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To 1a&idt Tpog ™MV OAOKANP®OT TNG EPEVVAS, GE JOOKTOPIKO eminedo, dg yapaktnpileton ¢
pio oOvtoun xovpcoa - gival évog Hokpyg ki emimovog opouog. Onwg opmg giye mel o
Kopgpovkioc: av Beg va mag ypnyopa mag novog, av oume 0ec va mog pokpid mog pe mapéa. o
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TopEio EKTOVNONG TNG TaPOoVoag ABUKTOPIKNG AlaTtpiprg.
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YEVIKOTEPQL.

Ba NOeka akdun va guyaplotiom to veoAowma uéAn g Tpuehovg Emtpomnc, tov Oudtipo
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OO0, TAV®D GTO KEIUEVO, TIG 10£EC KO TN AOYIKT| TIo® amd TNV Topovca AdaKTopiky Atatpipn.
H ocvpfoin toug ftay onuavTikny Yo TV EXIGTNIOVIKT 0PTIOTNTO TOV TAPOVTOG TEVYOVG.
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Kol ypelalopovy Eva xépt va pe Pondnoet va onkobm. Xe uyaploTd Tov O e APNOES TOTE.
EAnilow to movnua ¢ Adaktoptkng pov Atpifg va o€ KAVEL YOPOVLEVO Kol VoL Elval puo
UIKPT ovTomO000T 66mV EXES OMGEL Yo, EUEVa. Mapd, 6€ EVYOPIETD TOL COLV TAVTO OITAM
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Yoo va pe ovvepépels. Kuplmg dpmg oe evyoplotd mov eicor @ilog pov Kot mov mivto [
ompilels. EAnilow otav, og Alya ypdvia, ypaeels Kt €60 ) d1kn cov Awdaktopikn Atatpin va
éxo pmopécel va og ompiEm Kt ey®d 600 €0V guéva!l Mapio, o€ evyaploT® TOL VENPEES M
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Z0voyn

2YNOWH

H oOyypovn aotikn kivntikdtto Ppicketol aviUETORN UE OAOEVO KOl TEPIGGOTEPESG
TPOKANGELG, AOY® TNG aVENVOUEVIC GUYVOTNTAS PUOIKMOV KOTOGTPOP®OV, TNG YHPUVOTG TOV
VTOOOUDV, TNG TOAVTAOKOTNTOG TOV KLUKAOQOPLOK®V WHOTIPOV Kol TG EVOMUATNOONG
TEYVOLOYLDV OTIMG TO GLVEPYATIKA Kol avtdvopa oynuate. H évvolo g avlextikdmrog
(resilience) ota 00w dikTvo OTOKTO WOLiTEPN oNUACIO OC OEIKTNG TNG KAVOTNTOG EVOG
GLOTHUOTOC VO OTOPPOPA SoTaPayES, VO TPOCUPUOLETAL KOL VO OVOKTO OT0d0TIKG TN
AertovpyucdTTé Tov. H mopovca dtatpiPr avortdiocel Eva KavoToOro TAIco avaAvong g
avlexTikdMTog aoTIK®Y 0d1kdV diktowy, T0 REACT, mov cuvdvdlel Oempntikd poviéia,
TPONYUEVEG TPOGOUOIDCELS KOl TEYVIKEC UNYOVIKAG MAONONG UE GTOXO TN OMUIOvPYio Hiog
oAoKANpopévNc uebodoroyiog TocoTIKOTOIMMGNC TNE EMdpaoNS doTapaydV (.Y, TANUUVPES,
ATUYNUOTO) OTNV OVOEKTIKOTNTA TOL SIKTOOV KOl OEIAOYNONG TOV PEATIOTOV GTPUTNYIKOV
dwyeipiong xvkhogopioc. I'a v enitevén tov oTOYOV, TpoTeivetan Ko a&lohoyeitar Evag
KOLVOTOUOG OEIKTNG OMUOVTIKOTNTOC cLVOECU®Y 00tK®V dktowv (Link Importance), o omoiog
EVOOUATOVEL OOUIKG YOPAKTNPICTIKA TOV OIKTVOV (KEVIPIKOTNTA, GLVOETIKOTNTO) KoL
AEITOVPYIKEG TOPAUETPOVS (KUKAOQOPLOKT por, xpdvol dtadpounc). H epapuoyn tov mhasiov
REACT o7o diktvo g ABnvag £0e1&e 0TL 1| TPOTEWVOUEVN TPOGEYYIoT UTOPEL pe akpifeto va
TPoPAEYEL TNV Leimon TG amOO0oNG TOV SIKTVOV VTTO SLAPOPETIKA CEVAPLO SLOTAPAYDY KOL VL,
npoteivel ™ PéAtTiom epappoyn uEtpov dwuyeipong kukiogopiog. H pebodoroyio etvar
TPOGOPUOGIUT GE SUPOPETIKA AoTIKG TEPPAALOVTA, avolyovTag VEEC SUVATOTITES Yo TNV
eEeldikevpévn dlayeiplon LETAPOPIKMY GUCTNUATOV.

AéEarc-kheona: AvBektikdmra, Aotkd odwd  diktva, Awyeipion  Kvuxkhoogopiog,
Moxkpookonikd Oepelddn Awypapparta, Exeénynown Mnyoviky Mdéonon



Abstract

ABSTRACT

Modern urban mobility faces increasing challenges due to the rising frequency of natural
disasters, aging infrastructure, complex traffic patterns, and the integration of technologies such
as collaborative and autonomous vehicles. The concept of resilience in road networks is gaining
significant importance as an indicator of a system’s ability to absorb disruptions, adapt, and
efficiently recover its functionality. This dissertation develops an innovative framework for
analyzing the resilience of urban road networks, called REACT, which combines theoretical
models, advanced simulations, and machine learning techniques to create a comprehensive
methodology for quantifying the impact of disruptions (e.g., floods, accidents) on network
resilience and evaluating optimal traffic management strategies. To achieve this goal, a novel
Link Importance index is proposed and evaluated, incorporating structural characteristics of the
network (centrality, connectivity) and operational parameters (traffic flow, travel times). The
application of the REACT framework to the Athens network demonstrated that the proposed
approach can accurately predict the reduction in network performance under various disruption
scenarios and suggest optimal traffic management measures. The methodology is adaptable to
different urban environments, opening new possibilities for specialized transportation system
management.

Keywords: Resilience, Urban road networks, Traffic Management, Macroscopic Fundamental
Diagrams, Explainable Machine Learning
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Ekreviig MepiAnyn

EKTENHZz MEPIAHWH

Ewaymyn — Epgovntiké IThaicro ko Ipoxinceig

H 61epevvnon g avOekTIKOTNTOC TOV 0OTIKOV 001IKGOV SIKTOOV KabicTatol ohoéva Kal 7o
EMTOKTIKN] OTO TAGIGI0 €VOC TAYKOGUIOTOMUEVOL TTEPIPAAAOVTOC OV YopaktpileTal amod
avéavouevn afefotdtnta, TOAVTAOKOTNTO Kol EDOAMTOTNTO TOV UETAPOPIKOY VTOdoUmY. Ot
GUYYPOVEG TPOKANGELS, OTTMOG 1) KAUOTIKY 0AAOYR, TO OKPOio KALPIKA QOIVOUEVD, 1| poydoio:
OOTIKOTTOINGN, T TEXVOAOYIKN EVOMUATOOT Ol0GLVOEIEUEVOV KOl OVTOVOU®V OYXNUAT®V
(Connected and Cooperative Automated Vehicles - CAVs), kabmg kot 1 dopkdg av&avopuevn
AEITOVPYIKN KO TOTOAOYIKT] TTOAVTAOKOTNTO, TOV SIKTOMVY, OVASEIKVDOOLV TV aVAYKT Yo VEQ
EMOTNUOVIKG, EpYOAEiD, TOV VO, VTTEPPATVOVY TIC TAPASOCIUKES TPOGEYYIGEIS OTOSOTIKOTITOC.

H évvoin g avOektikomntog (resilience) emavatomobetei tn Pacikn o1dyevon 1oV
CLYKOWVOVIOK®Y cuoTNUdtev, 1 ortoia mAéov dev eotialeton pdvo ot PeAdtiotomoinon vmod
OUOAEC GUVONKEG OAAG Kal oTn dTnpnon Kpicwov enmédnv eéuanpétong oe cuvOnKeg
dwropaydv. Ilapd v wpdodo ¢ oyetikng PipAoypoaeiog, ONUAVIIKE ETIGTNUOVIKA
gpoTuota &akoAovBody va veioTavTol GYETIKA U TOV akpiPr] oplopd ¢ avOeKTIKOTNTOC,
T1g LEBOOOVE TOGOTIKOTOINGTG TNG, TOGO GE AELTOVPYIKO, OGO Kol 6€ SOUKO EMinedo, KabdC Kot
TOV TPOTO EVOMUATOGCNC TNG OTOV 0YeO1AGHO Kot 6Tr dlayeipion petapopmv. Ot uéypt orpepo
TPOGEYYIGELS GLYVA TOPALUEVOVY ATOCTACLOTIKES KL, €T €6TIALOVV GE OTUTIKEG TOTOAOYIKEG
TAPAUETPOVG, €ite PacilovTal OMOKAEIOTIKA G SUVAUIKES AELTOVPYIKEG LETAPANTES, ywpic va
GLYKPOTOVV £VOL GUVEKTIKO Kot EQOPUOGIIO peBodoroyikd mhaicto.

EmmAéov, mapatnpeitor pio onpovtiky aouvEeEd HETOED TOV BEQPNTIKOV OVOTOPUGTACEDY
™G VOEKTIKOTNTOG KO TV EXLXEPNOKDOV epYUAEiwV TOV epappdloviol oe GuVONKES Kpiong
anod TS ovyKowaviakés apyéc. H éldenym evdg eviaiov mAouciov TOL Vol EVGOUATOVEL
EMOTNUOVIKEG EVVOLESG, AVOAVTIKA EPYOAEID KO EUTMEPIKESG EQAPLOYES ONLLIOVPYEL Eva KpioLo
EPEVLVITIKO KEVO.

H puo mpoéKinon v omoia kadeitor va avTpetOTicel 1 Topovca datpin €ykettal 6To
YEYOVOG OTL O1 VOIGTANEVES TPOGEYYIGEIS:

1. Emkevipovovto gite o€ Be@pntikd LOVTELD YOPIG EMAPKN EPOPLOYT CE TPUYUOTIKA
diktva

2. XpNoWomolovy UETPIKES  OavOEKTIKOTNTOG 7OV  ayvooOV TN  OSUVOUIKY  1TNg
KuKAOPOpLoKig CRTnong

3. Agv mpoopépouvv gpyareion mpOPAEYNS TG OTAO0GNG TOV SIKTVOV VIO JUPOPETIKA
cevapla dloTapaydv

H mapovoa dwtpifn emyeipel vo kaAdyeL avtd 10 Kevo PEGH TNG AVATTLENG, EQPAPLOYNAG KoL
a&lohdynong evog evomompévov mroiciov avBextikotmrag (Resilience Evaluation and Analysis
of City-wide Transport systems - REACT), éva katvotopo TAic1o Tov EVOOUOTMOVEL AVOAVTIKA
otolyeia omd ) Bewpia Yphowv, TPOGOUOImGT KUKAOPOPING, KOl TEYVIKES UNYAVIKNG Ldbnong.
To mhaicio to onoio avoartvybnke oV TOpPOVGA STPPH EVOMUATOVEL OVAADGELS, TOGO OF
OTPATNYIKO, 00O KOl GE EMYEPNOIOKO EMIMESO OVAALONG KOL TPOGSPEPEL IOl GUVEKTIKN
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pebodoroyia yio ™ diepevvnomn, aloAdynon Kot evicyuon e ovVOEKTIKOTNTOG T®V OCTIKOV
0dwmv diktvmv. To mhaicio REACT emyepel va amaviinoel 6to, akoOAovho KpioyLo EpELVNTIKA

EPWOTNLOTA:

T ac opiletar kol TOGOTIKOTOIEITOL 1] VOEKTIKOTNTO TOV AGTIKAOV 0SIKMV SIKTOMOV;

1 Idc propodv va evtomioTody Kot va epapyndodv T kpicyio onueioc ELOAMTOTNTOC
(vulnerability) evog diktHov;

T Hoc upmopodv va oa&oroynbodv kot vo  PedtictomonBodv o1 GTPUTIYIKES
EMOVAOPOUOADYNOTG;

1 Iowog eivar o podroc twv vémv teyvoroyidv - CCAM (Connected, Cooperative and
Automated Mobility) otnv evicyvon g avOekTIKOTNTOC;

H xoawotopia ¢ mopovcag datpiprg evromiletal otnv €vomoincn SlpOPETIKOV ENMESDV
avdivong, otn YePOHPMOOT TOLOTIKMY KOl TOGOTIKMY TPOGEYYIGEMV KOl GTNV EMLYEPNGLOKN
epappootudmra tv mpotevopeveay epyaieiov. To mhaicio REACT Paciletar oe 1pelg
EMOTNUOVIKOVG GEOVEC:

1 ™ Bewpia ypaowv yio TV avamapdoToot TG XOPIKNAG KOl AELTOVPYIKNAG SOUNG.
T ™V kuKho@oplaky avaAVoT| Yia T AELTOVPYIKN UTOKPICT] TOV SIKTOMV.
1 ™V moAvdidotorn ToGOTIKOTOINGT TNE AVOEKTIKOTNTOC UE EPUNVEVCIUES LETPIKEC.

To epevvnTikd TAaiclo ™¢ mopovcag dTpPng eotialel ot dNUIOVPYio. EVOTOMUEVOV
uebodoroyimv oV HropoHv va GuvOLAcOVY Ta, akdAoLOa:

1. 1N dopIKn OvEAVOT TV OGTIKMOV 0OIKMV OIKTOMV.

2. TNV TOCOTIKOTOINGT TOV EMMTMOCEMY TOV UTOPEL VO, £XOVV SATUPAYES OTN AELITOVPYIKN
OTTOSOTIKOTITO, TV OCTIKMY 00IK®YV OIKTOMV.

3. Vv a&oAdYNoN TG OMOTEAEGUATIKOTITOG GTPATNYIKAOV dlayeipiong g KukAogopiog
OVOQOPIKA LE TNV OVTILETOTION TOV ENUMTOCEDY TOV SOTAPUYDV GTI AEITOVPYIKN
OTTOSOTIKOTITO TV ACTIKMY 00IKMV SIKTOWV.

"Eva onuavtikd otoryeio tov mhaiciov REACT eival o6t dev mepropiletar oe cuyKekppévoug
TOTOVG SlaTaPADV M YEOYPUPIKE AN, OALG EIGAYEL Hiol YEVIKEDOIUT] KOl TPOGOPUOGTIKN
peBodoL0YIKN TPOGEYYIOT, IKOVOTOUDVTAS TG OVAYKES Yo avTd TO 0moio 1 Bempia Tapovoidlet
oG yevikevpévn avBektikotnta (generic resilience 1] case-agnostic resilience).

Epsgvvnrikoi Xréyor ko Kawvortopia g Ilpocéyyiong

H dwrpipn xkoBodnyeiton amd v ovaykn S10tdnmong evog eVOTomUEVOL Be@pnTkoy Kot
EPOPLOCUEVOL TANGIOV Y10 TNV avéAvom Kot a&loddynon g avOeKTIKOTNTAG GE AGTIKA 0O1KEL
diktua, To 0moio Vo etval TAVTOXPOVA EVEMKTO, EPUNVEDGLO KOl EPUPUOCLILO GE SLPOPETIKA
Aerrovpywcd mepiPaiiovta. Kevipikodg otdyog e etvar n avantuén tov mhaiciov REACT, evog
TOAVETINEDOL gpyaieiov moOv ovvdvLAlel ™ MHUONUOTIKY OVOTAPAcTOoT) OIKTV®V, TN
AEITOVPYIKN ATOO0GT VIO STAPUYEG KOl TNV EVOOUATWOOT TPONYUEV®V TEXVIKAOV €E0pVENG
YVOONG KOl LOVIEAOTOIN GG,

O1 empépoug epevvntikol 6tdY01 TG droTpiPrg dapHpmdvovton wg eENG:
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1. Avdamtuén kon a&ordynon pag [ evikeouévng Metpixng AvBesxtikotntag, ave&opTnTmg
TOTOV SLOTAPAYNS N YEDYPAPIKOV TAAIGIOV, Hésa amd pio peBodoroyikd GuvenT Kot
Oepnrikd OepeMmpévn TpocEyyion.

