57% of the demand was served on average, while the corresponding percentage of
served vehicles was reduced by 1% compared to the initial conditions.

4.4.3 Impact assessment through microsimulation

Any novel policy, technology or service has to be assessed before its large-scale
implementation on the road network. In the case of Intelligent Transportation Systems (ITS)
and according to the nature of each proposed system, the effects of its application can be
evaluated in respect to various network aspects, that include traffic efficiency, road safety,
social inclusion and pollution (Kaparias et al, 2011). The literature demonstrates a detailed
consideration of mobility and transport indicators which enables an efficient and
straightforward monitoring of changes within a certain urban system.

The driving decision-support system proposed within this dissertation can produce
personalized recommendations for any driver on the network and therefore, the impact of its
application will be estimated through aggregated measures of traffic and pollution conditions,
as well as road safety.

4.4.3.1 Overview and KPIs

Impact assessment of the proposed system is performed using microsimulation and by
following a before-after approach. Specifically, for both simulation cycles the Key Performance
Indicators of traffic, safety and environmental conditions were estimated, and comparatively
assessed so that to quantify the overall impact of adopting personalized driving
recommendations which improve each individual’s driving behavior. The KPIs used in the
analysis for each network’s aspect are presented in Table 4-11.

Traffic Safety Environment

Cumulative amount of emissions
(COy, CO, PMx, NOx)
MFDs Total rear-end conflicts Emissions per vehicle
Conflicts per vehicle

Served demand Total conflicts

The estimation of traffic-related KPIs was dependent on the outputs of the simulation, which
included the number of inserted and served vehicles, as well as edge-based information
regarding the three fundamental elements of traffic flow theory (flow, speed and density).
Instead of using aggregated measures of the fundamental variables, the Macroscopic
Fundamental Diagrams were constructed and significant outcomes were drawn regarding the
differences in the performance of the network before and after the application of the
recommendation system.

The estimation of the harmful air pollutants is based on the emissions’ model already
integrated into SUMO, the PHEMIlight model. PHEMIight is a simplified version of PHEM
(Passenger car and Heavy-duty Emission Model), a complete vehicle emissions model
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developed in Europe since 1999 (Krajzewicz et al, 2013, 2015). PHEM is based on extensive
emission measurements on vehicles such as passenger cars, light duty vehicles and urban
buses.

The approximation of the conflicts that constitute an indicator for road safety is based on the
SSAM tool, which is presented in details in the next chapter.

4.4.3.2  Conflicts extraction with SSAM

The Surrogate Safety Assessment Model (SSAM) is a software application designed to perform
statistical analysis of vehicle trajectory data output from microscopic traffic simulation models.
The software computes a number of surrogate measures of safety for each conflict that is
identified in the trajectory data and then computes summaries (mean, max, etc.) of each
surrogate measure. A great illustration of a conflict detected between two vehicles is depicted
in Figure 4-34.

The most important measures of safety of each conflict are the time to collision (TTC) and the
post encroachment time (PET). TTC refers to the minimum time-to-collision value observed
during a conflict. This estimate is based on the current location, speed, and trajectory of two
vehicles at a given moment. PET is the minimum post encroachment time observed during a
conflict. Post encroachment time is the time between when the first vehicle last occupied a
position and the second vehicle subsequently arrived at the same position. A value of 0
indicates an actual collision. Figure 4-35 presents the TTC and PET measures along with other
safety performance measures of a conflict.
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There are three type of conflicts that can be identified using the SSAM: crossings, rear-ends
and lane changes. Conflicts’ classification is mostly based on the conflict angle (6), although
link and lane information may be considered as well. A conflict angle is calculated for each pair
of conflicting vehicles, based on the angle at which these vehicles converge to the potential
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) Lane change

0,20<0,
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Rear end %

collision point, as depicted in Figure 4-36.

In case where two vehicles have a conflict on the same link and lane, then the conflict is a rear-
end event regardless of the conflict angle. If both vehicles are on the same link and one of the
vehicles changes lanes, then it is a lane-change event regardless of the conflict angle. However,
link and lane information are not used if (a) it is not provided in the trajectory file, (b) the
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vehicles are on differing links, or (c) either vehicle changed links over the course of the conflict
event. In such cases, the conflict angle is used for classification as follows:

e Rear end: ||conflict angle|| < 30°
e Lane change: 30° < ||conflict angle|| < 85°
e Crossing: ||conflict angle|| > 85°

For the purposes of this research, the total number of conflicts are estimated as a Key
Performance Indicator of road safety with the aim to evaluate the differences before and after
the application of the recommendation system. A special focus is given on the rear-end
conflicts, since the recommended driving actions refer to the car-following behavior of the
driver, and no interventions are made into the lane changing model or the road infrastructure
which are directly related with the lane changes and crossing conflicts respectively.
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5 RESULTS AND DISCUSSION

In this chapter, results emerged from the analysis are described and explained. Initially, a
comparison between the results produced by the two RL agents is provided. Then, the impact
of applying the recommendation system is assessed based on the findings revealed from the
two cycles of microsimulation. Impact assessment is performed in the basis of several Key
Performance Indicators with regards to traffic, safety and the environment. Finally, a critical
discussion on the main results of this dissertation is provided.

5.1 Driving recommendations

The ultimate goal of this dissertation was to develop an inclusive methodological framework
that incorporates two main functionalities: the identification of driving behavior and the
provision of personalized driving recommendations. Advanced Deep Reinforcement Learning
agents were trained for this purpose, enabling the generation of driving recommendations
with respect to two categories of drivers; typical drivers who exhibit a moderate average
behavior and unsafe drivers who interchange their behavior among various unsafe driving
habits.

The fitted models were used to produce recommendations for some indicative trips as shown
in Table 5-1. The RL controllers take as input the characteristics of a trip (average acceleration
and deceleration, 90% quartile of acceleration and 10% of deceleration, percentage of trip with
speed over the speed limit) and propose either an increase or a decrease in the maximum and
the average acceleration. The produced alterations refer to the optimal driving actions that the
specific driver can adopt based on their current behavior. In some cases, an increase in average
or maximum acceleration or even both may be suggested, which may be due to a variety of
facts:

1. All the variables describing driving behavior are inextricably linked with each other and
therefore, an increase in the acceleration value may involve the improvement of
another critical driving parameter. In such a case, even the adoption of a higher
acceleration may be a safer decision for the driver.

2. According to the rationale of Reinforcement Learning algorithms, a proposed action
corresponds to the best possible action that the specific driver could perform instantly,
so that in the future they may progress into improved safer behaviors, given the way
they are currently driving.

Even from this small sample of trips, it is evident that both the RL controllers are trained to
generate recommendations that move drivers closer to the average safe behavior of a typical
driver, which has an average acceleration equal to 1.137 m/s?> and a maximum acceleration
equal to 2.503 m/s? For the indicative samples of Table 5-1, the mean recommended average
acceleration was estimated 1.145 m/s?, while the mean value of the proposed maximum
accelerations was 2.507 m/s® respectively. It can therefore be concluded that a universal
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application of the proposed recommendation system would lead to the harmonization of the
acceleration profiles for the entire fleet of vehicles.

In the sections that follow, a discussion of the results of each version of the RL algorithm is
provided based on targeted examples of trips and their corresponding recommendations.
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5.1.1  Typical drivers’ controller — SADRA |

Personalization is an integral aspect of the proposed system as it is a key feature for all
recommendation systems, since it can lead to higher acceptance rates and better user
experience, and consequently to users’ long-term engagement with the system. For this
reason, in this dissertation, special focus was given to the development of distinct controllers
that produce personalized recommendations by matching users’ previous driving behavior to
either of the two versions of the RL agent. Here, the outcomes of SADRA | are presented, which
is the version of the RL agent that generates recommendations that correspond to a
typical/moderate driving behavior. The RL controller can suggest either an increase or a
decrease in the average and the maximum acceleration for the next trip of each driver.
Indicative results for each of the dimension of the action vector are presented in Figure 5-1
and Figure 5-2 which depict alterations in the average and maximum acceleration respectively,
for a number of random trips.

2.5

— first state (acc_avg)

——NEW State (acc_avg)

AVERAGE ACCELERATION OF ATRIP

0

Figure 5-1. The difference between the first and the new state’s average acceleration after the
recommendation produced from the RL typical controller. The increase of the average acceleration is
depicted with red color, while the decrease is depicted with grey color.

= first state (acc_q90)

— new state (acc_q90)

MAXIMUM ACCELERATION OF A TRIP
[¥8)

Figure 5-2. The difference between the first and the new state’s maximum acceleration after the
recommendation produced from the RL typical controller. The increase of the maximum acceleration is
depicted with red color, while the decrease is depicted with grey color.
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It is evident that all drivers are guided towards the average safe behavior which emerged from
the clustering procedure, but yet, every driver receives a different recommendation that
perfectly matches their own driving behavior. Therefore, a driver who had a very low value of
maximum acceleration on their trip, they would be recommended to increase its value on their
next trip.

5.1.2  Unsafe drivers’ controller — SADRA ||

The second version of the RL agent produces recommendations for drivers who exhibit an
overall unsafe driving behavior during their trips. The application of the RL controller to a
number of driving trips performed by drivers who drive in a more aggressive and unsafe
manner, resulted in significantly safer accelerations.

2.5

1.5
—first state (acc_avg)

—new state (acc_avg)

AVERAGE ACCELERATION OF A TRIP

0
Figure 5-3. The difference between the first and the new state’s average acceleration after the
recommendation produced from the RL unsafe controller. The increase of the average acceleration is
depicted with red color, while the decrease is depicted with grey color.

mfirst state (acc_q90)

e rjew state (acc_g90)

MAXIMUMACCELERATION OF ATRIP
w

0
Figure 5-4. The difference between the first and the new state’s maximum acceleration after the
recommendation produced from the RL unsafe controller. The increase of the maximum acceleration is
depicted with red color, while the decrease is depicted with grey color.
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5.1.3 Output comparison of the controllers

In this section the output of the two controllers is comparatively discussed. Through indicative
examples of driving trips, the differences between the produced recommendations are
presented, with the aim to highlight the importance of personalization as a core aspect of the
proposed system.

The interpretation of the results, as they are depicted in Figure 5-5 and Figure 5-6, indicates
that the two controllers lead to different driving states. Although the recommendations of the
controller concerning unsafe drivers (SADRA Il) lead to significantly lower average
accelerations for the next trip (next state) compared to the previous trip (initial state), they
maintain a significant distance upwards for the respective recommendations produced from
the typical drivers’ RL controller (SADRA 1). Nevertheless, one should notice that both the
controllers lead to a smoother acceleration profile for the entire traffic.

2.5

- first state (acc_avg)

new state (acc_avg) -
SADRA I

¥ R\
: J 4
\/ V new state (acc_avq) -
SADRA |

0.5

AVERAGE ACCELERATION OF A TRIP

The results concerning the maximum accelerations of the corresponding trips present a similar
picture to that of the average accelerations. As before, recommendations produced from both
controllers lead to a smoother profile though the SADRA Il suggests greater maximum
acceleration values than those produced from the controller of typical drivers (SADRA ).
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These results are quite as expected, as each controller was trained using sequences of trips
from drivers of the respective profiles (typical/unsafe) and, thus, it provides actions that are
compatible with the corresponding driving styles. Furthermore, it is also what we aimed at, as
a, for example, aggressive driver would not follow a recommendation for very smooth
acceleration that would be very different from what they are used to.

5.2 Application of the recommendation system

The quantification of the impact of applying the proposed recommendation system and in
consequence, of the adoption of an improved driving behavior by all drivers is of great
importance both for researchers as well as practitioners and can lead to significant findings
regarding the usefulness of improving individual driving behavior. The assessment of the
recommendation system is performed by utilizing specific Key Performance Indicators that
correspond to three areas of interest: traffic, safety and emissions.

In this section, the results of applying the recommendation system will be presented and
discussed, as emerged from a network-level traffic simulation using the calibrated Athens
Road Network. Two rounds of the simulation scenario were performed corresponding to the
initial state of the road network and the conditions after the application of the
recommendations, respectively. Each of the simulation rounds was done in 10 replications to
enhance the validity and robustness of the results. In total, the trained SADRA | controller was
used to produce recommendations for 43% of the vehicles, while the rest of the vehicles
followed the recommendations produced by SADRA Il. Figure 5-7 graphically represents the
number of inserted and served vehicles for both simulation rounds.
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Figure 5-7. The number of served and active vehicles over one hour of simulation for the 10 replications

All replications of the same simulation round present mutual results which are slightly reduced
after the application of the recommendation system. A first glimpse on the results revealed
that when vehicles follow the proposed recommendations the performance of the road
network may be to some degree decreased, in the sense that less vehicles reach their
destination within the one hour of simulation. On average, 2.9% less vehicles were served
based on the results of the second round of the simulation.

However, results of the statistical hypothesis test t-test indicated that there are no significant
differences between the means of the served vehicles before and after the recommendations
in 95% confidence interval. As shown in Table 5-2, the alternative hypothesis is rejected.