2. Avamtoén pebodoroyidv mov ocvoyetiCovv TIC UETPIKEG avOEKTIKOTNTOG WME TO
Moxkpockonikd Ospelddeg Awdypappa (Macroscopic Fundamental Diagram), pécw
HOVTEAQDV UNYOVIKNG pabnomng Kot a&loAdynong endocemy.

3. Afaymyn TPOGOUOIDGE®V TOV TEPIAOUPAVOLY SUPOPO GEVAPLL SL0TAPAYDV,
GUUTEPTAOUPOVOUEVOY TANUUVP®V, OTOKAEIGUOV KOUPM®V/SOPOU®OY Kol GGTOYLDV
VTOSOUMV.

4. Avamtoén epyoreiov avdivong pe Pacn to dedopéva mov aE0mol00V TEXVIKESG
EMOTTEVOUEVTG NAONnoNe, opadornoinong, epunveiog kot Tpofreyng (6nwg ot SHAP,
Random Forest ka1 GBDT), pe 6160 T0oV EVIOTIGUO KPIGIL®Y GTOWEIDY TOL d1KTHOV
KoL T SLOUOPPMGT] GTOYEVUEVOV TAPEUPAGEDV.

H xowvotopio g epyaciog evroniletal o tpia enineda:

1. Evvowoloyikd, siodyet éva mhaiclo to omoio dev avtiuet@milel TV avOEKTIKOTNTA MG
OTATIKN 110TNTA, OAAG O SLVOUIKT OLUOKOCTO OVAKOUYNG KOl TPOGUPLOYTG.

2. MegBodoloyikd, cuvdLAlel TOGOTIKEG OVUADGELS LLE EPUNVEVTIKA EPYOLEID UNYOVIKNG
udonong, amoeedyovTag Tn AOYIKN] «Uadpov KovTloh» oL Yapaktnpilel ToAdTAoKa,
UOVTEAQ UNYOVIKGV udnong.

3. Eo@oappootikd, mopéyel éva mANPOC VAOTOUCO €PYOAEI0 TO omoio pmopel va
ypnowonoindei amd popeic drayeipiong kKukAo@opiog, TOAE0SOUOVE KOl EPEVVITEG, LE
oTOYO TNV EVIOYLON TNG ACTIKNG AVOEKTIKOTNTOC.

H cagng ovvdeon Bewpiag - pebBodd0v - €Qupproyng KabIoTd TNV Tapovca daTpiPn pio amod Tig
TPOTEC TPOoTABeIEg Y TNV KABEpwoN €vOg AEITOLPYIKOV TPOTLOL OEWOAOYNONG NG
ovOEKTIKOTNTOC Kl EVGOUATMONG TNG OTN AYN OTOQAGE®V Ylo. XTPoTNnyIkES Atayeipiong
Kvkhogopiag oe peyding kMpokog aotikd diktoa, 1Kavo va TPocaprootel o€ diktvua Ue
OLOLPOPETIKA TOTOALOYIKA KOl AEITOVPYIKA YAPUKTNPIOTIKA.

To mhaicwo REACT amotehel éva amd To TPpOTO TANPOS EMLEPNOCLOKE gpyoreio TTOV
EVOOUATAOVOLY TOGO TNV TOTOAOYiD. TOVL SIKTVOV, OGO KOl TN AETOLPYIKY TOV OTOKPION,
EMTPEMOVTOG GLVEYN TAPOKOAOVONGT, TPOPAeyYN Kot dtayeipton KPIo®Y KUKAOPOPLOKOV
KOTAOTAGEMV [LE GTOYO T LEYIOTOMOINGT TG avOeKTIKOTNTOG.

Mge0odoroyucii IIpocéyyion

H mpotewvopevn pebBodoroyikn tpocéyyion dwapOpdvetal 6 enimedo GTPATIYIKNG, OVAALGNG
KoL EQAPUOYNG, TA 0Toi0 GLVOVALOVY TOCOTIKEG TEYVIKES LE PEOAGTIKO GEVAPLL dLOTAPUYADV,
a£10moLOVTOG 0E00UEVA TPAYUATIKOD KOGLLOV KOl OVOTOPay®YLo epyaieio Tpocopoimong. H
peBodoroykn mpocéyyion TG mopovoas oatpiPryg Paciletor otV gvomoinom TPLdV
CUUTANPOUOTIKGV EMITESOV AvAALONG: (0) AVAALGOT TOV SOUIK®Y GToLKEl®V ToL dikTvoL, (B)
Aerrovpykn a&loldynon vmd cvvinkeg datapoymv, kol (y) povielomoinom pe Pdaon To
dedopéva yio aE0AGYNoT TG VOEKTIKOTNTOG Kol EKTIUNOT TNG OTOAELNS TNG ATOSOTIKOTITOG
TOL OIKTVOV G TTEPINT®ON GLUUPEvTOG.

To tpio enimeda avdivong cvvovalovtal ce éva ovvektikd mioiclo (Zynua 1), To omoio
dwympiletor o€ GTPATNYIKO KOl EXLYEIPNOIOKO EMITEDO:

X1
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- XTpotnyKo eMiMedO: AmMOTIUNON YEVIKELUEVAVY SOTAPOYDV (TT.). TOVTOXPOVN KATAPPELGT
Kkpioov KOpPav).

- Emyepnoloxd eminedo: afloldoynon tomik®v dwropoydv (). omoKAElouol of
SOTAVPMGELG 1 S10OPOLOVG).

REACT Framework R"j‘” i
il

(st level: Strategic E .

o, 1

- ~~2nd level: Operational w

Xyfqpna 1: Areikovion vynioov emaédov Tov mharciov REACT.

To amotéheocua givotl évo TAQIGIO 1KaVO Vo EKTIUNGEL TV OVOEKTIKOTNTA EVOS GLGTHUOTOS A0
TOAATIAEC OTTIKEG YOVIEC, TPOGPEPOVTAG AELTOVPYIKES KOl TOGOTIKEC €E000VE TTOL GLVOEOVTOL
pe mpaypotikd dedouéva. To mhaicto REACT yapoktnpiletor omd emektocylotnta,
EPUNVEVCIUOTNTO, Kot LEBOOOAOYIKT) GUVETELN, ETITPEMOVTOG TNV EPUPLLOYT TOV GE OLOPOPETIKAL
aoTikd mepPdAiovta Kot vrodouéc. EmmAéov, emidudkel T yeQUP®ON UETAED EPELVNTIKMY
ELPNUATOV KOl TPOKTIKOV EQPUPLOYDOV OTOV OYedlOoHd OIKTO®OV Kol TN dloyeipion
KK oQopiog.

To mlaicto REACT amoteheiton amd dvo eminmeda, 1o Xtpatnyikd kot to Agttovpywo. To
Xtpotnyikd emimedo eivor vmevBuvo yio Tov apyKd TPOGOHIOPIGUO TNG OVAALONG NG
avlextikdmrag (Zynpa 2) kat, PAcel Tov 6cmV EmadnKaY TPONYOLLEVOCS, 0POPA TNV AVAALGT
TOV SOUKAV GTOLYEIDY TOL dIKTVLOV. XToV avTinoda, To Agrtovpywd enimedo (Zynpa 3) apopd
TG UIKPOOKOTIKEG TPOGOUOIDGES Ol omoleg EAafav ydpo 6TO0 TAAIGIO TNG TOPOVGUG
dwtpiPng). Kowodg 10mog tov dbo emmédmv givar 11 d€d0PEVOSTPAPNS LOVIELOTOINGT Yl
aElohdynon g avlekTikdTNToS, TPOPAEYN Kot VRWOSTAPEN ANYNG AmOPAcE®Y, KUOMS
LETPIKES KO ATOTEAEGLOTO OO TaL OVO EMIMES AL YPTCUOTOLOVVTOL Y10 TAPAYDYT TOV TEMKDV
LoVTEL®V TPOPAEYNC.

Xil
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Xyfqpna 2: Me0000royiké ThaicLo EQapproyg TOV XTPATNYIKOD EMTESOV.
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Xyfqna 3: Me00d0royiké mhaicro epapproyg 10V AELTOVPYIKOD ETUTEGOV.
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H mpocéyyion Ba epappootei 610 facikd diKTLO avapOPAg TGS TAPOVGAS SLOTPIPNC: TO 0OTIKO
0016 diktvo TG TOANG TtV ABnvov (Athens Testbed). To Athens Testbed mepilapfaver
GLVOEGEIG TOGO YOUNANG AETOVPYIKNG KOTNYOPIaG (7). OIKIGTIKEG 0000C) OGO Kol LYNANG
AEITOLPYIKNG KaTyopiag (7). TPITEVOVCES 000VG, apTNPIeS Kot avToKIvNTOdpopovs). To diktvo
aroteleital amd 1293 koupovg/ dwwotawpmoelg kot 2572 akpég/ ovvoéopovg. Amod amoyn
Mmong, mepimov 83000 oynuoTe €1GAYOVTIOL GTO OIKTVO KOTA TNV TPOIWVNY dpa ayung. To
VOOUEPO OVTO EXEL TPOKOWYEL HETA amd Pabuovouncn tov diktbov pe dedopéva popatov.To
Athens Testbed mapovoidletal oto Zynqua 4.

A —— Athens inner-ring urban
transportation network

D Athens ring

Xyfqna 4: To Athens Testbed.

A. Avéivon Aopikdv Zroryeiwv

[No v avdivon tov dopkdv ototyeiwv tov Athens Testbed, avtd avarapictatal og I'pdeog
OmOL 01 KOUPOL KOl Ol OKWUES OVTIGTOOVV GE OlOCTOVPMOCES KOL 0OUKOVS GUVOEGLOVG.
Epappdlovior Bacikég LeTpikég KeVIPIKOTNTOS, 0TS 1 cuyvoTnTa YpNong evog KopPov oe
owdpopég pkpotepns amootaorng (Betweenness centrality - BET), kofmg wot petpikég
aE10AdYMNoNG TNG CNUOVTIKOTNTOS TOV SOUIKMY GTOXEIDV TOV dtkTvov. Ot tedevtaieg e&etalovv
TGO TOTOAOYIK( Tr] GUUPAIVEL OTIC CUVTOUOTEPEG OLUOPOLES TOL SIKTVLOV €AV KATOWO OO TaL
doukd otoryeio ennpeaoctel and Kamowo cupuPdv kot agaipedel amd dikTvo (AmodOTIKOTNTO —
efficiency), 660 Kol TNV KPIGLOTNTO TOV SOUIKMV CTOLYEIDV L0 YVMOUOVO TNV OVOKOTOVOLY|
TOL POPTOL EQV KATOW0 amd T dOUIKA oToyeia ennpeactel and Kamowo cvuPav (criticality).

O1 ryég toov efficiency ko criticality mocotuconotovvtot Yo T0 GHVOAO TV GUVIECLLOV TOV
Athens Testbed. ['la Tov Tpocdiopiopd GAL®V KPIG®Y SOUIKMY GTOLEIDV TOL SIKTVOV OTWG
KOpPov Kot Sadpopmv yprnoonoteital To betweenness centrality Kol T0 T0GOGTO TOV POPTOV
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0 omoiog e&vmmnpeteitan ava {evyoc [Ipoéhevong-Tlpoopiopov (OD Pair). ITo cuykexpipéva, ot
TIEC Tov betweenness centrality enttpémovy Tov TPOGOIOPIGHO SOUIKA KPIGIH®Y KOUPOV Kot
TO TOGOGTO TOL POPTOL 0 0Toiog e&umnpeteitat avd {evyog [Ipoéhevonc-IIpoopiopod emtpénet
TOV EVIOMIoUO TV Kpioiuwv dadpopav [Ipoéhevonc-Ilpoopiopon (OD Paths). Ot dopkd
kpioot kopPot gival exeivol ot kKOUPoL Le TIC LYNAOTEPEG TWEC betweenness centrality. H
mAnpoopia vt eaivetal oto Zynue 5. To ZyAua 5 anewovilel, oe @bivovca cepd, ™
GLYVOTNTO XPNOTG EVOG KOUPOL g dradpopég pikpdtepng andotaong (Betweenness centrality)
Yo T0 6UVoA0 TV kOuPmv Tov Athens Testbed. Ot onuavrtikol kKOpPot eivar ekeivol ot omoiot
Bpickovtal avavtn TV TPMTOV GNUEIOV KOUTNG KOl Apo Tapovctdlovy TI¢ HeyoldTepes TYUEG
0€ GY£0T] L€ TOVG LIOAOTOVG KOUPBOVE TOL SIKTVOV Y10, TNV KAOE LETPIKT.

0.14 ‘
0.12

=
—
=)}

e
—

Betweenness centrality

Nodes

Xyfqna 5: Avarnoapdaoctoon kotd ¢divovca T Tov Tipn@v betweenness centrality yia 6Aovg Tovg
KOppovg Tov Athens Testbed.

Avrtictoya, o1 o onuavtikég dadpoués [poérevonc-Tipoopiopov (OD Paths) eivon ekeiveg ot
omoieg eEumnpeToHV TO PEYAADTEPO TOCOGTO TNG KukAopopiag, Bacel Tov ITivaxa ITpoéhevonc-
[Ipoopiopot. H minpopopia avty eaiveton oto Zynua 6. To Zynua 6 answkovilel, o€ pBivovca
oEPA, TOV Oploio EOPTO Yoo TNV POV ®PO otyung o omoiog eEvmnpeteital avd (evyog
IIpoérevonc-Tipoopiopov yio 10 Athens Testbed. Ov onuovtikég, Aowmdv, dadpoués eivat
exeiveg o1 onoieg eEumnpetovv ta {evyn [Ipoéhevonc-IIpoopiopod to omoia sivar avdvtn tov
onpeiov kaumrg to onoio eaiveral oto Xynua 6.

1000
900
800
700
600
500
400

Demand (veh/h)

300
200

100

0

OD pairs

Xyfqna 6: Avarnapdaoctaot kotd ¢Oivovsa Tyg g opraiog {tnong n omoia eEvanpeteiton ava
Lebvyog ITpoéhevonc-Iipoopiopov yio to Athens Testbed.
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B. Agirovpyixn Avalvon

XpNo1onotovvTol Se60UEVO TPAYLOTIKNAG KUKAOPOPIOG KOl OTOTEAECUATO, TPOCOLOIDCEDY
Yo TN HETPTON TNG POTG, TOL XPOVOL TaE10100, Kot TS kabvuatépnong. Evoekrtikd, epapuoletot
N wpocéyylon Tov Mokpockomik®v Ogpueindmv Awypappdtov (Macroscopic Fundamental
Diagrams - MFDs), 1 omoio. amotumdvel TV KUKAOQOPLOKT SUVOUIKT OAOD TOL OGTIKOD
SIKTOOV MG CLVAPTNEN UETAED TVKVOTNTOG KOl POTG.

H a&ordynon ¢ avOekTikOTNTOC YIVETAL [I€ TOGOTIKY GTOTIUNGN TNG OTMOAELNG ATOS0CGNG
HEC® TNG EMPAVELNG UeTAED Tov. 1o Zynua 7 eaivetal n dapopd avauecsa oto MFD g
Kavovikng Asttovpyiog kot 1o MFD vrd dwatapayuévn Aettovpyia. H meproyn peta&d tov MFD
MG KavOVIKNG Agttovpyiag kot oo MFD vrd dwtapayuévn AEovpyio avTimtpoc®mredel ™
Yuvolikn Andreio AmOS06M¢ TOL AKTOOV.

MFD Baong

35t
— MFD diatapaypévng katdataong
o
Q 30t
3
& 251
S
a 20} l
i =
3 I,.
S 15} ”
g f
e 10r u
2./ [
=2
el 51 I|I.I' JIJ

]
oF !
0 20 40 60 80 100

MukvotnTa (0X./XAY.)

Xyfqna 7: Makpookomko Ospehdoes Avdypappa s Kvkrogopiog — Kavoviki Aettovpyia o
oyéon pe dwurapaypévn Aettovpyia.

I Movredomoinon ov@extikotyrog

H evoopdtoon teyvikdv pnyavikng pddnong evioyder v a&oddynon kot tpdpreyn g
arodoong tov diktvov. Ta poviéha Random Forest kot Gradient Boosting exmaidevovton e
Baon TG HETPIKEG KEVIPIKOTNTOG, TN ONUOCi CLVOECU®Y, TN POT KOl AETOLPYIKA
YAPOKTNPIOTIKA TOV AoTIKOD 001KkoD dktvov. Ot gpunvevtikég teyvikés SHAP kot Permutation
Importance emTpénovy TOV EVIOMIGUO TOV TAPOUETP®V OV €MNPeAlOVV TEPIGGOTEPO TNV
avlBextikdmra. To televtaio amotvndvovTal 6To Zynua 8.
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Xyqna 8: Amoteriopata TV epunveLTIKAV TEXVIK®OV SHAP kot Permutation Importance o€
oyéon pe Mean Partial Dependence oto mhaicio g mapovcag drwatpiprc.

IIpokatopkTiKi] Avdiven

To mhaicio REACT epappoletor kot aloA0YelTOl 68 TPUYUOTIKO OEOOUEVO KOl GEVAPLN
S0TOPOYDOV TOV APOPOVV KUPIE TO aoTIKd dikTvo TS ABMVag, e 6TdYO TN JEPELYNON TNG
YEVIKEVGILOTNTOG, TNG EPLIVEVCILOTNTOG KOl TG TPOKTIKNG TOV a&iag.

H avdivon ekkivel amd v ToG0TIKOTOINGT TG EMOPAGTS TV SOTAPAYDV GTNV AEITOVPYIKT
OmOd00CT TOV OOTIKMOV O00KAOV OIKTV®OV, HEAETAOVING OCUYKEKPIUEVE TIS TEPUTTOGELS
TANUUVPIKOV QOIVOUEV®V OTIS TEPLOYES TG Mavdpag kot g ABnvag. H emloyn g ABnvag
Kot g Mavdpag g perétec mepintwong dev fav tuyaio, KoBMOG amoTteAoVV TapadElyloTo LE
ONULOVTIKA O10POPETIKE KUKAOPOPLHK(L, YEWYPAPUKH KoLl TOTOAOYIKA YopakTnplotikd. H ABnva
EKTTPOCOTEL £vOL TOAVGVVOETO PUNTPOTOMTIKO OIKTVO HE VYNAN TUKVOTITO GLVOECEMV, EVD M
Mdvdpa TPooPEPEL TO TAPASELYILOL TOTIKOD OOTIKOD 1GTOV WE TEPLOPIGUEVES EVOAMUKTIKES
owdpopés. H perérn mepimtoong g MAvopog emKEVIPOVETOL GTNV KOTAYPAPY NG
KUKAOPOPLOKTG AEITOVPYIKOTNTOG TPV KO LETA TO TANULPLPKS YeYovas Tov 2017, 1 omoia eiye
®G OmOTEAEGUA TOV amOKAEIoUO peydAov pépovg g tomikng vmodoung. O Ilivaxag 1
TaPOLGIALEL TNV EMIOPAGT TNG TANUUDPOS GTO AGTIKO 001KO dikTvo TG Mavdpag.

Xvil
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Mivakog 1: EmMtdosic aAqpupuopog 6Ty ETYEPNGLOKI 0T00061) TOV 0GTIKOD 001KOD SIKTVOV TNG

Mavépag.

zUU; s0® Kavovikn ITAnppopuko Metapoin

Agttovpyia veyovog
Méco unkog dtadpoung (m) 982.17 2890.76 194.32% A
Méon toyvtnta (km/h) 37.91 8.93 76.44% V¥
Méon 61apketa Ta&id1ov (s) 138.59 8637.62 6132.50% A
Alovvbévta 9484.82 7406.13 21.92% V¥
OYNUOTOYIMOUETPOL
E&umnpemOévto oxnuata 9377 507 94.59% V¥

AvrticToya, Yo To aoTikd 001Kd dikTvo g AbBMvac, avtiotoreg petaforéc TapaTnPoHVTUL GTO
ymua 9.
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Xyfqna 9: Ematdocsic akqpupipag 6Tny ETLEPNGLOKI] 006001 TOV GGTIKOV 001KOD SIKTVOV TNG
AOvoc.

21 ovvégew, mn ovéivon emkevipovetol oto Athens Testbed, omov a&lomolodvton o dvo
enminedo tov mAouciov REACT. Apyikd, 10 Ztpatnywkd eminedo ypnolLOmOLEiTal Yoo TNV
TEPAULTEP® OVAAVCT| JPOPWV UETPIK®V, Ol omoieg e&etdlovv v ovBektikodTTa 0o
OPOPETIKEG ONTIKEG Yovies (TOMOAOYIKN OEWOAGYNOT  OVOEKTIKOTNTOC, EMLYELPTOLOKN
alohdynon avlekTikdTNToC). XT0 TAMIGI0 0VTO, O1eENYONCAY TPOCOUOINCELS GTUSIOKNG
OTOUAKPLVONG GLVOEGH®MY KOl SOUK®OV oToeimv (KOpPv kol cuvoEou®Y), e aTOYXO TNV
OTOTIUNOY] TNG ONUAGIOG TOLG KO TV OTOKAADYT] «KPLO®OV» TPOT®V onueiov Tov diktoov. H
avdAvon eumAovTICETOL TEPULTEPM LE TEXVIKEG OUAOOTOINGNG LETPIKMV KoLl YPNOT LOVIEA®V
UNYOVIKNG Labnong yuo v TpoPieyn e onuociog Tov cvuvdéouwmv. Méow g diepevvnong
VTG TpoTeiveTal 0TV Tapovoa didakTopiky| dtatpiPr n perpkn Link Importance index (LI)
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(e&iowon), n omoio GUVOLALEL TOTOAOYIKEG KOl EMLYELPTCLOKEG PLETPIKEG TNG AVOEKTIKOTNTOG Kol
amotelel €101 pia Tpoomabela TPog TNV EMiTELEN HIOG LETPIKNG YEVIKELUEVT|G OVOEKTIKOTNTOC.

o 0—-13 (EE. 1)

"Emerta, to Agitovpyko eninedo tov REACT epapudomre apevog yio Ty TEPUITEP® ovAALGN
NG EMPPONE KATAGTPOPIKOV cLUPAvVTOV otV amddoctn tov Athens Testbed kot apetépov yia
m depedivnon ¢ emidpaocng Zrtpoamykav Aayeipiong Kvkhoeopiog (wo cvykekpuéva,
OTPATNYIKEG EMAVAOPOUOAGYNCNG) GTNV OVIWETOTIOT TOV ETMTOCE®Y 7OV EYOLV T
KataoTpoikd cvopPdvio oto Athens Testbed. Méow avtig ™¢ avdlvong avoamrtoydnioy
poTLTTo. Mnyavikng Mabnong toa onoia dHvotar va Tpofréyovy 1660 TTOGN 6TV arddooT)
TOL JIKTOOL AOY® €VOG GLUUPBAVTOG, OGO Kol Tn PEATIOTN OKTIVOL EQOPUOYNG GTPUTNYIKMV
EMOVAOPOUOAGYNOTG VIOl TNV OGO TO dLVOTO ALOdOTIKOTEPN AELTOVPYiD. TOV SIKTHOVL KT TN
dudpkelo evog GupPavtog.

E@appoyn xow Arotehéopata

H epoppoyn tov miawsiov REACT avédelée kpioiuec mTuyéc g avOekTIKOTNTOG GE 0OTIKA
001K dikTvo, cLVOVAlOVTOG avaAven o€ GTPATNYIKO Kol Asltovpykd eminedo. To mhaiclo
emuTpénel v mOPOAANAN 0El0ToINoT] TOTOAOYIK®Y, AEITOLPYIKAOV Kol YpovoegvaicOnTmv
LETPIKDV, YEQLUPDVOVTOG TO YAGLLA AVALESO OTT Oe@PNTIKY LEAETN TNC AVOEKTIKOTNTAG KOL TV
TPOKTIKT EQOPLOYN TNG OTN dXElp1on KukAopopiag.

210 otpatnykd emimedo tov pebodoroywkov mioisiov REACT, to diktvo avamapactdbnke
1660 ™G YPAPOc, 0G0 KOl GE LAKPOCKOTIKO €MIMEdO aviivong. Apyikd, £ywve a&loldoynon tov
SOUIKDV GTOLYEI®Y TOV SIKTVOV UEGM TOTOAOYIKOV neTpikadv (degree, closeness, betweenness
centrality). X1n ouLVEXEIDL EQAPUOGTNKOV GEVAPLO OTASIOKNG Oamopdkpuvong kOuPfwv Kot
GLVOEGU®V, e GTOYO TNV AOTIUNOoN TNG onpaciog Kabe otoryeiov. And avti ) Sadikacio
nmpoékvye o deiktng Link Importance (LI), o omoiog cuvdvalet ) Béomn evog otoryeiov 6to
OIKTLO LE TNV EMYEPTGLOKT| TOV GNUOGIOL.

H ta&wépnon tov koppov kot dwdpduov pe Pdon tov LI amokdAivye onueio «woyning
KpIGOTNTAG), TOV dEV NTOV EUPAVN LE Tapadocstokols deiktes. Emiong, péow opadomoinong
(clustering) mpoékvyav Cdveg pe opoloyevég emimedo avOEKTIKOTNTOG, EMITPETOVTOG
GTPATNYIKT] lEPAPYNON TaPEUPACEDV.

210 Aertovpykd eminedo tov pebodoroykod miaiciov REACT, to evdiopépov emkevipmOnie
oTN OLVOIKY AmOKPION TOL OIKTOOL G€ dlatapoyés. Xpnoipormomdnkov MaKpooKomikd
Oepehmdn Awypappata (MFDs) yo va anotuonobel 1 andAelo amdo00NG 68 TEPUTTMGELS
amoKAEWCUOV KOUPov 1 dwdpduwv. To oynue mov axolovBel delyvel YOpaKTNPIGTIKE TV
KOUTOAT TNG KOVOVIKNG AEITOVPYING 68 GYECT e TNV KAUTVOAN VIO droTopoyn, Kaddg Kot T
dwdkacio avakapymg.
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Yympa 10: Makpookomikéd Oepehmosg Awdypoppo — Kavoviki Aettovpyia vs. Alotapoyn.

H avdivon tov MFDs enétpeye tov akpifiy VToAoYIGHO TG EMQAVELNS OTMAELNS 0mTdOOoNS
(resilience loss area), m omoio PEIOONKE ONUAVTIKA HE TNV EQOPULOYY] OTPATNYIKOV
emavaopopordynons. To amoteAéopoto KatédeiEav Ot m PéAtiom oxtivo €QApPULOYNS
Kopoiveran petacd 300-450 pétpav Yo d1adpopovg kot 100 pétpov yio koppoug.

o v mocotiky| amotiunon TV Topandvm, T CLYKEKPLEVO TNG EMUPAVELNS OTMOAELNS
amod0oNs, avarTuyOnKay Kot eKTodenTNKoY HovTéda unyovikng nddnong (Random Forest,
GBDT). O mivaxog mov axoiovBel cuvowilet Tig petafAntég 16000V Kol TIG VIEPTAPUUETPOVS
OV YPNOLOTOW ONKav.

Mivakag 2: Metaprntég €16600V 6TO POVTELD paviKIiS padnong

z63Uya83 Uy Uy ¥yYizUUUbadUygBUy; soy Ule
I'poppn -

[HoAwvdpounon
Ridge alpha [Tévte TYég oe loy0¢ kavovikonoinong:
Regression AoyaplOpKy KAMPOKO — PeYOAOTEPEG TIUEG

peta&y 0.01 ko 100 dNAdvovVY 1YVPOTEPN
KOVOVIKOTOinomn

XX
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z83Uyas3 Uy

"Uyp ¥:zU0UUbadqUygBUy a0y Ule

max_iter 15000 Méyiotog apBpog
EMOVOANYEDV
Lasso alpha Tipég og AoyopiOuikn  loyde kavovikonoinong:
Regression KAipaxo petadd 0.01  peyoddtepeg TIHEG
Kot 100 dni@vovv wyvpdTEPN
KOVOVIKOTIOINGN
max_iter 15000 Méyiotog apOuode
EMOVOANYEDV
Elastic Net alpha Tiéc og AoyapiOuikn  loyde kavovikonoinong:
Kdipoxo petadd 0.01  peyoddtepeg TIHEG
Kot 100 dni@vovv wyvpdTEPN
KOVOVIKOTIOINGM
11 _ratio Tiyéc and 0.1 éwg 0.9  [Mopdauerpog HiEng Towvav

L1 kou L2

Toyaio Adcog

n_estimators

Twég and 1 éwg 10

O apBuog tov dévipav
670 0060¢

max_depth

BéOog and 1 wc 10,
KkaOd¢ kot 20

To péyieto Pabog tov
dévipov

min_samples_split

Twég and 10 €wg 20

EXdyiotog apBuog
derypdtv Tov omatteiton
Y10, TOV S0y ®PIoUd EVOG
£0MTEPIKOV KOUPoV

min_samples_leaf

Twég and 4 éwg 10

EAGyiotog apBuog
derypdTov Tov amoteital
v vo gival £ykupo éva
@OALO

max_features

Tetpaywvikn pila
YOPOUKTNPLOTIKDV,
log: yopaktnploTIK®V
N O\a Ta
YOPOAKTNPLOTIKA (Tn|
None)

O ap1Buo6g
YOPOUKTNPLOTIK®OV OV
eEetdlovral yio Tov
BértioTo drympiopd

GBDT

n_estimators

Tipég and 1 éwg 20

Ap1Buog otadiov
gvioyvong (boosting) mov
Bo exteresTOVV

learning_rate

Tipég and 0.1 émg 0.2
pe prpa 0.01

Meidvet 1 copforn kébe
S€VTpov OOTE Vo AmOTPOmEL
TO VIEPEKTALOEVLEVO
LOVTEAO

max_depth BdBog and 1 ¢wg 10,  Méyioto fabog Tmv
KkaBdg ko 20 EMUEPOVS OEVTPWOV

TAAVIpOUNONG
min_samples_split Twég amd 2 émg 10 EXéyotog apBpog

detypdTmv Yo Tov
SLYOPICUO ECMOTEPIKOD
Koupov

Xx1
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z83Uyas3 Uy

"Uyp ¥:zU0UUbadqUygBUy a0y Ule

min_samples_leaf

Twég and 1 émg 4

EXéyotog apBpog
delypdT@v oL omotteiton
v va glval £ykvpo éva
@OAAO

subsample

Twég amd 0.6 w1

[Mocoo1o detypdtov mov
YPNOLLOTOLOVVTAL YioL TNV
EKTTOUOEVOT] TOV ETUEPOVG
UOVTEAV

XGBOOST

n_estimators

Twég and 1 émg 20

Opiletl Tov apBud tov
YOpwv gvioyvong (dnA. tov
oLUVOAMKO aplBud dévipav
670 6HVOAO)

learning_rate

Twég and 0.01 émg
0.1

Mewmvel T copufoin kade
SEVTPOV DOTE VOl OTOTPOTEL
VIEPEKTOIdELON
(overfitting) Tov povtéiov

MLP

hidden layer sizes

(64, 32, 16), (128, 64,
32), (100, 50, 25)