Table 5-2 Paired t-test results for served vehicles

mean std t-value | p-value
Served vehicles — before 23989.9 655.7
- 1.845 0.098
Served vehicles — after 23302.5 783.1

A greater investigation of the traffic flow properties together with aggregated metrics of
driving behavior will be conducted to further quantify the potential impact on the other
dimensions of the road network as well. The application of the personalized recommendation
system had a substantial impact on the maximum acceleration of the vehicles, as shown in
Figure 5-8. When all vehicles followed the suggestions generated by the two RL controllers,
the mean value of the maximum acceleration was somewhat increased from 2.83 m/s? to 2.96

2

m/s®, mostly because the majority of the vehicles who adopted a very small maximum
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acceleration, which was far lower from the corresponding acceleration of the
“moderate/typical” behavior, they were suggested to slightly increase their acceleration.
However, the condensation of the interquartile range is evident after the recommendations,
which indicates the harmonization of the acceleration profiles of all vehicles in the simulation.
Finally, the maximum value of the observed maximum accelerations remained at the same
level of 3.94 m/s? after the application of the proposed system.

maximum acceleration (m/s?)
w
b

| T g

B before [ after

All the variables that describe driving behavior are inextricably linked with each other and
therefore, the changes that were imposed on the acceleration of the vehicles after the
recommendations, led to changes in the rest driving behavior parameters as well. As far as it
concerns the average and the maximum speed performed by all vehicles in the simulation,
several critical findings can be revealed when comparing the statistical characteristics of the
two variables before and after applying the recommendations. Specifically, on the one hand,
the differences observed in the magnitude of the average speed are minimal, since in both
situations the vehicles adopt an average speed of around 25 km/h, while the maximum
average speed that is observed is approximately 55 km/h. A summary of the statistic of the
average speed is nicely depicted in Figure 5-9.
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On the other hand, a noteworthy difference is evident mostly on the maximum values of speed
where the majority of vehicles’ speed is concentrated around the mean value and the
interquartile range is pointedly narrower than the corresponding values of the initial conditions
of the network (Figure 5-10). Such findings can be thought as anticipated considering the fact
that the proposed recommendation system eliminates the extreme accelerations and generally
smooths out the accelerations for the entire traffic. It can be concluded that the harmonization
of the maximum accelerations led to a corresponding normalization of the maximum speeds.
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Alterations on the speed of vehicles resulted on changes of the rest traffic flows properties,
namely flow and density. Microscopic fundamental diagrams were calculated to provide a
thorough graphical representation of these variables’ relations for the initial conditions as well
as the conditions emerged after the recommendations. All three fundamental diagrams (Figure
5-13, Figure 5-12, Figure 5-13) demonstrate the relationships between traffic flow properties,
namely mean vehicle flow, mean density and mean speed, as they emerged from the
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simulation based on aggregated measurements of all edges for the 10 replications. Results
indicate that the implementation of self-aware driving suggestions although it leads to safer
and less aggressive driving behavior for each individual, it does not improve the performance
of the road network. More specifically, self-improvement is evident from the lower mean
density values which indicates that vehicles keep greater distances from the leading vehicles.
Additionally, lower speeds are also observed after the adaptation of the recommended
accelerations with the difference from the initial conditions being more significant in the case
of saturated network flow (Figure 5-13).

=5
n ]

mean speed (km/'h)

0 20 40 &0 g0 100 120 140
mean density (veh/km)

initial conditions after recommendation

Individual driving safety is augmented, yet the impact on traffic conditions is not similarly
positive. The vehicles that move at lower speeds and with a lower density worsen traffic flow
conditions, since fewer vehicles are served per time unit compared to the initial conditions.
Nonetheless, this decrement of mean flow may be considered acceptable if assessed in
conjunction with the positive effects on driving safety. However, based on the findings of this
research, it can no way be concluded that the improvement of personal driving behavior is
associated with a significant improvement in traffic conditions and therefore, the imposition
of soft policy measures, such raising self-awareness with respect to individual driving safety
and performance, it cannot be considered as a key measure for traffic management.

The fundamental diagram of flow-density seems to depict a uniformity between the initial and
the final conditions, although some minor differences are observed with respect to the
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absolute value of capacity flow. Specifically, for the value of critical density, which was
estimated 33.1 veh/km, the corresponding values of traffic flow are 360 veh/h and 358 veh/h
for the initial conditions and after the recommendations respectively.
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The flow-speed diagram is used to determine the speed at which the optimum flow occurs.
For the initial conditions of the road network, the optimum flow occurs when vehicles move
with 26.1 km/h, while the corresponding speed after the recommendation is reduced 3.4%
with its absolute value estimated 25.2 km/h.
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Except for the performance of the network, another key performance indicator is safety.
Improved driving safety was evident from lower values of density which indicated that vehicles
kept greater distances from the leading cars, and additionally, from the lower observed mean
speed. The assessment of the applied recommendations with respect to safety was performed
by calculating the number of conflicts occurred between the vehicles during the simulation.
The detection of the critical conflicts was performed using the SSAM tool which was fed with
the trajectories of the vehicles as they emerged from the two cycles of simulation. Table 5-3
presents the number of conflicts that were observed for the entire traffic before and after the
recommendation. There are three types of conflicts that can be identified from vehicles’
trajectories, which are crossings, rear-ends and lane changes. Here, a special focus on rear-
ends is given since the proposed recommendations only affect the car-following behavior of
each driver. Results presented in Table 5-3 indicate that the application of a driving
recommendation system significantly improves road safety.

Initial conditions After recommendation [% difference]
Vehicles served 23,990 23,302
(in one hour of simulation) (27.88% of demand) (27.08% of demand)
Total number of 2.86 conflicts/vehicle 2.75 conflicts/vehicle [-4.2%]
conflicts
Rear - ends 2.01 rear-ends/vehicle 1.90 rear-ends/vehicle [-5.5%)]
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A reduction of 4.2% of the total number of conflicts was observed when vehicles followed the
corresponding driving recommendations, while the corresponding percentage of elimination
for the rear-end conflicts is 5.5%. Although these percentages may not seem very high, the
absolute number of conflicts that was calculated after the recommendation is significantly
reduced by approximately 6,000 conflicts for the one hour of simulation. Rear-ends constitute
about 33% of the total number of conflicts, which indicates that each driver gets involved in
all different kind of conflicts during driving. The detailed table with the results for both before
and after the implementation of the system of recommendations conditions is given in Table
5-4.