Opilet tov ap1Bud kot to
uéyebog TV KpLE®V
OTPOUATMV GTO VEVPMOVIKO
diktvo

activation relu, tanh Opiletl t ovvaptnon
gvepyomoinomng mov
YPNOOTOEITOL OTO KPVQE
OTPOUOTO

alpha Twég and 0.001 éog  Opog kavovikonoinong (L2

0.01 pe Pripe 0.0001

penalty) Tov amotpénel TNV
VIEPEKTAIOELOT
TILOPOVTOS PEYAAa Bapm:
VYNAOTEPES TUES
emPailovv 1oyvpdTEPT
TOIVY KOl ATAOVOTEP
povtéia

learning_rate

constant, adaptive

KoaBopiler T otpatnywn
evnuéPmog Tov pudpov
pénong xatd tnv
exmaidevon

learning_rate init

0.0001 1 0.001

Apycog poBpog pabnong
IOV YPNCLLOTOLEITOL OO
Tov PeAticTomomTi -
pkpoTeEPEG TYWEG 001 YoV
o€ o apyn GAAA To
otafepr| cuyKAon

max_iter

100000

Méyiotog apBpog enoymv
exmaidevong
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To tedicd povtéro to omoia emAEyONKav exétuyay vynAn akpifeia (R? = 0.83), tpoceépovtag
afidmiota epyoieio mPoOPAeYNC Yoo TN onuacioc cuVOECU®V Kol KOUP®V GE GEVAPLL
dwTopoaydv. Amo tn Sadkacio ovt emA&Onkav dvo (2) povtého Mrnyaviking Madnong,
Random Forest yio v tpofAeyn tng EMQAVELNG OTOAELNG ATOS0CNG OE TEPITTMOT GLUPAVTOG
oe ook apmpia kot GBDT yio v mpofreyn g eMQAVEINS OTOAEWS AmOO0CGNC GE
nepintwon cvpPdvtog og kouPo. [lave ce avtod, Kol Pe 6KOTO TV KAADTEPN KOTOVONGT TOV
TOPOYOUEVOV  UOVTEA®V, £YlVE YPNOT EPUNVELTIKOV TeYVIK®V. Ilo ovykekpuéva,
ypnowomomOnkay ta SHAP summary plots, to omoia emétpeyov TNV amotOAWOON TNg
GULVEICQOPAG KGO peTAfANTAC otV TEAIKN TPOPAENTIKY KOVOTNTO TOV OVETTUYUEV®V
povtédmv. Ta SHAP summary plots mapovsialovrarl ota Zynuote 2 Kot 3 yio Ty Tepintmon
tov Random Forest kot too GBDT povtéhov avtictoryo.
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bidi 4 «n e e
li_corridor 'l*. 4 w) = 8 E
2
mean_flow D I‘-* i;
radius +—- . E
consecutive F
. T ' . . . . Low
-50000 —-25000 0 25000 50000 75000 100000
SHAP value (impact on model output)
Yympo 11: SHAP values Yo to povréio Random Forest.
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@
degree_centrality e {“ %
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SHAP value (impact on model output)

Xyfpa 12: SHAP values o to povréro Gradient Boosting.

Hopdiinia, n péBodog Permutation Importance oe cuvdvacuod pe to Mean Partial Dependence
Plots Ponfnoe omv katavonon g oyxéong xabe oveaptnng petaPAntig pe Vv
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avlextikdmra. To oyetikd dwypdppate topovslalovral ota Zyqpate 13 kot 14 yo v
nepintwon tov Random Forest kot tov GBDT povtéhov avtictouyo.
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Yympa 13: Permutation Importance kot Partial Dependence Plot ywo. To povtéio
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Ekreviig MepiAnyn

H dwpdveln mov npocépepav avtd ta epyolreio tpoodidel oto mAaicio REACT emygipnoioxy
a&lomiotio, KaOdG EMTPETEL GTOVG JAYEIPIOTEG KUKAOPOPIOG VO KOTOVOOUV TO «YLOTD» oM
07O TIC TPOPAEYELS TV LOVTEADV.

JOpUTEPACPATA

YUvoliKd, M Tapovca OlaTpiPn] amédelse 0Tl 1 cLVOVAGCTIKY 0EIOTOINGT TOTOAOYIKMV KOl
AEITOVPYIKDOV UETPIKDOV TPOCPEPEL AVMTEPT OKPIPELD KOl EPUNVEVCIUOTNTO GE GYECT| UE
povodidotateg Tpooeyyioels. To mpotevouevo maaicto REACT, to omoio cuvdvalet tov deiktn
LI, pe ta MFDs kot teyvikéc enenynoiung Mnyavikng Mabnong, cuvietd évo omd ta TpoTo
TANPOG ETYEPNCIOKO EPYUAELD YioL TNV EVIGYVOT TNG YEVIKELUEVNG avBekTIKOTNTOG (generic
resilience) ce PLEYAANG KAMUOKOG OOTIKA SIKTVA.

H dwtpin] avt €16@EpeL 0VGGTIKA GTN SLUUOPPDGCT] EVOG VEOL TTAPUSELYLOITOC GTNV EPEVVO,
Yoo TV ovOEKTIKOTNTA TOV GLYKOWMVIOK®OV OIKTO®V, TPOTEIVOVTAG €VO, EVOTOMUEVO KOl
EMEKTACIUO TAGIG10 7oV oVVOVAlEL BewpnTik) OoKPiPEld, TPOUKTIKY EQOPUOGIUOTNTA KoL
TEYVOAOYIKN KOvOTOpia.

O1 Baotkéc GuVeElsEOPEC TG ToPoHGoC dtoTpiPnc cuvoyilovtal mg eENg:

- Avamtuén tov mhaucsiov REACT yio v molvdidotatn avilvon g avOekTikdTnTog.

- Eioaywyn tov deiktn LI, o onoiog cuvdvalet dopikd Kot AELTOVPYIKE YOpOKTNPLOTIKA.

- Tocotikomoinon g andAELNG AEITOVPYIKOTNTAS Héow Olapopdv MFD, pe otdyo v
aKpIPn EKTIUNON TNG ATOS0TIKOTNTOC VIO KPIio.

- Evooudtoon teyvikdv unyovikig padnong pe vymin epunvevcipdtnra (.. SHAP), mov
EMTPEMOVY 0EIOTLOTY TPOPAEYT TNG AEITOLPYIKNG ONUAGIOG KOUPBWOV Kot S1adpOpmV.

- Emryepnowokn a&loAdynon oTpotnyik®dy Exavadpopordynong, tpocsdtopilovrag BéAtiota
OKTWVIKG £0p1| emépPoonc.

[T ovykekpyéva yia 1o mAaicio REACT, 1 cuvelspopd Tov givor SumAn: apevoc mopéyetl Eva
gpyoreio VTOGTAPIENC ATOPAGE®Y Y10, TOVG POPEIC dwyelptone KuKAoPopiag, Kol apeTEPOV
ewodyel plo yevikebown emomuovikn pebodoroyia ywor T perétn g avOekTikOTNTOS OF
OCTIKA 001KA SiKTLO.

H Bempia ¢ avBektikdomtog otig petapopés €xel tic pilec G o€ cvuotUate KPIGLmV
vrodoudv kot &yl eEeAyBel Ta TedevTaio YPOVIO MGTE VO EVOOUATOVEL YOPIKA, YPOVIKE Kot
AELTOVPYIKA YOPAKTNPIOTIKE. Zoppmva pe T oiebvn Pifloypario, Eva cvotua Bempeiton
avlextikd O6tav dtatnpel Pacwkég Aettovpyieg, mpocapudletarl dSuvapukd Kot ETGTPEPEL TNV
KOVOVIKOTNTO. EVTOG ATOOEKTOD YPOVIKOD OOUGTNHOTOG. X& avTiBeoT OL®G e TPOYEVESTEPES
npooceyyioels mov Paciloviot 6€ 6TaTIKOVG OeikTEG EVAAMTOHTNTAS, 1) TPOTEWVOLEVT LeBodOAOYi
viofetel o ypovikd eEeMocduevn avtiinyn g avBsktikomrog. H  evoopdtoon
Aerrovpyk@v dedopévev katl  obvdeon pe Tig petaforés tov MFD emtpénmel v mocotikn
a&loAdyMoN ™G ATOAELNG 0mOS0GNG KoL TNG TAXVTNTOS OVAKOUWNG. AVTO amoTeELEl GNUAVTIKY
KovoTouio o€ oYEom Ue TPoceYyioels mov Pacilovial amokAeloTIKA 6T doUn Tov YPapov.

Ewwotepa, o vmoroyiopog tov deiktn Link Importance faciletal og éva povtého a&toidynong
™G ovvelsPopdg kdbe d1odpdpov ot cuvolikn] KukAopoplakn eEvmnpémon. H a&loidynon
yivetol 1060 VIO Kovovikég 660 Kol VIO cLVONKeg dtatapayns, Evd 1 dpopd oe Opovg MFD
petaepaletol oe moGOTIKO deiktn ammAgws. To otoyeio avtd cuvdéeTon pe T pétpnon g
AEITOVPYIKNG EVOAMTOTNTOS KOl EVOOUATMOVETOL OTO YeVIKELUEVO resilience index mov
nmpoteiveTal.
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H emoyn g ABnvag kot g Mavopog g peléteg mepintoong dev NTav toyoio, kabmg
OTOTEAOVV  TOPOOEIYIOTO UE OMNUOVTIKE OlUPOPETIKA KUKAOPOPLOKE, YEDYPOPUKH Kol
TOTOAOYIKA YopakTnplotikd. H ABfva exnpocwnel Eva moAvsuvOeTo UNTPOTOALTIKO O1KTVO UE
VYNAN TUKVOTNTA GLVOECEMV, EVD 1| MAVOPa TPOGPEPEL TO TAPASELY O, TOTIKOV OGTIKOD 1GTOV
LLE TTEPLOPICLEVEG EVOAAOKTIKEG O10OPOUES.

H ypnomn cevapiov diotapaydv oTic 000 TEPLOYEG EMETPEYE TN GVYKPLON TNG OVOEKTIKOTNTOC
7060 € OPOLG ATMAELNG OTOOOTG OGO KOl GE OPOLE YOPIKNG O1ALONG TNG SLUTAPAYNC. TNV
ABMva, ot dwtapoyés epeovifovy mo 166pponn eEAmTA®MOT, evd ot MdAvopa 1 amdAE
AertovpycdTnTaG Eivar eviomiouévn oAl Babid. Avtég ol mapatnpnoelg exifePatdvovTot amd
T1g petaPoréc ota MFD kot otovg deikteg kKukAopopiag avd 61a6popo.

To amotedéopata dsiyvouv OTL 11 GUVILOGTIKY 0ELOTOINGT TOTOAOYIKMV Kol AELTOVPYIKMV
UETPIKOV TAPEXEL AVMTEPT OKPiPela o€ oxéon e Tpoceyyicelc mov Pacilovial amokAeloTiKd
og pio dtdotaon. H kevrpikdmta (w.y. betweenness) amd pdvn g d&v apkel Y10, TOV EVIOTIGUO
kpioov kOpPov v dev cvvektiunbel pe tn pon Kol TNV EVUAMTOTNTO GE OUTUPUYES.
Emum\éov, ot doptkd 'acnuavtol koépupor pumopel va avaderyfodv mg Aettovpyikd kpiciuot vd
OUYKEKPIUEVEG KUKAOQOPLOKES GUVOTNKEG.

H ovvelspopd tov gpunvevtikav epyareiov (m.y. SHAP) eivorl dwaitepo onpavtiky, Kobmg
TOPEYOLY GOPNVELD, GTNV AVAADCT] 'LadpmV KOLTIOV' TV oAYopiOumy unyaviknig pabnong.
Méow twv SHAP values, sival gpikti 1 kotovonon ¢ ovuPoing kabe petafAntig otnv
TEMKT TPOPAEYT, Yeyovoc Tov kaf1oT To LOVTEAN 1010MTEPA YPNOUO, Y10 ETLYELPT|CLOKT|
EPapUOY.

Ot oNUaVTIKOTEPOL TTEPLOPIGLOL TNG TAPOVGOS £pYACiag Kivovvtal oe HeBodoAOYIKO eminedo,
OTO KOUUATL TOV OEO0UEVOV Kol G€ emimedo poviehomoinong. Xto pebodoroyikd eminedo, n
petpwn LI omola avamtdoydnke oto mAaiclo g mapodceag d1atpiic apopd T0 LLOKPOTKOTIKO
EMIMESO aVAALONG TOV AOTIKOY 0OIKMV OIKTVMOV Kol 0 AauPAavel voyn t SuVAUIK] TG
KuKAoQopiag, TPaya TO 0moio €ival YoPAKTNPIOTIKO TOV HIKPOGKOTIKOD EMITESOV OVAAVOTG
TOV OOTIKOV 0OIK®V OKTO®V. AKOUY, T ceviplo o omoio eEeTdotnkay oTNV TOPOLGH
SwTpPn eivor oTaTIKA Kot GLVETMG dgv akoAoVBOVY TANP®G T duvoutkn eEEMEN pavopévmv
T omoio enNPeAlovV TN AEITOVPYIO TV AGTIKMV 001KMV d1kTO®V. Emimpdcbeta, 1 avélvon g
avlBextikdrag éywve og éva Bpayvrpobecpo kot pecsonpdBecpo opilovta, yopic va Aappdvet
™ @AoN NG EMOVAKALYILOTNTOS TOV SIKTV®V KaBMG avtd amaitel pokponpodecun avaivon.
Téhog, o amotedéopata ™G TapPoLGAS JATPPG TAPAUEVOVY EYYEVAS EEAPTMUEVO OO TIC
emAEYHEVEG NETPIKEG. EVOAAUKTIKEG PETPIKES OTMG 1 1GOTNTO OTIS WETAPOPES (transport
equity), Oa pmopoLGAV Vo TPOGPEPOVY GUUTANPOUATIKEG TANPOPOPIES GYETIKO UE TNV
avOeKTIKOTNTA TOV GLOTNUATOS. AvaEopwkd pe To dedopéva, mapatnpnOnke 1 EAlewym
OEOOUEVMV GYETIKA LE TNV EMIOPUCT] KATAGTPOPIKAOV YEYOVOT®V G OOTIKA OOKA OiKTLA.
AKOUN Kol G€ TEPUITMOGES OMOV VLIAPYOVY OESOUEVA, OVTO OPOPOVYV WIKPE TUNUOTO TOV
OCTIKOV 00IKAOV SIKTO®V.