BEFORE AFTER
Rep- Tg:a‘!or:;:::lt):r Rear-ends Conflicts/vehicle T::aclonnt;ri:ser Rear-ends  Conflicts/vehicle
1 130169 44111 2.63 129314 43168 2.64
2 149844 48800 3.03 132268 43481 2.67
3 142947 47774 2.92 130606 41701 2.70
4 134756 46084 2.67 128406 44226 2.67
5 156078 53508 3.28 147744 47135 3.03
6 124487 42273 247 118456 41663 246
7 146748 50553 2.95 144624 46605 2.94
8 138355 47460 2.75 129545 42240 2.68
9 144159 49698 2.87 135286 44931 2.71
10 147855 51174 3.04 149530 47614 2.96

In the case of conflicts, the statistical hypothesis test t-test indicated that there is a significant
difference between the means of both the total conflicts and the rear-ends before and after
the recommendations. As presented in Table 5-5, the alternative hypothesis is accepted in a
99% confidence interval, especially for the rear-ends conflicts which is the main KPI for the
specific research in terms of the impact on road safety.

mean std t-value | p-value
Total conflicts — before 141539.8 9617.2
- 3.898 0.004
Total conflicts — after 1345779 9834.7
Rear ends - before 48143.5 3369.5
5.860 <0.001
Rear ends - after 44276.4 2227.0

Some indicative results on the impact of the proposed recommendation system on emissions
is provided. The corresponding Key Performance Indicator is the level of emissions for all
different kind of air pollutants, namely Carbon Dioxide (CO), Carbon Monoxide (CO),
Particulate Matter (PM,) and Oxides of Nitrogen (NO,). A significant reduction in all categories
of emissions is observed compared to the initial conditions of the network, as shown in Table
5-6. Findings revealed that the homogenization of acceleration profile for the entire traffic has
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led to a slightly reduced emissions per vehicle. Specifically, the reduction in all categories of
emissions is estimated as follows: 2.5% in CO,, 0.3% in CO, 1.3% in PM, and 3.3% in NO,. It
should be noted that this improvement in the environmental conditions is very important since
the proposed recommendation system had a positive impact on emissions despite the fact
that the controller was not trained towards this direction.

Emissions Initial conditions After recommendation [% difference]
CO; 0.704 kg/vehicle 0.686 kg/vehicle [-2.5%]
co 0.027 kg/vehicle 0.026 kg/vehicle [-0.3%)]
PM, 0.0133 g/vehicle 0.0131 g/vehicle [-1.3%]
NOy 0.296 g/vehicle 0.287 g/vehicle [-3.3%]

To sum up, the application of a system that provides personalized recommendations for
improved driving on a network-wide level leads to the harmonization of the acceleration
profile for the entire traffic. The adoption of uniform accelerations from the vehicle fleet
resulted in the occurrence of lower mean and maximum speeds in the network. It was also
observed that when vehicles followed the proposed recommendations and they accordingly
adapted their acceleration, greater distances were kept from the leading vehicles, which led to
in lower mean density values. For these reasons, slightly less vehicles were served in the
network for the same period of simulation time. Therefore, it can be concluded that the
proposed system improves the performance of each driver individually without leading to
improvements in the traffic flow conditions for the network. Instead, traffic conditions seem
to get slightly worse after the system has been implemented.

Contrary to the impact on traffic, the proposed recommendation system has a significant
positive impact on driving and road safety. Driving safety is enhanced since each individual
driver is being recommended the best action that they can perform based on their current
driving state. Improvements in road safety are evident from the lower rate of conflicts that
correspond to each vehicle when the initial conditions of the network are compared to those
after the recommendation. Specifically, the harmonization of the acceleration profile of the
fleet resulted in a reduction of 4.2% of the total number of conflicts, while the corresponding
percentage for the rear-end conflicts was 5.5%. The significant reduction of the rear-ends is of
great importance since such conflicts are the result of the driver's car-following behavior in
which interventions are made through the implementation of the recommendation system.

Finally, a noteworthy lessening in the level of emissions for all different kind of air pollutants
is observed when vehicles follow the proposed recommendation. It should be highlighted
once again that although results regarding the emissions are presented here for the sake of
completeness, they are not further discussed in detail since no interventions was made by the
proposed system in the emission model, on the contrary, their estimation was based solely on
the default model available in SUMO simulation software.
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5.3 Main results and discussion
The summary of the results shaped by this research includes key points in the following axes:

e Driving profiling

e Model development

e Driving recommendations
e |Impact assessment

First, using a two-level clustering approach, it was feasible to identify and distinguish between
aggressive and non-aggressive driving behavior, and subsequently, to detect six driving
behaviors that a driver can exhibit during their trip. Spanning from the typical — safe behavior,
to aggressive driving and unsafe — reckless driving, the entire range of driving behavior was
detected and the six driving profiles were used to annotate the behavior of each driving trip.
Further investigation of driving behavior on a user level has highlighted the existence of two
main driver categories; the first one includes drivers that mostly perform a moderate driving
behavior free from aggressiveness and reckless driving, while the other one refers to drivers
who mostly exhibit several unsafe behaviors during driving.

Then, it was shown how Deep Reinforcement Learning algorithms can be exploited in order to
determine optimal policies for each individual driver so that to improve their driving behavior.
It should be noted that this is the first time that naturalistic driving data are used within the
framework of RL algorithms with the aim to produce actions for real driving. The models
developed were based on the Actor-Critic RL approach, where two neural networks were
trained; the first one estimates the Q-values for all possible actions and the other one matches
the states with the corresponding best action. All neural networks converged after a number
of epochs and were able to produce driving recommendations that improve driving behavior
both in the short- and long- term.

Two distinct RL controllers were trained, each corresponding to a specific group of drivers, so
that to match suggested driving actions to individual driving preferences. Findings revealed
that for the same driving state the two agents produce different recommendations.
Specifically, both controllers lead to the harmonization of the acceleration profile of all drivers,
yet the controller corresponding to unsafe drivers proposes slightly greater accelerations
compared to the controller of the typical drivers.

Impact assessment of the proposed system is performed through a microsimulation setting
for the Athens’ Road Network using SUMO simulation software. Results indicate that the
implementation of self-aware driving suggestions although it leads to safer and less aggressive
driving behavior for each individual, it does not lead to improved traffic conditions. Specifically,
after the recommendation, vehicles move at lower speeds and road segments are occupied
with a lower density and therefore, slightly less vehicles were served over the one hour of
simulation. However, one may claim that the deteriorating traffic conditions can be considered
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acceptable if one takes into account the compensation through the benefits of adopting
smoother driving behavior in road safety and driving comfort. Specifically, using the number
of conflicts as a key performance indicator of road safety, it is observed that the adoption of
the recommended actions leads to a significant improvement in the total number of conflicts
as well as refining car-following behavior of each vehicle. In addition to enhancing road safety,
the homogenization of the acceleration ability of the vehicles also leads to slightly reduced
emissions of air pollutants. In line with numerous previous studies, the adoption of smoother
acceleration profile from the entire traffic eliminates harmful emissions and improves
environmental conditions.
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6 CONCLUSIONS

6.1 Overview

Driving behavior has been in the spotlight of research for a variety of reasons ranging from
understanding the dynamics of driving behavior through innovative concepts, such as crowd-
sensing, to developing self-improvement frameworks and building human-like behavioral
models for autonomous vehicles. The ability of researchers to identify driving behavior and
most importantly to detect unsafe driving habits has given an impetus to the development of
driving assistance and scoring systems. Nevertheless, the already developed systems lack the
wide acceptance and establishment since they cannot adapt to each drivers’ personal
preferences and needs. Within this context, the ultimate goal of this dissertation was to
develop a novel driving recommendation framework which aims at improving individual
behavior in terms of driving aggressiveness and riskiness based on a data-driven
methodological approach. This ultimate goal encloses specific objectives that should be
achieved sequentially, which answer the research questions put forward after an exhaustive
review of the literature.