Télog, amd 1t oxomid 1tng poviehomoinong, ot UAONUOTIKEG OUTUIMGCELS TMV OEIKTMV
avlextikdmrag Poaciomkav o kabiepopéves oYECES  KUKAOQOPLOKNG  PONG Kot
OTTOJOTIKOTNTOAG TV ACTIK®MV 0dIKAV diktvmv. H vmapén tov pabnuatik®v avtov oyéoemv
npobmofétel oyeddv otabepéc cvvinkes. [a mopdadetypa, n xpNON LOKPOCKOTIK®OV UETPIKOV
amodoong mPoHmoBETEL OTL 1) GUVOAIKY GULUTEPLPOPE TOV GLOTNUATOG WTOPEL Vo
OVOTOPOGTOEL ETOPKMG TIG TOTKEG O10POPOTOMGELS. AV KOl VTN 1 TPOGEYYIOT EMITPENEL TV
TPOKTIKN] OVAADGCY, OE EMMEd0 TOANG, OVOTOPEVKTO OQAIPEL TNV ETEPOYEVEIL TMOV
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CUUTEPIPOPDOV TOV OIMNYDV, TOV GAANAETOPACE®Y UETAED OYNUATOV KOl T®V SUVOUIK®OV
UETAED SUPOPETIKAOV HECMV UETAPOPUS, TOL SLOUOPPDVOLY THV aVOEKTIKOTNTO, 08 AETTOTEPT
KAlpaxo. Akoun, to oevaplo To omoio, vAoTomOnkay PacicTnKay o€ EAEYYOUEVES TOPOUDOYES
OYETIKO UE TO YOPOKTNPICTIKA TOV SATAPOY®V Kot To TPoTLTT avakapyme Ot drotapayég
TopopeTpoTonkay ¢ Tpog TV tomobesia, TN coPapdmra Kol TN SdPKEW, OGTOGO M
EYYEVAOC OTOYOOTIKY Kol AAANAEEOPTDUEVT PDOT TOV TPAYUATIKOV YEYOVOTOV OIOTUMONKE
UOVO UEPIKADC. AVTN 1 EAEYYOUEVT] TTPOGEYYION EMETPEYE GUGTNUATIKEG GULYKPIGEIS, OAAY
EVOEYETOL VO LTOTIA TIC OVOUOVOUEVEG M OALCIOMTEG EMATMGEIS TOV TPOKVATOVV Omd
TOAAATIAEC, TAVTOYPOVEG 0I0TOYieC o€ OO TO dikTvo. Emtmpocheta, to emomtevdueve poviéia
UNYOVIKNG paBnong mov ypnoyomomnkay yio v Tpofieyn aviektikdtntag otnpiydnkay oe
TOPUOOYEC GYETIKA LLE TN GUVAPELQ, TNV AVEENPTNGIN KOL T GTOGIUOTITA TV YOPUKTNPLOTIKMV
(features). Ilopdtl epapudomray mponyuéveg wébodol, OmmMG 1M ovOALGN  onuaciog
YOPOKTNPIOTIKOVY Kot o1 e€nynoeic SHAP, yio ) peioon tov kivduveov epunvenciudmros, Ta
LOVTEL TTOPOUEVOLV TEPLOPIGUEVO. ATtO T OEGOUEVA EKTAUOELGNG TOVG Kol OEV UTOPOLV Vo
TPOPAEYOLY TANP®G SOUIKEC OAAAYEG OTN CLUTEPIPOPE KvTIKOTNTOG. O TOpadoyES OYETIKA
UE TN oTafepOTNTO TV YOPUKTNPIOTIKMDY UE TNV TAPOS0 TOL YPOVOL EVOEYETUL, ETOUEVWMC, VO
neplopilovy T YEVIKELGOTNTO, TMV TPOPAENTIKAOV OMOTEAEGUAT®OV GE TEPPAALOVTA TOL
veioTavtol Taysieg TEXVOLOYIKEG 1| CLUUTEPIPOPIKES HeTaPOAEC (.. exTeTOUéEVN VIoBEMON
QUTOVOU®OV OYNUATOV 1 VE®V DINPESIOY KvnTikdTTag). Télog, 10 mhaicio REACT édmoe
Wioitepn Eppaon o delkTeC EMMESOV SIKTVOV. AV KOl 01 LETPIKES O OTTOiES YpMoLLOTOONKOY
gival eVpEMG SLUOESOUEVEG OTNV EPELVA. YO TNV AVOEKTIKOTNTA, OVTUTPOCHOTEDOVY LUOVO £V
UEPOG TOV EVPVTEPOL PAGLOTOC TG avOekTikoTnTOC. Eotidlovoc kupimg otn AsttovpyikdTnto
TOV 0OTIKOV O0dKOV SIKTO®V, 1 JOITpi] VI0BEToE OVOYKOOTIKG [0 TPOOTMTIKY
EMIKEVIPOUEVT] OTO GUOTNO, T OTOl0l EVOEYETOL VO VITOEKTPOCMOTEL TIC OVOPOTOKEVTIPIKES
dlaoTdoelg e avOekTIKOTNTOC.

H mapovoa diatpiny avoiyetl Eva véo medio £peuvag otV avOeKTIKOTNTO TV ACTIKAOV 00KV
SIKTO®V P€o® TG avantuéng Tov TAaiciov REACT. Qot660, TPoKOTTOLV OPKETEG EPEVVITIKESG
KATELOVVGELS TTOL PTOPOVV VO ELTAOVTIGOVV TEPALTEP® TNV TOPOVCO EPYUTIOL:

- Eméktaon g pebodoroylag oe mioicia Pnowkov Awdpwv (Digital Twins),
EMTPEMOVTOG TN CLVEYXN OVOTPOPOJOTNOT KOl TPOGOPUOYY| TOV HOVTEA®V pe Pdom
dgdopéva mpayLaTikon xpovou.

- Egoppoyn tov REACT og molvtpomikd diktva (n.y. MMM, meloi, modnidrec), dote va
peAetnfet  avOeKTIKOTNTO GE GLGTNHULOTO GLVIVAGUEVG LETAKIVIONG.

- Avélvon KovoviK®v Kot ooV SIcTACEMV TS EVEMUATOONG TV Teyvoroyiwv CCAM
o1 oweipion kpicewv.

- Aoy g pebodoroyiog oe TOAELS e JLUPOPETIKE TOTOAOYIKA YOPAKTNPLOTIKA, VIOl TV
OTOTIUNOT TNG YEVIKELGILOTNTOG.

- Eppabovon 1tng mpoyvwotikig Aewrovpyiag pe advanced learning ovotnpoto, og
GLVOLOCUO LE EPUNVEVTIKA epyOAEia.

H dwevpuvon tov mhauciov REACT o véa mepiPadiovta kot 1) S1cHVOEST] TOVL UE TPOYLOTUCE
dedopéva Aettovpyiog amoterel TO EMOUEVO AMOPAGIOTIKO PriLa Yo TNV OVATTLEN PrdomV
Kot OVOEKTIKMOV GUOTNUATOV AGTIKNG KIVITIKOTNTAG.

XXVil



Introduction

1 INTRODUCTION

1.1 General Challenge

Resilience is a term widely known and extensively used when studying transport networks,
particularly in the context of modern urban mobility systems. Its relevance continues to grow
in parallel with the increasing exposure of transport infrastructure to various risks, ranging from
natural hazards, such as extreme weather events, floods, and wildfires, to man-made disruptions
including cyber-attacks, accidents, and system overloads. The capacity of transport systems to
withstand, absorb, and recover from such disruptions defines their resilience and is central to
ensuring uninterrupted mobility, safety, and economic productivity.

A diverse range of transport network types has been studied, including urban road networks
(Bhavathrathan & Patil, 2015; Calvert & Snelder, 2018; Do & Jung, 2018; El Rashidy & Grant-
Muller, 2019; Ganin et al., 2017; Gauthier et al., 2018; Gongalves & Ribeiro, 2020), freight
networks (H. Chen et al., 2017), maritime and waterway systems (Alderson et al., 2020; Y.
Wang, Zio, et al., 2019), air transport systems (Chandramouleeswaran & Tran, 2018; Dunn &
Wilkinson, 2016; Jani¢, 2015; T. Li & Rong, 2019; Y. Wang, Zhan, et al., 2019), and rail
networks (Bababeik et al., 2018; BeSinovi¢, 2020; R. Chan & Schofer, 2016; D’Lima & Medda,
2015; Jani¢, 2018). Despite differences in scope and mode, all these studies converge on a
shared understanding of resilience: the ability of a system to maintain acceptable performance
levels before, during, and after the occurrence of disruptive events.

Most existing studies on transport network resilience adopt a conventional and often static
perspective, typically focusing on the impact of a single disruptive event within isolated
segments of the network. This narrow lens overlooks the complex interdependencies between
components and fails to account for cascading failures that may arise from simultaneous
disruptions. As a result, such fragmented analyses limit the applicability of their findings and
hinder the development of comprehensive, universally applicable resilience frameworks. The
literature reveals a twofold gap: first, in spatial scope, as research tends to concentrate on
localized sections rather than city-scale systems; and second, in conceptual depth, with few
studies integrating both structural and dynamic characteristics of transport networks under
diverse stress scenarios.

1.2 Approaches to Tackle the Challenge

To respond effectively to the diverse threats facing transport systems, a robust and versatile
methodological toolbox is required-one that accounts for both infrastructure characteristics and
the behavioral dynamics of traffic under disruption. The literature offers a variety of approaches
for resilience assessment, with most methods falling under two major methodological pillars:
simulation-based approaches and data-driven methods. These approaches complement each
other and serve as the foundation of the framework adopted in this dissertation.
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Simulation methods are instrumental in capturing the complexity and dynamic nature of urban
road networks. Unlike static analytical models, simulation allows for the modeling of nonlinear
phenomena, adaptive user behaviors, and multi-layer interactions. These models create a virtual
laboratory for evaluating the impacts of disruptions, testing mitigation strategies, and
identifying system weaknesses-without interfering with real-world operations.

A wide array of simulation paradigms has been proposed:

1 Microscopic models simulate the behavior of individual vehicles, incorporating fine-
grained details such as acceleration, lane changes, and driver behavior (Bekhor &
Toledo, 2014a; Brackstone & McDonald, 1999a).

1 Mesoscopic models aggregate vehicles into packets or flows, offering a balance
between behavioral realism and computational efficiency (Burghout et al., 2006).

1 Macroscopic models, including those using Macroscopic Fundamental Diagrams
(MFDs), treat traffic as continuous variables-ideal for city-wide modeling with reduced
computational overhead (Geroliminis & Daganzo, 2008a; Papageorgiou, 1990a)
(Papageorgiou, 1990; Geroliminis & Daganzo, 2008).

Additionally, it is worth noting that other type of analyses and methodologies, such as scenario
analysis, game theory, fuzzy logic, probabilistic modeling, optimization algorithms, and graph-
based methods have all been integrated into simulation-based studies (Y. Chan, 2015; Ghosh &
Padgett, 2010; Mishra et al., 2012). These methods help evaluate various disruptions such as
capacity losses, infrastructure failures, and extreme demand surges. Importantly, simulation
also supports the incorporation of Connected, Cooperative, and Automated Mobility (CCAM)
technologies-including cooperative adaptive cruise control, vehicle-to-infrastructure
communication, and automated response systems (Fagnant & Kockelman, 2015a; van Arem et
al., 2006a).

While simulations offer insight into potential system behaviors, data-driven methods ground
analysis in real-world observations. These techniques leverage data from GPS, loop detectors,
taxi fleets, mobile apps, and social media to monitor network performance and detect
anomalies. With the growing ubiquity of big data sources, machine learning and predictive
analytics have been increasingly used to support resilience assessments (Balan et al., 2025;
Kong & Feng, 2025).

The applications of data-driven resilience analysis and quantification may include:

1 Real-time disruption detection and congestion forecasting,
1 Dynamic resilience metric estimation,

9 Pattern recognition of bottlenecks or failure-prone zones,
1 Automated decision support systems for operators.

Also, data-driven models play a role in calibrating and validating simulation environments,
ensuring they accurately reflect reality. This hybrid use of data and simulation is essential for
developing Digital Twin environments, where real-time feedback continuously updates
simulation outputs to support live traffic management.

Together, these two methodological pillars support the integrated framework proposed in this
dissertation. However, while both are extensively used, they suffer from persistent limitations
addressed in Section 2.
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Moreover, emerging technological domains such as Connected, Cooperative, and Automated
Mobility (CCAM), along with advanced communication infrastructures, are rarely considered
in traditional resilience studies. Yet these technologies are transforming how disruptions
propagate and how systems respond, offering new opportunities for resilience enhancement.

1.3 Research Gaps

Although considerable progress has been made in developing methods for assessing the
resilience of transport networks, several significant limitations remain. These gaps, evident in
both academic literature and practical implementations, hinder the creation of generalizable and
dynamic frameworks that can be applied across different contexts, disruption types, and system
configurations.

Lack of Generalizability and Case-Agnostic Methodologies

Most existing studies are highly context-specific, focusing on specific cities, regions, or
infrastructure elements. They are often designed to evaluate resilience under a specific type of
disruption, such as a flood, accident, or earthquake, without providing insight into how their
methods or metrics might perform under different conditions. As a result, findings are difficult
to transfer to other networks or to use as benchmarks for broader system comparisons. The field
lacks a wuniversal, case-agnostic framework that can support consistent, transferable
assessments.

Fragmentation Between Structural and Dynamic Analyses

There is a persistent division between structural (topological) and operational (dynamic)
assessments of transport networks. While some studies assess resilience based purely on the
quantification of resilience-related metrics, others focus on traffic performance metrics like
vehicle throughput, travel times, and user delay. Yet, real resilience emerges from the interaction
between topology and behavior, namely how the structure supports or inhibits flow under
disruption. Very few methodologies integrate these two dimensions in a cohesive way.

Integration of Resilience in the concept and the context of Traffic Management

The integration of resilience into traffic management remains both a conceptual and practical
challenge, particularly when it comes to leveraging dynamic system-level indicators and
emerging mobility technologies. Although Macroscopic Fundamental Diagrams (MFDs) have
proven effective in representing aggregate traffic behavior, their application in resilience
analysis remains limited. Typically used in static snapshots, MFDs are rarely employed as time-
evolving indicators capable of capturing the full trajectory of network degradation and recovery.
Yet, their ability to quantify resilience through metrics such as the throughput loss area between
baseline and disrupted curves holds significant promise for operationalizing resilience in traffic
management strategies. At the same time, the evolving landscape of Connected, Cooperative,
and Automated Mobility (CCAM) technologies is not sufficiently reflected in current disruption
modeling. While CCAM systems are well studied for their effects on traffic efficiency, safety,
and emissions, their contributions to network adaptability during and after disturbances-via
mechanisms such as cooperative rerouting, vehicle platooning, and automated incident
response-are vastly underexplored. Bridging these two fronts calls for a more integrated
framework in traffic management, where resilience is not treated as a post-hoc evaluation metric
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but as a central design and operational objective. This involves advancing simulation platforms
to account for real-time adaptations enabled by CCAM and embedding dynamic MFD-based
indicators into control strategies, ultimately enhancing the preparedness and responsiveness of
urban mobility systems under stress.

Lack of Real-Time Integration and Feedback-Driven Simulation

Most existing traffic simulation frameworks operate in offline mode, relying on predefined
scenarios and static assumptions that limit their responsiveness to evolving traffic conditions.
In parallel, real-time data streams-such as GPS traces, loop detector feeds, and even social
media inputs-present an untapped opportunity for dynamic model calibration, predictive
control, and continuous performance monitoring. However, the integration between real-time
data sources and simulation environments remains minimal, resulting in a disconnect between
simulation outputs and real-world dynamics. Bridging this gap requires the development of
simulation platforms that support data assimilation, online learning, and feedback-driven
adaptation. Incorporating techniques such as digital twins, model predictive control, and
streaming data architectures could enable more resilient and adaptive traffic management
systems, capable of responding to disruptions as they unfold.

Fragmented Use of Data and Simulation

Although data and simulation techniques have advanced independently, their integration
remains limited. In most cases, data is used for calibration or validation, but not embedded into
a feedback loop that dynamically influences simulation outputs. This limits the creation of true
Digital Twin environments, where simulations update continuously based on real-world inputs
and inform real-time decisions. Such integration is essential for resilient traffic management in
evolving, uncertain scenarios.

The identification of these research gaps provides the rationale for the development of the novel
methodology presented in this dissertation. The following section outlines the central aim and
objectives that guide this research effort.

1.4 Aim and Objectives

This dissertation seeks to address the aforementioned research gaps by developing a
generalized, dynamic, and hybrid framework for assessing and improving the resilience of
urban road networks. The proposed approach integrates simulation and data-driven
methodologies to enable scenario-agnostic analysis, quantifiable metrics, and operational
adaptability. It responds to the urgent need for a generalized, multi-scenario, and technology-
integrated resilience framework. It seeks to move beyond fragmented methods and, instead,
proposes an approach capable of capturing complex dynamics, intermodal dependencies, and
strategic responses across different network conditions.

The main aim of the present dissertation is to develop a scalable, transferable, and validated
methodology for evaluating the resilience of urban road networks under a range of disruption
scenarios using simulation models, real-world data, and macroscopic traffic flow
representations. This aim is pursued through a set of interconnected research objectives that
reflect both theoretical development and applied implementation.

Objective 1: Formalization of a Generalized Resilience Metric
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Define and operationalize a resilience indicator that can be applied across different urban
contexts, disruptions, and modeling environments. The metric will be multifaceted, in the sense
of integrating multiple already-existing resilience-related metrics covering various aspects of
resilience. Objective 1 is addressed in Chapter 3, Chapter 5, and Chapter 6.

Objective 2: Simulation of Diverse Disruption Scenarios

Simulate diverse disruption scenarios - including road closures, network failures, and demand
surges - using a range of simulation paradigms (microscopic, mesoscopic, and macroscopic) to
capture both fine-grained and aggregate system responses. The proposed methodology and
resilience indicators will be empirically validated through a scenario-based analysis in the
Athens metropolitan road network, serving as a real-world urban testbed. Objective 1 is
addressed in Chapter 4, Chapter 5, and Chapter 6.

Objective 3: Integration of Resilience in Traffic Management

Incorporate the concept of Resilience in the decision-making process of Traffic Management.
At first, investigate the utilization of Macroscopic Fundamental Diagrams (MFDs) to quantify
network-wide degradation and recovery. Specifically, apply the throughput loss metric (area
between baseline and disrupted MFD curves) and track performance recovery via time-evolving
MFDs. Additionally, simulate the influence of Connected, Cooperative, and Automated
Mobility technologies on resilience outcomes. Analyze how vehicle-to-vehicle and vehicle-to-
infrastructure communication, autonomous responses, and cooperative control affect recovery
and delay propagation. Objective 3 is addressed in Chapter 4 and Chapter 6.

Objective 4: Embedding Data-Driven Intelligence

Leverage real-world data-such as GPS trajectories, loop detectors, and crowdsourced reports-
to calibrate simulations, detect disruptions, and apply clustering/machine learning techniques
to identify critical components, bottlenecks, or delay patterns. Objective 4 is addressed in
Chapter 3, Chapter 4, Chapter 5, and Chapter 6.

Together, these objectives form a coherent strategy for building and testing a comprehensive
resilience evaluation framework. The structure of the dissertation that delivers on these goals is
outlined in the final section of this chapter.

1.5 Structure of the Thesis

The dissertation is structured into seven interlinked chapters that collectively develop, apply,
and evaluate a novel framework for urban road network resilience. Each chapter contributes
conceptually and methodologically to building a cohesive narrative that moves from
foundational concepts to empirical analysis and actionable insights. The interdependencies and
thematic progression among the chapters are illustrated in Figure 1.

Chapter 1 — Introduction

Presents the general research challenge, outlines existing gaps, and defines the dissertation’s
aim and objectives within the context of urban transport resilience.

Chapter 2 — Literature Review
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Explores foundational and recent developments in resilience definitions, metrics, analysis
types, data sources, and methodological approaches. It identifies gaps and supports the need for
a hybrid framework integrating topological, simulation-based, and data-driven elements.

Chapter 3 — Resilience Evaluation and Analysis of City-wide Transport systems

Introduces the REACT framework, presenting the methodological rationale and combining
graph theory, transport analytics, and resilience estimation across strategic and operational
layers.

Chapter 4 — Impact of Disruptions in Urban Road Networks

Examines real-world and simulated disruption scenarios, including flood events and the role of
Connected and Automated Vehicles. It evaluates their effects on traffic performance and spatial
vulnerability in the Athens and Mandra cases.

Chapter 5 — Generic Resilience of Urban Road Networks

Applies quantitative resilience metrics to urban networks. It explores metric clustering, link
importance under sequential eliminations, and structural vulnerability using the REACT
metrics.

Chapter 6 — Generic Resilience and Macroscopic Fundamental Diagrams

Develops resilience-aware models using machine learning to estimate performance degradation
across scenarios. It focuses on Macroscopic Fundamental Diagrams (MFDs) and their use in
identifying the performance loss occurred in an urban road network due to corridor and
intersection closures.

Chapter 7 — Conclusions

Summarizes the main findings, contributions, and implications. It reflects on limitations and
proposes future research, including Digital Twin integration and multimodal extensions.
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« Establishes the research context, outlines key challenges in urban
Chapter 1-Introduction transport resilience, and presents the objectives and scope of the
dissertation

» Reviews theoretical and methodological advancements in
Chapter 2- Literature Review resilience analysis, identifying key gaps and motivating the
proposed framework

« Introduces the REACT framework, combining graph theory,
simulation, and transport analysis into a unified resilience
assessment approach

Chapter 3- Resilience Evaluation and
Analysis of Cityide Transport System

* Examines how real and simulated disruptions affect network

Chapter 4-Impact of Disruptions in performance, using empirical and scenabased evaluations

Urban Road Networks

« Implements and evaluates resilience metrics, modeling link and

Chapter 5-Generic Resilience of Urba structural importance under sequential eliminations

Road Networks

« Utilizes machine learning and MFDs to predict performance

Chapter 6-Generic Resilience and degradation from corridor and intersection closures

Macroscopic Fundamental Diagramg

 Synthesizes findings, discusses methodological and policy
Chapter 7~ Conclusions contributions, and outlines future research directions

Figure 1: Dissertation workflow.
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2 LITERATURE REVIEW

Modern cities are changing rapidly leading to complex mobility patterns. On the other hand,
transport infrastructure and processes still remain vulnerable to extreme Weather Events
(EWESs), such as floods (Chalkiadakis et al., 2023; Eisenberg, 2004; Mitsakis, Stamos,
Papanikolaou, et al., 2014; Norrman et al., 2000) and their impacts on a specific transportation-
related infrastructure (e.g., ports) (Nursey-Bray et al., 2013), road accidents or other types of
incidents (Sekadakis et al., 2021; Y. Lu et al., 2022; Hunter et al., 2024) or even disturbances
connected to technological advancements (Buinevich & Vladyko, 2019; Ganin et al., 2019;
Markolf et al., 2019). Despite the existence of information and technological advancements,
such as the recently introduced Cooperative, Connected, and Automated Mobility (CCAM), the
ability of transportation networks to withstand and bounce back from disruptive phenomena
remains a challenge for both researchers and practitioners.

Resilience is characterized by complexity, which may differentiate according to the point of
view under which disturbances are examined (Ahmed & Dey, 2020; Twumasi-Boakye &
Sobanjo, 2019; Wan et al., 2018). It is highly acknowledged that all disturbances which may
occur to a transportation network have impact on its performance and, thus, the resilience of a
transportation network to any kind of event needs to be examined, as mentioned also in other
studies such as (Twumasi-Boakye & Sobanjo, 2019). Recently, resilience has been also coined
as a feature of the transportation system and not as an outcome of a certain disturbance
(Chalkiadakis et al., 2022; Tang et al., 2020). This broader concept can be extremely valuable
for monitoring and managing future mobility conditions in complex smart urban environments.
Further examination of transportation-related resilience by studying the integration of new
innovative technologies and their impacts in the resilience of transportation networks can be
deemed as important.

In the present paper, a review on the concept and applications of resilience, both in terms of its
definition and quantification with the aim of revealing emerging research topics concerning the
integration of resilience in the process of designing and implementing advanced Traffic
Management Strategies (TMS) is presented. The above is conducted in the framework of
Information and Communication Technologies (ICT) advancements in connectivity and
automation in the field of transportation. Specifically, the following research questions are
raised and aimed to be addressed in the present research:

1 What is resilience and why is important?
1 How can resilience be quantified?
1 Which are the main research questions concerning transportation resilience?

The remainder of the Section is structured as follows: In Section 2.1 various resilience
definitions are provided, the resilience-related layers are discussed, and the main resilience-
related metrics are introduced. Then, in Section 2.2 the main methods for quantifying resilience
are presented and discussed. Special focus is given in simulation methods for resilience
quantification. Next, in Section 2.3 the data sources used in resilience analysis are discussed.
Finally, Section 2.4 includes challenges which are related to resilience, but they are also
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oriented towards the integration of the new technological advancements in the concept of
resilience.

2.1 Defining Resilience

Resilience, a concept that has garnered significant attention across various disciplines,
including ecology, engineering, and social sciences, is increasingly recognized as a key element
in the study of transportation networks. However, despite its widespread use, resilience lacks a
universally accepted definition, largely due to its multifaceted and context-dependent nature
(Wan et al., 2018; Y. Zhou et al., 2019). The interpretation of resilience varies across disciplines
and is highly influenced by the specific system under consideration and the types of disruptions
it faces. In the context of transportation, resilience is often broadly defined as the ability of a
system to withstand, adapt to, and recover from disruptions, thereby maintaining a certain level
of functionality or performance.

This broad definition, while useful as a starting point, requires further refinement to be
effectively applied in the analysis and management of transportation networks. Key aspects that
need to be considered include:

9 The nature of disruptions: Transportation networks can be affected by a wide range of
disruptions, including natural disasters (e.g., earthquakes, floods, hurricanes),
technological failures (e.g., power outages, cyberattacks), and human-caused events
(e.g., accidents, terrorist attacks). The characteristics of these disruptions, such as their
magnitude, duration, and spatial extent, can significantly influence the system's
response and recovery.

9 The system's performance: The performance of a transportation network can be
measured in various ways, including traffic flow, travel time, accessibility, and
throughput. The definition of resilience should specify the performance metrics that are
most relevant to the analysis and the acceptable levels of performance under disrupted
conditions.

1 The system's response: A resilient transportation network is not only able to withstand
disruptions but also to adapt to changing conditions and recover quickly and efficiently.
This may involve implementing alternative routes, adjusting traffic management
strategies, and providing timely information to travelers.

Given the context-specificity of resilience, it is essential to categorize resilience studies based
on the type of transportation network under consideration. Research has been conducted on
various transport network types, including:

1 Road transport networks: Studies in this area have focused on the impact of disruptions
on traffic flow, congestion, and accessibility, and on strategies for enhancing network
resilience through infrastructure design, traffic management, and emergency response
(Bhavathrathan & Patil, 2015; Calvert & Snelder, 2018, 2018; Do & Jung, 2018; El
Rashidy & Grant-Muller, 2019; Ganin et al., 2017; Gauthier et al., 2018; Gongalves &
Ribeiro, 2020; Murray-tuite, 2006).

1 Supply chain networks: Research in this area has examined the resilience of supply
chains and the impact of disruptions on the movement of goods (H. Chen et al., 2017;
L. Chen & Miller-Hooks, 2012; Nair et al., 2010; Ta et al., 2009).
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1 Maritime and waterway transport networks: Studies have investigated the resilience of
ports and shipping routes to disruptions such as storms and accidents (Alderson et al.,
2020; Asadabadi & Miller-Hooks, 2018; Baroud et al., 2014, 2015; Y. Wang, Zio, et
al., 2019; D. Zhang et al., 2016).

9 Air transport networks: Research has focused on the impact of disruptions on flight
schedules, airport operations, and passenger travel (Dunn & Wilkinson, 2016; Janic,
2015).

1 Rail transport systems: Studies have examined the resilience of rail networks to
disruptions such as accidents, weather events, and infrastructure failures (Adjetey-
Bahun et al., 2016; Bababeik et al., 2018; Besinovié¢, 2020; R. Chan & Schofer, 2016;
D’Lima & Medda, 2015; Gu et al., 2020; Jani¢, 2018).

Early definitions primarily share a common thread in defining resilience as the physical ability
of infrastructure to absorb and recover from disruptions. More recent studies have expanded
resilience definitions to include functional and behavioral dimensions, addressing adaptation
strategies, redundancy, and operational adjustments. Infrastructure resilience focuses on
physical durability, operational resilience addresses functionality under stress, ecological
resilience introduces system adaptability, user-centric resilience considers human responses,
and time-based resilience measures the speed of returning to pre-disruption performance.

Table 1. Resilience concepts.

Perspective Definition Focus Representative Research
Infrastructure Physical durability, capacity to withstand  (Ganin et al., 2017;
disruptions Murray-tuite, 2006)
Operational Functionality and service continuity under (Cats & Jenelius, 2018; El
stress Rashidy & Grant-Muller,
2019)
User-centric Human responses to transport disruptions  (Gauthier et al., 2018;
Jenelius & Mattsson, 2015)
Time-based Speed of network recovery post- (Ganin et al., 2017; Henry
disruption & Emmanuel Ramirez-

Marquez, 2012)

Table 1 illustrates the variability in how resilience is conceptualized, highlighting aspects such
as recovery time, adaptability, and impact measurement. Traditional studies predominantly
utilized static resilience measures, whereas contemporary research integrates adaptive, dynamic
models. Infrastructure resilience remains central in contexts like highway design and flood
mitigation, whereas operational resilience significantly impacts traffic management and
emergency response strategies.

Except for the above, there is research which define resilience in a more generic way. In (Baroud
et al., 2015), resilience is defined in a stricter way, as a function which allows for quantification
of the impacts an event may have in the performance of a system. In (Serulle et al., 2011)
resilience is defined as the ability of a transportation system to absorb the disruption caused by
an event, for the system to be restored in its previous state. In (Henry & Emmanuel Ramirez-
Marquez, 2012) resilience is defined as the time-dependent ratio of recovery from a
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performance loss due to a disruptive event that already took place. In (Carpenter et al., 2001)
resilience is defined as a capacity of each transportation system, a definition relevant to the one
of (Serulle et al., 2011).

All the studies mentioned define resilience as the system’s ability to maintain acceptable
performance despite disruptive events. However, this generic definition doesn’t capture the
specific conditions of each event. This research adopts definitions for general transportation
networks, which focus on recovery timeframes and operational performance during
disturbances.

While resilience generally means maintaining system performance during disruptions, the
question that arise is the following: should definitions be tailored to specific disruption types
or universal across scenarios? Current resilience studies mostly address specific disruptions like
extreme weather events or infrastructure failures. Emerging risks like cybersecurity threats and
socio-economic disturbances add complexity. Quantifying resilience varies widely by event
type, leading to inconsistencies across studies.

To address this, a more standardized approach integrating systemic performance indicators and
adaptive response mechanisms is needed. Real-time data, predictive analytics, and
comprehensive risk assessments can provide robust, scalable frameworks for diverse
transportation systems.

2.1.1 Resilience-related layers

Literature reveals various resilience-related layers exist. Table 2 provides an overview of
resilience-related metrics exist in previous research.

Table 2. Resilience-related layers, definitions, and associated references.

Layer Definition ~ Applications Representativeaferences

Adaptability/  Capacity Intelligent (Berle et al., 2013; Bhamra et al.,

Flexibility for Transport 2011; Cox et al., 2011; Faturechi &
dynamic Systems (ITS), Miller-Hooks, 2013; Fiksel, 2003;
operational Real-Time Traffic Goetz & Szyliowicz, 1997)
adjustments Management

Recoverability Efficiency = Emergency (Adams et al., 2012; Baroud et al.,
of network  response, disaster 2014; Di Muro et al., 2016)
recovery recovery planning
post-
disruption

Redundancy Availability Multi-modal (Fiksel, 2003; Haimes, 2009; Ivanov
of networks, Real- et al., 2014; Klibi et al., 2010; Liao et
alternative  life urban road al., 2018; Omer et al., 2012;
routes and  networks Tukamuhabwa et al., 2015)
modes

Robustness Resistance ~ Bridge design, (Abdulla & Birgisson, 2021; Baroud
to flood mitigation, et al., 2014; Blockley et al., 2012;
disruption infrastructure Faturechi & Miller-Hooks, 2015;

plans
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Layer Definition  Applications Representativeeferences
Jenelius & Mattsson, 2021; Y. Liu et
al., 2022)

Table 2 presents the terms of importance for evaluating transport network resilience.
Robustness is vital for infrastructure-intensive projects, redundancy significantly aids
multimodal transport planning, adaptability is crucial for Intelligent Transport Systems (ITS),
and recoverability plays a key role in disaster response and recovery planning. Comprehensive
integration of these layers ensures that transport networks remain strong, flexible, and adaptive.