Initially, this research addressed key research questions concerning driving behavior dynamics
and specifically, it identified the main driving profiles that describe decision making while
driving. An inclusive methodological framework was implemented in order to extract driving
profiles straight from the smartphone crowd-sensed data using unsupervised learning.
Moreover, the level of aggregation of the overall driving behavior is investigated with the aim
to understand the extent to which driving behavior can be categorized in groups that reflect
different driving styles. This dissertation, also, provided answers to the critical questions of
whether Artificial Intelligence can be exploited to resemble human decision making especially
in the complex task of driving and further, to select the most appropriate Reinforcement
Learning algorithm for supporting driving decisions. Furthermore, this research attempted to
provide answers to the critical question of whether there is a link between raising self-
awareness and improving conditions of the entire network. Finally, answers are given with
rewards to the impact of controlling individual driving behavior on driving and road safety, as
well as to the environmental conditions.

An inclusive methodological framework was proposed to achieve the objectives of this
dissertation, which incorporates a mixture of statistical analysis, machine learning techniques
and reinforcement learning algorithms. The plethora of tools and methods used, enabled the
understanding of driving behavior dynamics through smartphone data, the development of
the personalized recommendation system and the assessment of its impact through a large-
scale microsimulation scenario. Specifically, starting from smartphone crowd-sensed data
interesting driving features were extracted and exploited in a two-level k-means clustering
approach. The first level of clustering distinguishes aggressive from non-aggressive trips, while
the second level of clustering resulted in the identification specific driving profiles.
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Subsequently, the driving footprint of each driver was estimated as the average behavior of all
their trips. Users included in the dataset were separated in groups based on their driving
footprint so that drivers in the same groups share common driving characteristics.

The development of the recommendation system was based on the training of RL agents each
one corresponding to a specific group of drivers with common driving behavior. In this way,
the agents were able to produce recommendations that explicitly match each drivers’
preferences and therefore, increase the possibilities of being adopted by them. In order to
train the RL controllers, their main components had first to be defined, namely states, actions,
and rewards. Based on the nature of the problem (studying of driving behavior), both states
and actions are continuous and therefore, the actor-critic structure was chosen as the most
appropriate RL algorithm. The reward function was also constructed from scratch with the aim
to rewarding safe/typical driving behavior while penalizing unsafe driving habits (distraction,
risk taking) and by exploiting a custom-made score function which assigns a score to each trip
according to the level of driving safety. Model development was based on two neural networks
whose hyperparameters emerged after an exhaustive grid search.

Once the RL agents were trained, their performance was assessed through simulation, and
more precisely, using the Athens’ Road Network, a large-scale simulation scenario was set
aiming at quantifying the impact of applying the personalized recommendation system.
Impact assessment was performed on the basis of traffic, safety and emissions, and thus,
proper Key Performance Indicators were defined. A before-after approach was followed to
calculate the impact on these three dimensions, where the initial conditions of the network
("before”) were simulated using the characteristics of the emerged driving profiles as distinct
vehicle types. Then, the RL agents produced personalized recommendations for each
individual vehicle, and a second run of simulation was performed where all vehicles followed
the corresponding driving actions (‘after”). The performance of the network before and after
the application of the system was assessed through Macroscopic Fundamental Diagrams. As
far as it concerns driving and road safety, they were evaluated through measurements of
speed, acceleration and distances from the leading cars, as well as critical conflicts between
the vehicles.

The proposed methodological framework led to the production of critical conclusions in all
dimensions of the phenomenon under consideration. The main findings can be summarized
in the following points:

e A two-level clustering approach can provide great insights on the characteristics that
govern aggressiveness during driving and can be further exploited to distinguish safe
from unsafe driving patterns.

e Six distinct driving profiles are able to describe the overall driving behavior that
someone performs during their trip.

e There are two categories of drivers according to the average behavior of each driver
resulting from how they drove in all their trips. In the first category drivers usually drive
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in a typical manner while in the second category drivers perform a number of unsafe
driving actions or drive in an aggressive manner in the majority of their trips.

e The Actor-critic approach from the family of reinforcement learning algorithms can be
exploited to find the best possible driving action for each dividual driver given the way
they drove in their previous trip.

e When a controller provides driving recommendations to a fleet of vehicles, the
acceleration profile of the entire fleet is harmonized on a value which is close enough
to the acceleration decisions of a typical — safe driver.

e The application of a personalized recommendation system to a city's road network
does not have a significant impact on traffic conditions. In contrast, it is shown that
slightly less vehicles can be served for the exact same simulation period.

e When each driver improves their own behavior, road safety is enhanced on the
network. Specifically, critical conflicts between vehicles are significantly reduced after
the application of the proposed system.

e The level of emissions for all different kinds of air pollutants is reduced which indicates
that harmonization of the accelerations for the entire traffic can have an important
positive impact on the environmental conditions.

Concluding, it should be noted that the deterioration of traffic may be considered acceptable
if one takes into account the compensation through the benefits of adopting smoother driving
behavior in road safety and emissions. To this end, policy makers and researchers should not
neglect the real impact on all network’s dimensions when planning traffic management
strategies and applying soft and hard policy measures. In the following sections, the way each
stakeholder could benefit from the findings of this work are discussed.

6.2 Main contributions
The present doctoral dissertation offers significant innovative contributions in five areas:

It makes use of an innovative naturalistic driving dataset. A great volume of data was available
with high temporal resolution from real driving, enriched with a variety of factors that describe
driving behavior, environment and other external attributes for each trip.

It proposes a methodological framework to extract driving profiles straight from the data,
which describe the entire range of driving behavior. A data-driven approach is followed to
classify critical driving patterns that appear during a trip by exploiting k-means clustering as
being the most appropriate tool for this purpose.

It develops novel Reinforcement Learning algorithms to solve a real-world problem, this of
assisting driving behavior. A deep Reinforcement Learning algorithm was chosen as the most
suitable tool to learn the optimal policy and suggest the appropriate action that leads to the
best possible driving behavior for each individual driver.

It proposes a methodology which is capable of recognizing individual driving preferences and
produce personalized driving actions to each driver. Specifically, an inclusive methodological
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framework is implemented which incorporates tools and methods that first recognize driving
behavior of every user, then assigns every user to the corresponding RL controller version
based on their overall behavior and finally produces personalized driving actions that mitigate
aggressiveness and riskiness of driving.