Additionally, it can be observed in Table 2 that performance is a term of importance. From a
performance’s point of view, and based on the relevant literature (Baroud et al., 2014; D’Lima
& Medda, 2015; Enjalbert et al., 2011; Leobons et al., 2019; Shafieezadeh & Ivey Burden,
2014; Tang et al., 2020), the impacts of a disturbance on transportation networks are illustrated
through the resilience triangle. The resilience triangle, as in Figure 2, illustrates the variations
in network performance across disruption phases, emphasizing adaptability, recoverability,
redundancy, and robustness. The resilience triangle thus clarifies performance dynamics during
disruptive events, quantifying the extent of functionality loss and recovery.

.
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Figure 2: The resilience triangle.
Mathematically, the resilience triangle is expressed as:
. vo . . (D
Y p - Qo

, where 0 is the initial system performance, 0 0 is the system performance at time , O is the
disruption onset, and O is the full recovery time. This integral quantifies the performance loss
during a disruption, making the resilience triangle a widely used analytical tool.

12



Literature Review

It is also worth noting It is also worth noting that the resilience triangle illustrates the three
disaster management phases (Church & Scaparra, 2007; lida et al., 2000; Konstantinidou et al.,
2014; Peeta et al., 2010): preparation, impact, and recovery. Integrating proactive traffic
management strategies, especially in preparation and recovery phases, can significantly alter
resilience outcomes. Examining how demand-side rebalancing solutions influence performance
recovery is critical for comprehensive resilience planning and effective mitigation of network
vulnerabilities.

It is to note that, in transportation related phenomena resilience must account for traffic demand,
capacity, and flow for a thorough and complete assessment of resilience, yet this approach is
complex and computationally demanding (Ahmed & Dey, 2020). For example, one of the useful
metrics is “shortest path”, however shortest path because of a path assignment methodology,
such as Frank-Wolfe assignment, cannot be thought of as a pure metric. The inclusion of other
metrics, which are directly related to path assignment and shortest paths, is needed. Such
metrics exist in the literature, and they namely are efficiency (Latora & Marchiori, 2001; Osei-
Asamoah & Lownes, 2014) and criticality (Nagurney & Qiang, 2008).

2.1.2  Resilience-related metrics

There are three main categories of resilience-based metrics for transportation systems:
topological metrics, attribute-based metrics and performance metrics. Topological metrics
focus only on the structure of the transportation system, while ignoring its dynamic features.
The effect of this fact is that said metrics do not manage to capture and incorporate in their
concept the dynamic nature of resilience. Examples of topological metrics are the network
diameter, centrality, and redundancy (Aydin et al., 2018; Mitsakis et al., 2015; Schintler et al.,
2007; Testa et al., 2015; X. Zhang et al., 2015). Attribute-based metrics usually focus only on
one of the several layers/ aspects of resilience. Attribute-based metrics are of importance as
they manage to clearly examine one resilience layer, hence they do not have the ability to
describe the complexity and multi-variable dependency of resilience fully and clearly.
Examples of attributes-based metrics are adaptability, safety, and recovery time (Adams et al.,
2012; D’Lima & Medda, 2015; Hosseini & Barker, 2016; Mojtahedi et al., 2017; Murray-tuite,
2006; Y. Wang et al., 2015). Finally, performance metrics are designed to examine the overall
transportation system’s performance over the whole period it is affected by disruptive events.
Performance metrics provide a more integrated approach towards investigating the resilience
of a transportation network, as they capture the dynamic nature of resilience, and they manage
to examine more complex and more generic variables as the ones of attribute-based metrics.
Examples of performance metrics are degradation of system quality over time (Shang et al.,
2020), time-dependent ratio of recovery to loss (Henry & Emmanuel Ramirez-Marquez, 2012),
and expected fraction of demand satisfied in post-disaster network using specific recovery costs
(L. Chen & Miller-Hooks, 2012).

Evidently, a closer look at the above metrics shows that the resilience of a given transportation
network is usually defined under a specific point-of-view. This fact leads to an inherent
difficulty in studying resilience in its entirety. But do we need to investigate multiple objectives
when studying resilience? If yes, is there the need to design and develop new evaluation
frameworks which will manage to investigate resilience in a more complex and more integrated
way? (Leobons et al., 2019) mentioned the need to introduce a generic Resilience Index which
will be able to examine the resilience of a transportation network through the consideration of
topological, attribute-based, and performance metrics. Additionally, (Serdar et al., 2022)
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indicates the need for the introduction and definition of a resilience reference metric which
needs to be based on extensive comparative assessments.

2.2 Methods for Quantifying Resilience

In the relevant literature multiple ways of quantifying resilience emerge, spanning from the
approach used towards resilience quantification to the scope of the analysis and the tools used
to quantify resilience. This is illustrated in Figure 3 and discussed below.

-y
Components-
based
Scope of
Qualitative analysis
— Approaches Network-
Quantification
Quantitative
TOPO[OgiCa'.

Analytical and

Tools used Statistical

Simulation

Hybrid

Figure 3: Resilience quantification methods as identified in the relevant literature.

Traditional resilience assessments primarily focused on network redundancy and robustness,
evaluating connectivity under stressful conditions. To this end, previous research categorizes
resilience analysis in two (2) types: qualitative approaches, which mostly are policy-driven
assessments and conceptual resilience planning, and quantitative approaches which are
numerical assessments using graph-theoretic models, performance metrics, and simulation-
driven analytics. It shall be noted that the majority of previous research consist of quantitative
studies (Ahmed & Dey, 2020; Freckleton et al., 2012; Lee et al., 2013; Twumasi-Boakye &
Sobanjo, 2019; Wan et al., 2018; Y.-M. Wang & Elhag, 2007).

Qualitative approaches emphasize policy-driven frameworks, governance structures, and
stakeholder collaboration, which shape resilience conceptualization and implementation. Such
methods aim to assess the transportation networks in qualitative terms like high, medium, and
low (Freckleton et al., 2012; Lee et al., 2013; Y.-M. Wang & Elhag, 2007) and are frequently
employed by urban planners and policymakers to establish benchmarks and regulatory
strategies. Stakeholder-driven risk analyses, involving transport officials, city planners, and
local authorities, are widely applied for vulnerability assessments and resilience objectives
definition (Begum et al., 2022). It is worth noting that qualitative methods, although insightful,
lack empirical rigor and quantitative validation (Mattsson & Jenelius, 2015). Thus, their
effectiveness significantly improves when integrated with quantitative frameworks and real-
time predictive models (Ganin et al., 2019).

Departing from the traditional qualitative approaches for resilience assessment, quantitative
approaches can be distinguished either based on the scope of the analysis or the tools used to
quantify resilience. From the perspective of the scope of the analysis, the system is studied
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either through its components (component-based analysis) or as an entity (network-based
analysis). Component-based analysis focus on certain components of the transportation
network (e.g., ports or corridors), but the resilience of the entire transportation system is not
considered as a study object (Enjalbert et al., 2011; Nair et al., 2010; Voltes-Dorta et al., 2017).
In contrast, network-based analysis consider the network with all its discrete components as a
single object of study (Chalkiadakis et al., 2022; Mitsakis et al., 2015; Murray-tuite, 2006;
Nagurney & Qiang, 2008). In Error! Reference source not found. and Error! Reference so
urce not found. more information concerning component-based and network-based methods

of resilience analysis respectively can be found.

Table 3. Components-based methods of resilience analysis.

Metrics

Approach

| ndi

Average ratio of
throughput achieved
and total demand

Quantification of vulnerability as result of
inherent reliability and short-term recovery

components in freight systems

activities for ports and other intermodal

Global and local Assessment of instantaneous resilience of (Enjalbert et al.,
resilience human machine system in trains/ tramways  2011)
Aggregate delay and  Analysis of aggregate delay and relocation (Voltes-Dorta et al.,

relocation rate

rate of passengers

2017)

Table 4. Network-based methods of resilience analysis.

Metrics Approach Indicative references
Connectivity and Risk assessment method for (Mitsakis et al., 2015)
serviceability emergency response

planning and management

Congestion index

Fuzzy inference for analysis
of road segments’
congestion

(Hamad & Kikuchi, 2002)

Adaptability and
recoverability

Resilience for system
optimum and user
equilibrium traffic
assignment

(Lhomme et al., 2013; Murray-tuite,

2006)

Incident impact
factor

Identification of vulnerable
links in road network due to
incidents

(Tampere et al., 2007)

Direct and Indirect
costs — Economic
impacts

Assessment of economic
impacts

(Omer et al., 2012; Tatano &

Tsuchiya, 2008; Vugrin et al., 2010)

Travel time resilience

Model with equilibrium
constraints to measure and

(Omer et al., 2012; X. Zhang et al.,

2019)
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Metrics Approach Indicative references
maximize travel time
resilience
Environmental Framework to facilitate (Omer et al., 2012, 2013)
resilience decision making process

Time-dependent
network resilience

Assessment of resilience, at
system level, with a time-
dependent resilience index

(Heaslip et al., 2010; Ouyang et al.,
2012; Ramachandran et al., 2016;
Serulle et al., 2011)

Vulnerability and
Criticality

Identification of vulnerable
and critical links, in
qualitative and quantitative
terms

(Chalkiadakis et al., 2022; Croope,
2012; Mitsakis et al., 2015; Morelli
& Cunha, 2021; Mou et al., 2020;
Nagurney & Qiang, 2008; D. Z. W.
Wang et al., 2016)

Network resilience

Network resilience
quantification for disaster
scenarios

(H. Chen et al., 2017; Ip & Wang,
2011; Jin et al., 2014; Miller-Hooks
etal., 2012)

Accessibility

Identification of vulnerable
road segments

(Taylor & Susilawati, 2012)

Post-event resilience
level

Quantification of network
resilience and identification
of post-event activities

(L. Chen & Miller-Hooks, 2012)

Total recovery time

Post-event scheduling
optimization for bridge
network

(W. Zhang et al., 2017)

Redundancy

Optimization of network
models to evaluate network
redundancy

(Fiksel, 2003; Haimes, 2009;
Ivanov et al., 2014; Klibi et al.,
2010; Liao et al., 2018; Omer et al.,
2012; Tukamuhabwa et al., 2015)

Delay, cost, distance,
and emissions

Supply chain modal shift by
assessing the resilience of
static intermodal and
dynamic synchromodal
solutions

(Ambra et al., 2019)

Overall resilience and

Public transport assessment,

(M. Chen & Lu, 2020; Santos et al.,

vulnerability by using Fuzzy Logic 2020)
techniques, at city and
country wide level
Utilization rate Service utilization from (Al Hajj Hassan et al., 2019)
queueing theory to extract
insights regarding a supply
chain’s resilience.
Efficiency Inverse of average shortest ~ (Chalkiadakis et al., 2022; Latora &
path length Marchiori, 2001; Osei-Asamoah &
Lownes, 2014)
Macroscopic Area between baseline and  (Q.-L. Lu et al., 2024)
Fundamental disrupted MFD curves
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Metrics Approach Indicative references

Diagrams (MFDs)

Throughput Loss

Recovery Time Time taken to restore (Y. Liu et al.,, 2022; W. Zhang &
baseline conditions Wang, 2016; X. Zhang & Miller-

Hooks, 2015)

Focusing on the tools used to quantify resilience, diverse methodologies are involved ranging
from empirical data evaluations to advanced computational modeling techniques. Recent
methods integrate machine learning, agent-based modeling, and optimization algorithms to
provide scalable, real-time resilience assessments. The methods for quantifying resilience can
be categorized in three (3) main categories: topological methods, analytical methods, and
simulation methods. In the present Dissertation, special focus is given on simulation methods,
as the majority of the literature falls into this category.

2.2.1 Topological Methods

Topological methods are based on the topology of the network and express resilience by
examining the networks’ characteristics. These models have explicit expressions mostly relying
on the calculation of shortest path and some of them are determined by node degree distribution
(Guze, 2019; Jenelius et al., 2006; Mattsson & Jenelius, 2015; Mitsakis et al., 2015; Mitsakis,
Stamos, Papanikolaou, et al., 2014; P. M. Murray-Tuite & Mahmassani, 2004; Nagurney &
Qiang, 2008).

2.2.2  Analytical and Data Driven Methods

Analytical methods make use of logical models like event and fault tree analysis (Gheorghe et
al., 2005; Akgiin et al., 2015), Bayesian analysis (P. Murray-Tuite, 2010; Tang et al., 2020),
Data Envelopment Analysis (Khaghani & Jazizadeh, 2020), and Analytic Hierarchy Process
(AHP) (Mabrouki et al., 2014; Morshed et al., 2020) to analyze each condition under the prism
of possible responses and failure states. Analytical methods are rather complicated, especially
if large transportation networks’ resilience is investigated. The complexity of analytical
methods in the case of large transportation networks lies on the existence of various scenarios
and decision-making options that can take place when large transport networks operation is
disrupted.

Data-driven methods are increasingly pivotal in evaluating the resilience of transportation
networks, especially in the context of dynamic, large-scale disruptions such as natural disasters,
accidents, or system failures. Unlike model-driven simulation frameworks, data-driven
methods do not simulate internal system mechanisms directly. Instead, they focus on analyzing
historical or real-time performance metrics derived from empirical observations. This allows
for the assessment of system behavior under varied disruption scenarios, offering powerful
insights into resilience without requiring detailed physics-based modeling (Y. Chen et al.,
2025).

In (Du et al., 2025), a hybrid framework combining clustering algorithms and transformer
neural networks is developed, to recognize network traffic states from large-scale AVI
(Automatic Vehicle Identification) and sensor data. The approach quantifies operational
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resilience by identifying the transition points between normal and disrupted traffic states,
enabling real-time network management. Key performance metrics, including speed variance
and trajectory entropy, are automatically extracted and classified to produce adaptive resilience
indicators suited to incident response and urban mobility planning.

In (Zang, Ding, et al., 2024), a Machine Learning-based assessment framework for the
resilience of urban road networks during rain-induced disruptions is presented. By integrating
large time-series datasets (traffic speed, flow, network connectivity) with neural predictive
models, the authors forecast network degradation and recovery time. Their results demonstrate
improved early warning accuracy and refined quantification of resilience through dynamic data
analysis, providing actionable intelligence for traffic operators under adverse weather.

In (Kazmi et al., 2023), an empirical, data-driven workflow for dynamic resilience assessment
is proposed. Said process calibrates iterative traffic assignment models with observed flow and
speed data. Researchers quantify resilience by simulating various network disruption scenarios
(road closures, accidents), tracking volume-delay functions and recovery timelines. The
validated framework enables urban planners to assess response strategies and prioritize
infrastructure investments using real-world data.

In (Shang et al., 2020), deep reinforcement learning is utilized to optimize traffic signal controls
and analyze daily urban traffic dynamics from the perspective of resilience. Simulation
experiments with convolutional neural networks reveal that adaptive controls improve
throughput and reduce disruption recovery periods. The data-driven framework enhances the
theoretical understanding of urban road network responses to sudden failures.

Finally in (Contreras & Torres-Machi, 2025), anonymized crowdsourced traffic data from
smartphones and vehicles is leveraged for network resilience estimation at the community
scale. By mapping travel delay, incident frequency, and adaptive route choices, the authors build
resilience indices that facilitate rapid vulnerability assessment and guide targeted improvement
strategies for urban planners.

2.2.3  Simulation Methods

Simulation methods are instrumental in assessing and enhancing the resilience of urban road
networks. The complexity and dynamic nature of urban traffic flow, coupled with the potential
for diverse disruptions, necessitate sophisticated simulation tools. Simulation approaches offer
powerful means to evaluate how transportation systems perform under stress, enabling scenario
testing, strategy validation, and risk-informed decision-making. These methods go beyond
simple analytical assessments by modeling the temporal and spatial dynamics of disruptions.
Therefore, opposingly to analytical methods, simulation methods for resilience analysis on
large transportation networks go beyond simple calculations, building upon diverse
mathematical fields like graph theory (Mishra et al., 2012; Schintler et al., 2007; Svendsen &
Wolthusen, 2007), game theory (Bhavathrathan & Patil, 2015; Y. Chan, 2015), fuzzy logic (Cho
et al., 2002; Giircanli & Miingen, 2009; Pinto et al., 2012; Serulle et al., 2011; Y.-M. Wang &
Elhag, 2007), and optimization (Nair et al., 2010; L. Chen & Miller-Hooks, 2012; H. Chen et
al., 2017; Asadabadi & Miller-Hooks, 2018; C. Liu et al., 2009; Miller-Hooks et al., 2012;
Faturechi & Miller-Hooks, 2013; Jin et al., 2014; X. Zhang & Miller-Hooks, 2015; Azad et al.,
2016; Soltani-Sobh et al., 2016; W. Zhang & Wang, 2016; Kaviani et al., 2017), and
incorporating broader strategic approaches such as scenario analysis (Azolin et al., 2020; Z. Liu
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et al., 2022; Morelli & Cunha, 2021; Murray-tuite, 2006; Nair et al., 2010). Error! Reference s
ource not found. below presents a comprehensive overview of the latter.