It evaluates the large-scale network effects of implementing a personalized driving
recommendation system on three areas of interest using specific KPIs, precisely on traffic,
safety and emissions. Impact assessment of the proposed recommendation system is
performed using a real-world scenario that of the Athens’ Road network through
microsimulation and by applying a before-after methodology to compare the values of the
KPIs before and after the application of the system.

This research contributes to the scientific field of driving behavior analytics through big data
in both a conceptual, technical and a practical level. First of all, through an extensive review of
the literature, it sheds light to all critical challenges and caveats that both research and
practitioners may face when collecting and analyzing data collected through smartphone
crowd-sensing. Despite the fact that crowd-sourcing has become very popular over the last
decades as an effective and cost-efficient source of data, most researchers neglect the critical
issues that arise when collecting data from the crowd. This dissertation not only records these
challenges and discusses ways to address them, but through the methodological framework
it applies it goes beyond most of them in the development of the proposed driving
recommendation system.

Equally important is the contribution of the dissertation to the conceptual design of a data-
driven methodology that is able to detect a variety of human behaviors and choices during
driving. Specifically, in this research we have shown that the behavior a driver exhibits during
a trip can be characterized by either safe or unsafe maneuvers. Findings revealed that the
entire range of behaviors on a trip level can be described by six driving profiles spanning from
safe driving to aggressiveness, risk taking and distraction during driving. In addition, it was
shown that the above driving behaviors can be identified directly from data gathered through
smartphone crowd-sensing by following an unsupervised learning approach. To the best of
the authors’ knowledge, no effort has been made previously to identify normal and abnormal
driving patterns without following a threshold-based methodology, but instead relying fully
on a data-driven approach. This research succeeds in detecting driving behavior on a trip level
using a two-level k-means clustering algorithm on a variety of driving parameters that
explicitly describe how a driver behaved during a specific trip. Moreover, a significant
contribution of this research is that it highlighted aggressiveness during driving as a distinct
driving style that can be observed both as the unique driving behavior characteristic, but also
it can be detected simultaneously with the occurrence of other unsafe driving behaviors such
as speeding and distraction. The implementation of the k-means clustering algorithm at two
distinct levels enabled the identification of aggressive driving as a unique driving characteristic
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that defines a driver’s choice of driving style independently to the rest driving actions (safe or
unsafe) performed during a trip.

Contrary to already developed ADAS and other recommendation systems that impose flat
driving suggestions or follow rule-based approaches, the proposed framework automatically
formulates personalized quantified driving actions, to be disseminated to drivers as
recommendations for future behavior without posing unrealistic restrictions on personal
driving style. Therefore, for the same driving behavior during an initial trip the implementation
of the developed RL controllers based on the overall behavior of the specific driver would lead
to different recommendations. This way, a more aggressive driver is more smoothly driven into
the transition to calmer driving characteristics (driving with reduced maximum and average
accelerations over their trip) compared to a typical driver. The personalization aspect of the
proposed system is vital, since it is linked with users’ acceptance and engagement rates.
However, relevant works have neglected the importance of self-awareness when developing
driving assistance systems, in the sense that the system is aware of personal characteristics
and preferences when producing the corresponding recommendations and the driver
becomes aware of the impact that their driving choices have on individual driving performance
and safety as well as the network and the environment. The developed self-aware driving
recommendation system can be exploited to assist drivers and provide them with feedback on
their total driving efficiency in a variety of concepts such as recommendation systems, ADAS,
insurance telematics and many more. An additional value of the methodology proposed is that
it can be hard implemented as is in most of the aforementioned platforms. Moreover, the
flexible architecture of the algorithms used to design the proposed recommendation system
enables its application even with a different overall scope only by applying some modification
on the reward function. For example, although the ultimate goal of the system is the
improvement of individual driving behavior, meaning that each driver receives the optimal
recommendation that leads him to an improve driving state, a change on the reward function
can cause the system to provide recommendations for eco-driving, meaning that each driver
will receive the optimal recommendation that leads him to more efficient fuel consumption
during their trip.

Furthermore, this work contributes to the exploitation of advanced reinforcement learning
algorithms for solving a real-world problem, that of developing a decision support system for
drivers. Reinforcement Learning is not a new concept, but only recently it gained a lot of
attention mostly due to the advent of big data. Nevertheless, most research focuses on
exploiting RL algorithms on solving low-dimensional problems such as games and robots'’
movements. In this work, we have used advanced RL algorithms to develop a recommendation
system for drivers that is capable of producing continuous actions for real driving, and for this
purpose we have adjusted accordingly the Deep Deterministic Policy Gradient algorithm in a
way that it can proposes the best possible driving alterations in each given state. The proposed
approach and implementation are on-of-a-kind both due to the large-scale naturalistic driving
dataset that is exploited as well as due to the complexity of the phenomenon in terms of states
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and actions. This is the first time that the DDPG algorithm is adjusted and implemented within
a recommendation framework for real-driving while at the same time being trained using
naturalistic driving data. This research contributes to the developing field of Reinforcement
Learning and provides significant insights regarding the implementation of theoretical
algorithms to real-world problems.

On the top of these, this study makes use of innovative data that were collected using a
smartphone application, which is based on state-of-the-art algorithms for the recording,
collection and processing of crowd-sensed data. Smartphone crowd-sensing is an approach
that is becoming popular nowadays and is considered as a cost-efficient and effective solution
for collecting data in naturalistic driving experiments. The main contribution of this research
with regards to big data handling relies mostly on the way that high-dimension data were
exploited within the methodological framework without increasing computational complexity
while at the same time ensuring data quality and analysis accuracy. More specifically, following
a step-wise methodological approach it was possible to manage of large volumes of data in
an efficient way since data dimensionality is reduced based on feature selection procedures
and data are separated to different subsets with similar characteristics.

Finally, another contribution of this work is the application of the proposed system to a real
road network through microsimulation. Since scientific community has not determine the
impact of personalized driving assistance systems, part of this dissertation was devoted to the
analysis and quantification of this impact through targeted KPIs. Impact assessment is
performed on the basis of three areas of interest, namely traffic, safety and emissions. Contrary
to previous research which had assumed that when each individual improves their driving
behavior and moves carefully and safely the entire network would benefit from improved
traffic conditions, in this work we explicitly studied this impact using specific KPIs. Findings
revealed that traffic flow conditions do not benefit from the large-scale implementation of
such a system, despite the fact that road safety is significantly enhanced. These results give a
great impetus to further research and the investigation of other theories such as the price of
anarchy and information dissemination strategies, which are discussed later on.

6.3 Research limitations

Limitations of this study with regards to the data and each part of the methodology adopted,
are briefly presented in this section. If these limitations are addressed, the proposed
recommendation system can gain significant prospects as a tool for managing traffic and
enhancing road safety.

As any other data-driven approach, this research as well, relied on some limitations with
regards to problem setup and adaptation. Firstly, some limitations emerged from the need to
match the RL output with the simulation properties. More specifically, one of the two
components of the recommended action, the average acceleration of each driver, could not
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be imported into the microsimulation environment since only the maximum acceleration is
taken into consideration and the instantaneous acceleration is defined by a variety of factors
(such as leading vehicle's speed etc.) and, thus, limits the ability of evaluating the entire
potential of the proposed recommendation system. The car-following model adopted by the
microsimulation platform used in this dissertation, is parametrized by a plethora of factors
governing vehicle's dynamics such as velocity, acceleration and deceleration. The Krauss model
is parametrized by the maximum acceleration of the vehicle which corresponds to the
acceleration ability of vehicles of a specific type, and therefore only the one component of the
recommended action is adopted within the simulation (Figure 6-1). Nevertheless, due to the
nature of the phenomenon of driving, all parameters describing how a driver chooses to drive
over a trip are inextricably linked with each other and therefore, the neglection of the average
acceleration was not expected to have a significant impact over the results of the simulation.

abundance simulation
of data constraints

Besides car-following behavior, a driver during their trips takes actions regarding lane change,
priority concession and other decisions concerning interactions with other road users.
However, in this research the focus was explicitly on the car-following behavior as the ultimate
goal was to create a user-centric system that looks only at the driver and does not require any
external information from the road network in order to be trained and implemented. Thus, the
proposed actions refer on the way the driver drives along the road, namely the way they
choose to hit the acceleration pedal, which depends only on the personal preferences and
perceptions of the driver. The provision of recommendations regarding lane change behavior
or any other behavior that the driver performs, e.g., the way they decelerate or the adaptation
of vehicle speed, would have required the availability of exogenous data including, driving
environment and surroundings, traffic, road geometry etc., and therefore the system would
cease to be autonomous, but instead it should have been context-aware. However, the lack of
information about the environment can be considered as a limitation of the developed system,
since its transformation into a context-aware system would give other perspectives both to
the system itself and to the possibilities of its use as a traffic management tool.

- 169 -



E. G. Mantouka | Deep Reinforcement Learning Traffic Models for Personalized Driving Recommendations

An extension of the above limitation is the fact that since the system ignores the state of the
environment it cannot operate real-time. In other words, the proposed methodology is not
able to produce recommendations real-time, namely during a trip. Instead, an offline system
is developed which suggests alterations on driving behavior in a sequence of trips for each
driver. The integration of external information into the system would allow, at least
conceptually, the real-time provision of driving recommendations. However, even in this case,
data availability remains a caveat for the development of such a system, since it would require
the existence of high-resolution data that could be recorded, stored and analyzed on the fly
within the framework of an online recommendation system. Moreover, the real time operation
of the proposed system would have required modifications on the main components of the
RL model. More specifically, in the case where the system becomes context-aware and
operates in real-time, the state of the environment should include parameters that describe
traffic and road conditions, the proposed actions should be adapted to the restrictions
imposed by the road, traffic signaling and the rest of the traffic, and finally, the reward function
should incorporate the trade-offs between the improvement of individual driving and the
impact on traffic, safety and emissions.

Lastly, another limitation, which applies to all data driven approaches, is the generalization and
transferability of the developed model and the corresponding outcomes. In most cases it is
unclear whether the sample used to train the model is representative of the entire population
and also whether its characteristics are similar to those of a different population. In this work,
a big naturalistic driving dataset is used to develop the RL models which includes trips
performed by a great number of drivers, nevertheless, it cannot be said that the results can be
generalized and spatially transferred to another road network. When human behavior is being
examined, it should be borne in mind that in addition to environmental constraints, available
options and prevailing conditions, model transferability may be hindered by other factors
associated with cultural and ethical differences among individuals. From a more technical point
of view, one particular limitation of this study is the tuning of the hyperparameters for the
artificial neural networks as these were selected based on a specific dataset. As a result, if a
new dataset is applied to the trained models, the hyperparameters may need to be
recalibrated. Finally, another potential limitation of these techniques is that deep learning
methods can be considered a ‘black box’ method and therefore might lack interpretability for
different stakeholders and traffic managers. However, the deep RL models developed within
this dissertation can be easily assessed and interpreted straight through the produced output
which corresponds to recommendations for actual driving behavior.

6.4 Research impact

This doctoral dissertation develops a novel driving recommendation system using artificial
intelligence to enhance driving safety of each individual driver by providing recommendations
that improve driving performance without neglecting personal preferences of each driver.
Large amounts of data were collected by an already developed application through
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smartphone crowd-sensing and thus, a variety of driving parameters were collected and
further exploited within this work.

In order to fulfill its goal, which is to create a self-aware system of providing personalized
driving recommendations, this thesis developed algorithms for detecting driving behavior and
then developed, trained and applied advanced deep reinforcement learning algorithms to
produce the appropriate recommendations for each driver according to their driving
conditions. Currently, there are limited regulations on validating the impact of these systems
even though evaluating the outputs from such systems are important. Therefore, this research
contributes by implementing the developed novel recommendation system in a virtual
network using an integrated simulation framework. The outputs produced within this
dissertation may have a significant impact on several aspects of both research (R), technology
(T) and policy-making (P):

(R) Aggressiveness does not necessarily constitute an unsafe driving habit and can be
detected either as an individual behavior or in combination with other unsafe behaviors.

This research exploited a large-amount of naturalistic driving data, during the collection of
which the drivers did not receive any information about the way they were driving nor any
guidance or other information that might affect their behavior and decisions during driving.
This fact gave to our research an extra perspective as it allowed the investigation of the whole
range of driving behaviors that includes both extreme unsafe behaviors and more restrained,
typical driving behaviors. Findings revealed that a driver can exhibit a certain driving behavior
over their trips which is either an aggressive or a non-aggressive behavior. On the top of this
decision, the driver may choose to either perform additional unsafe driving maneuvers namely
distraction or speeding, or just choose to travel only in an aggressive manner or even perform
none of these behaviors and thus drive safely. Such results can have a great impact on the
field of driving analytics and pave the way for studying driving aggressiveness as an
independent driving behavior which may provide answers to the existing question “"Does
aggressiveness constitute an unsafe driving habit?”

(R) Reinforcement learning algorithms can be implemented in real-world problems and
specifically, the DDPG algorithm can learn how to make human-like decisions on
complex and high-dimensional environments.

Until now, Reinforcement Learning algorithms have been widely used to learn games and in
robotics, and, thus, in this dissertation we took on the challenge of applying a deep
reinforcement learning algorithm to train an agent to make decisions just as the driver would.
To the best of the author's knowledge, this is the first time that the Deep Deterministic Policy
Gradient algorithm is successfully implemented within the framework of a real-world problem
that of improving driving behavior and relying explicitly on real data (not simulation or
synthetic data). A great number of researchers can benefit from the conceptual design and
custom setup of the DDPG algorithm performed within this work with the aim to produce
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recommendations for human driving control. More specifically, the fact that the proposed
methodology is fully transferable and interpretable enables the adoption of the proposed
approach in a multitude of problems that require the modelling and controlling of human
decision making (continuous actions) in complex multidimensional environments (continuous
states). For example, the developed system can be implemented with the aim to promote eco-
driving or in other words, to recommend those actions that can improve fuel efficiency. In
addition, it can be implemented in other transport-related domains, such as autonomous
vehicle's operation, traffic signalization and so on.

(T) The proposed recommendation system can be incorporated in already developed
software, such as insurance telematics apps and ADAS.

Besides the innovation aspects of the proposed methodology and the novel algorithm
developed, this dissertation contributes to technology as well, since it developed a read-to-
implement platform which incorporated two main functionalities; i) it can identify the driving
profile of each driver per trip and estimate every driver's overall driving footprint and ii) it can
massively produce personalized driving recommendations that improve individual driving
performance. The system can be useful as part of Usage-Based services, namely pricing
schemes based on driving usage or characteristics i.e., Pay-How-You-Drive driving insurance
schemes.

Moreover, the developed recommendation system can be incorporated in an ADAS
framework, which aims to support driving behavior in a more personalized way by adjusting
actions to the preferred driving style of each driver, rather than implementing predefined
generalized actions. The recommendation system developed within this dissertation can
revolutionize the assistance provision system and pave the way for the new-generation ADAS.

(R & T) The identified human driving profiles can provide great insights for human-like
autonomous driving.

Driving uniformity is an important factor in road safety, and therefore, a significant challenge
of autonomous driving is to imitate, while remaining within safety bounds, human driving
styles, or in other words to achieve human-like driving. The results outlined in this research
both from the driving behavior analysis and the driving recommendation provision can have
far reaching implications in the development of state-of-the-art behavioral models for
autonomous cars. First of all, the six identified profiles together with their driving
characteristics can provide great insights on the different types of drivers that coexist on the
road, and therefore, facilitate the design of surroundings detection and comprehension
systems of autonomous vehicles, as well as improve the interaction protocols under mixed
traffic conditions. In addition, the understanding of differences on the driving dynamics
between the different driving profiles can enable the development of more human-like
behavioral models, in the sense that autonomous vehicle control can be performed either in a
very conservative and cautious way or in a more bold and aggressive manner always
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complying with safety requirements. A great body of literature deals with the development of
human-like driving models for self-driving cars for two main reasons:

a) Human-like driving will enhance the confidence of passengers while riding an
autonomous car

b) Human-like behaving cars will facilitate the understanding of surrounding drivers
about the movements of the autonomous cars as well as the interaction with
conventional cars and other road users.

(P) The improvement of driving behavior on an individual level can have significant
impact on road safety and emissions, but not a noteworthy impact on traffic conditions.

It is a common assumption of researchers that the improvement of driving behavior in an
individual level can result in an improvement of traffic. Nevertheless, none of the previous
studies have examined the actual impact of improving each driver's behavior on the entire
traffic. Therefore, in this research special focusing was given to the quantification and
assessment of individual driving recommendation provision on traffic, safety and emissions.
Our findings revealed that although the improvement of driving behavior on an individual
level can have significant impact on road safety and emissions, as expected, the corresponding
impact on traffic conditions is not noteworthy. Such findings are of great importance both for
researchers and policy-makers since current assumptions have to be reconsidered and traffic
management strategies that highlight driving improvement as a key factor for traffic
conditions enhancement have to be updated.

6.5 Future research directions

Within this dissertation we developed a self-aware driving recommendation system, using a
mixture of unsupervised learning and reinforcement learning algorithms and by exploiting an
innovative naturalistic driving dataset, with the aim to improve driving behavior through the
mitigation of aggressiveness and riskiness. The impact of the provision of personalized driving
recommendations is assessed through a city-wide microsimulation scenario by properly
adjusting traffic models. Findings of this work can have far reaching implications for future
research.

The analysis of driving behavior occupied much of this dissertation and resulted in the
definition of driving behavior on two levels: on a trip level where 6 distinct driving profiles
were detected and, on a user-level, where the driving footprint of each driver is estimated
based on their overall driving behavior. However, there is still much room in the exploration
of driving behavior dynamics and thus, further research should be conducted in that direction
involving enriched driving datasets and additional driving behaviors and parameters (e.g.,
cornering, tasks that cause distraction except from mobile usage). Moreover, the dedicated
study of the dynamic evolution of driving behavior is also very important to provide answers
to the question of how much and how rapidly driving profiles are altering over time. It is known
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that individual driving behavior is characterized by large values of volatility, but under which
conditions a driver adopts a different driving style and how differently can a driver drive from
trip to trip?

Another direction of future research concerns the recommendation system. Initially, the
already developed recommendation system can be adjusted properly to produce driving
recommendations with a different goal. For example, it would be of great interest to produce
driving actions with the goal to achieve fuel efficiency during a trip and in addition, to compare
these driving recommendations with the ones produced with the aim to improve driving
safety. How different are the driving behavior that should be adopted from the assisted drivers
in these two cases?

Another important research question raised at this point refers to the communication between
the user (driver) and the system. Future research should investigate the way the produced
recommendation should be passed to the driver in order for them to be understood by the
user and then to be accepted by him. Although this interaction between the user and the
system is a key success factor of any service, it usually being neglected during the design
process of the service. Especially in the case of human driving assistance, the produced
recommendations have to be clear enough for the user to adopt them and therefore, future
research should definitely study this aspect as well.

A critical challenge of driving recommendation system is the real-time operation, which has
not been addressed within the framework of this dissertation, due to the limitations discussed
in the previous section. The identification of the required specifications that will enable the
real-time operation of the system could also be a part of future research. Towards this
direction, the most significant future research objective would be the modification of the
proposed system in a way that it becomes context-aware, meaning that the system can interact
with environment in which the agent takes decisions and have a full view of its dynamics and
alterations. In this way, the proposed system could be implemented in real-time, and
additionally it could also act as a traffic management tool which uses driving behavior as a key
force of enhancing traffic efficiency.

The proposed methodological approach based on a mixture of unsupervised learning and
reinforcement learning strategies can be valuable for the development of easily adaptable
behavioral models especially for partially automated vehicles. Such models’ prerequisites,
except from driver personality and styles identification, also include situation awareness and
behavioral adaptation. For this reason, future work can focus on building the context for the
RL agents to be placed in, namely become context-aware, and, additionally, enrich the RL
components with parameters describing traffic conditions and road geometry.
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