Table 5. Approaches utilized in simulation-based resilience analysis.

ApproaKey featureApplicationKey refere

Scenario Explores multiple what- Disaster planning, (Ganin et al., 2017;
Analysis if scenarios network stress-testing, Henry & Emmanuel
proactive planning by Ramirez-Marquez,
evaluating network 2012; Nair et al.,
performance under 2010; Sun et al., 2020)
hypothetical disruption
scenarios
Graph- Connectivity, Node/link failure analysis (Mishra et al., 2012; Y.
Theoretical ~ redundancy, and critical Zhou et al., 2019)

node/link detection

Game- Agent interactions and  Traffic behavior (Asadabadi & Miller-
Theoretic competition for network modeling, response Hooks, 2018;
resources dynamics Bhavathrathan & Patil,
2015)
Fuzzy Logic Incorporates linguistic =~ Human behavior in (Cho et al., 2002;
and vague data (e.g., emergencies; risk and Deveci et al., 2023)
qualitative terms like uncertainty modeling

‘high risk’, moderate
congestion’) through
membership functions

Probabilistic  Simulates stochastic Seismic/flood impact (Ghosh & Padgett,

Models failure and system modeling 2010)
degradation scenarios

Optimization Identifies best TMS design, resilience (Azad et al., 2016;
interventions, routing, planning Dong et al., 2025; X.
and recovery schemes Zhang & Miller-

Hooks, 2015)

Simulation models allow for the identification of both vulnerable components of the
transportation networks and optimal TMS (Sun et al., 2020). Simulation models can be a
valuable tool for examining the resilience of transportation networks, considering the
capabilities such methods and models have, as well as the latest technological advances (e.g.,
quantum computing) which allows for short computational times when large transportation
networks are under examination (Asadabadi & Miller-Hooks, 2018; Nan & Sansavini, 2017).

Additionally, in (Osei-Asamoah & Lownes, 2014) a link-based approach to two transportation
networks under two disruption strategies have been used, and, thus, global efficiency and
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relative size of giant component metric have been introduced. (Franchin & Cavalieri, 2015)
implemented a new resilience metric, which considered the characteristics of network
efficiency and displaced population under a disruptive event has been introduced.

Concerning the scope of the simulation analysis, and by having in mind the complementary
roles of the simulation paradigms and the high degree of heterogeneity in urban transportation
systems (including diverse vehicle types, varying driver behaviors, and complex traffic
patterns), the integration of different model types (microscopic, mesoscopic, macroscopic, and
agent-based) is advised since that offers a flexible modeling environment that can adapt to both
detailed operational studies and strategic planning tasks (Huang et al., 2022). Agent-based
models (ABMs) and microscopic simulation models are particularly well-suited for this
purpose (Axhausen & ETH Ziirich, 2016; Bekhor & Toledo, 2014b; Brackstone & McDonald,
1999b). Agent-based modeling further enhances hybrid methodologies by simulating
individual user behaviors and interactions, providing deeper insights into behavioral responses,
evacuation dynamics, and adaptive user behavior during disruptions (He & Liu, 2012; Mostafizi
et al., 2019).

Particular attention should be paid to Macroscopic Fundamental Diagrams (MFDs), which
serve as a macroscopic representation of traffic performance at the network level. Inspired by
the foundations of Wardrop (Wardrop, 1968), where a generic relation between average speed
and flow has been proposed, various research like (C. Daganzo, 2005; C. F. Daganzo, 2007, C.
F. Daganzo & Geroliminis, 2008; Geroliminis & Daganzo, 2008b; Godfrey, 1970; Leclercq &
Geroliminis, 2013; Mahmassani et al., 1987) are focused on MFDs and their existence in
various networks and under various conditions. MFDs show the relationship between vehicle
density and flow at an aggregate level and provide an intuitive way to evaluate both steady-
state and dynamic behaviors of traffic systems during disruptions. The area between the
baseline and disrupted MFD curves represents the Total Network Throughput Loss, which is a
robust metric of resilience degradation, as shown in (Chalkiadakis & Vlahogianni, 2025a).

Figure 4 below visually compares the system performance under normal and disrupted
conditions. The disrupted curve demonstrates both a lower peak flow and a leftward shift in
critical density. The shaded region between the two curves quantifies the throughput loss, a
widely accepted measure of resilience degradation. This graphical representation helps in
intuitively understanding system vulnerabilities and the impact of mitigation strategies.
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Figure 4: Macroscopic Fundamental Diagram — Baseline vs. Disruption scenarios.

Interestingly, there are few research attempts on the possibility to utilize MFDs towards
evaluating the resilience of urban road networks. (Kim & Yeo, 2017) made use of MFDs to
assess the criticality of network links by proposing a network performance loss indicator.
However, this research is limited to link-level disruptions for assessing the criticality, following
the traditional path for criticality quantification (Chalkiadakis et al., 2022; Nagurney & Qiang,
2008). In the research of (Gao et al., 2022) the use of MFDs is associated with a resilience-
oriented perimeter control methodology in a two-region network. This research is limited in the
sense that a two-region network is used and the shape of MFDs is considered parabolic. This is
also mentioned by the authors; there is the need for a multi-region network, which is closer to
real-life networks, to be taken into consideration. In (Mylonas et al., 2023) MFDs are used to
identify the most critical links of the network, however no statistically significant correlation
was found, since analyses are based on non-realistic networks (e.g. Sioux-Falls, Anaheim,
Tiergarten, Berlin, and Chicago). Another drawback of the methodology used in (Mylonas et
al., 2023), as mentioned also by the authors, is the fact that the flow-density MFD is utilized,
departing from the use of other travel disutility attributes, such as trip completion rate. Finally,
in (Q.-L. Lu et al., 2024) MFDs-based resilience indicators are proposed and a regression model
to describe the relationship between topological attributes of transportation networks and the
traffic resilience of transportation systems is introduced.

Moreover, simulation outputs such as vehicle trajectories, average speeds, or density
distributions can be used to generate real-time MFDs within Digital Twin frameworks, which
support dynamic and adaptive resilience evaluation (Kusic¢ et al., 2023; Sharma et al., 2022).

Advanced simulation techniques for urban resilience include balancing model types. While
microscopic and agent-based models receive significant attention due to their ability to
represent heterogeneity, it's essential to acknowledge the role of macroscopic and mesoscopic
models. Macroscopic models, as shown in (Papageorgiou, 1990b), are particularly useful for
large-scale network resilience analysis, offering a computationally efficient way to assess the
impact of disruptions on overall network performance. Mesoscopic models, as outlined in
(Algherbal & Ratrout, 2025), bridge the gap between microscopic and macroscopic simulation,
allowing for a balance between detail and computational efficiency.

2.2.4  Hybrid Methods

As illustrated in Figure 3, hybrid methods for resilience quantification are utilized as a superset
which combines topological, analytical and statistical, and simulation methods for providing
multifaceted resilience quantification.

In terms of relevant literature, (D. Li et al., 2022) proposes a hybrid method combining network
performance modeling with resilience assessment under flood disaster scenarios, integrating
simulation-based degradation, recovery, and structural vulnerability analysis. (Carramifiana et
al., 2024) develops a hybrid simulation framework combining agent-based and system
dynamics approaches for urban risk mitigation and resilience evaluation, capturing both traveler
behavior and network effects. (Ashja-Ardalan et al., 2025) integrates topological, functional,
and human flow vulnerabilities in a hybrid framework assessing urban road network resilience
to climate change impacts, leveraging multiple data and modeling techniques. (Chalkiadakis et
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al., 2022) present a hybrid framework using topological analysis, simulation, and machine
learning for urban road network criticality and vulnerability identification.

Interestingly, the relevant literature provided is mostly focused on combining simulation
models with other tools and techniques to properly quantify resilience. To this end, the potential
of simulation models to be used as the backbone of hybrid methodologies for resilience analysis
if further discussed. At first, the integration of GIS and big data analytics, with simulation
methods, enables detailed spatial-temporal analyses of network vulnerabilities, facilitating
accurate urban vulnerability mapping and real-time incident detection (Ranabahu et al., 2025;
X. Zhou et al., 2025).

Furthermore, simulation models can be integrated with real-time traffic management systems
to evaluate the effectiveness of adaptive control strategies. This allows for the assessment of
how traffic signals, ramp metering, and other control measures can be adjusted to mitigate the
impact of disruptions (Chalkiadakis & Vlahogianni, 2025a; Papageorgiou, 1990b).

Considering disruptions, including traffic incidents, extreme weather events, and infrastructure
failures, simulation models can be used to simulate these disruptions and assess their impact on
traffic flow, travel time, and network accessibility (Jenelius & Mattsson, 2012; Osorio &
Bierlaire, 2009). They also allow for evaluation of various resilience strategies, such as
alternative routing (P. M. Murray-Tuite & Mahmassani, 2004), dynamic signal control
(Stevanovic & Stevanovic, 2013), emergency response planning (H. Chen et al., 2017), and
deployment of Connected, Cooperative, and Automated Mobility (CCAM) technologies (van
Arem et al., 2006a; Fagnant & Kockelman, 2015b). To evaluate these strategies, resilience
metrics are required. These include efficiency (inverse average path length), giant component
size (extent of connectivity), and travel time variance under stress. Other indicators include
recovery time, accessibility loss, and the resilience triangle, which integrates performance
degradation and recovery across time. Recent advances also include composite indices like mD-
Resilience, which incorporates spatial, temporal, and equity factors (Ganin et al., 2017,
Khaghani & Jazizadeh, 2020).

Additionally, data-driven simulation (a combination of data driven and simulation
methods) is becoming increasingly important. Techniques such as machine learning and data
assimilation can be used to calibrate and validate simulation models and also predict traffic
conditions during disruptions. (Herrera et al., 2010) demonstrate how GPS data can be used to
characterize traffic flow, and this data can then be used to train machine learning models to
improve simulation accuracy. Furthermore, social media data can be used to provide real-time
information on disruptions (Chaniotakis et al., 2022). (W. Liu et al., 2025) makes use of a
theoretical model supported by Python-based simulations and multifaceted data (traffic flows,
network topologies, infrastructure attributes). Said research evaluates resilience across
interconnected urban transport and utility networks. The adaptive analysis captures complex
interdependencies, enabling quantification of cascading failures and recovery in smart city
environments. (Z. Li et al., 2024) adopts temporal network analysis and simulation-based traffic
modeling to measure urban mobility resilience under various scenarios. The methodology
leverages big data (observed network data and travel demand) to simulate flows, capture critical
bottlenecks, and derive response indices. Findings reveal which areas of the network are most
vulnerable, supporting smarter investment and maintenance strategies for city infrastructure.

Finally, Digital Twins, which are digital replicas of real-world transportation networks, offer a
powerful tool for resilience analysis. These frameworks integrate real-time data from sensors,
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connected vehicles, GPS, and control centers to simulate and adapt system responses on the fly
(Feng et al., 2023). Within resilience planning, digital twins are invaluable tools for evaluating
disruption scenarios, managing adaptive responses, and optimizing recovery efforts.

2.3 Data Sources for Resilience Analysis and Quantification

Reliable and diverse data sources are foundational to urban road network resilience research.
Data-driven resilience analyses significantly enhance understanding of network performance,
environmental stressors, and predictive modeling for disruptions. The rapid advancement of
artificial intelligence (Al), Internet of Things (IoT) sensors, and remote sensing technologies
has substantially improved the precision and effectiveness of resilience studies (Stamos et al.,
2015; Donovan & Work, 2017; Zhu et al., 2017, Hammoumi et al., 2025). Essential data for
resilience analyses generally falls into three categories:

9 Traffic flow and congestion data
i Infrastructure and environmental hazard data
 Socioeconomic and behavioral data

Table 6 outlines key data sources for traffic operations, infrastructure and environmental hazard
data, and socioeconomic and behavioral data, highlighting specific methodologies and their
practical applications in resilience assessments. Each source provides unique insights into
network performance, critical for timely and accurate resilience modeling and planning. It is
worth noting that integrating machine learning techniques with these data enhances real-time
predictive accuracy, supporting dynamic resilience assessments and proactive traffic
management. Advanced sensor technologies, such as loop detectors, video cameras, and
LiDAR, provide high-quality, detailed traffic data critical for resilience modeling (Hong et al.,
2025). However, limitations such as data quality variations, maintenance costs, and limited
coverage necessitate complementary approaches, including crowdsourced data integration.

Accurate infrastructure and environmental hazard data provide insights into vulnerability and
potential disruption severity. Key data sources include asset condition surveys, remote sensing
imagery, and climate hazard assessments (Ouyang et al., 2012; Rasheed et al., 2020). Error! R
eference source not found. summarizes infrastructure and environmental data sources,
describing their specific characteristics and highlighting their utility in identifying
vulnerabilities and informing resilience planning and emergency preparedness strategies. While
increasingly available, these data may still face challenges related to availability, resolution,
interpretation complexity, and data handling capacity (Rasheed et al., 2020).

Socioeconomic and behavioral data are critical for understanding travel demand shifts, risk
perception, and public responses to disruptions. Data collected through surveys, mobile
analytics, and social media platforms contribute to comprehensive resilience modeling (Xu &
Kato, 2025). Error! Reference source not found. highlights each source's strengths in ¢
apturing diverse aspects of human responses and behavior, essential for accurate and realistic
modeling of resilience and crisis management strategies. Integrating socioeconomic data
ensures resilience models accurately reflect human behavior, enhancing their real-world
relevance and effectiveness. Nonetheless, inherent biases, privacy concerns, and
inconsistencies pose significant challenges to data collection, necessitating robust privacy-
preserving methods and representative sampling strategies (Wei et al., 2022).
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Table 6. Requirements for data availability for resilience research.

Data sourcDescription Applications

Traffic Op

Roadside sensors Fixed-location monitoring of ~Congestion measurement, network
traffic flows performance

GPS, trajectories, and  Vehicle movement and Real-time traffic assessment, route

telematics positioning data optimization

Crowdsourced User-generated traffic Immediate detection of disruptions,

platforms incident reports incident management

I nfrastructure and Environment

Asset surveys Physical inspections of Infrastructure resilience,
transport assets maintenance planning

Remote sensing Satellite and aerial imagery ~ Disaster impact assessments,

imagery vulnerability mapping

Climate hazard models Projections of weather-related Climate adaptation strategies,

risks emergency preparedness
Soci ety, Economy and Behavior
Travel surveys Detailed travel patterns and ~ Modal shift analysis, evacuation
mode choices modeling
Mobile phone Movement patterns and Real-time demand modeling,
analytics network usage behaviors behavioral trends
Social media analysis  Public sentiment and rapid Crisis response optimization,
incident reporting communication strategies

2.4 Open questions

2.4.1 Resilience as an integral part of Traffic Management

Traffic Management is considered important for the operation of transport networks, mostly in
urban settings. Traffic Management, and the associated Strategies, allow for optimizing traffic
flows or achieving more complex objectives like the cooperation between different areas of the
network for optimizing the performance of the system. The current Traffic Management
Strategies consist of four (4) main objectives: i. to reduce inflow in a certain area, ii. to increase
outflow for a certain area, 1ii. to inform drivers about a situation, and iv. to reroute the flow. The
choice of the necessary actions in each case is driven through the quantification of Key
Performance Indicators (KPIs).

However, to what extent current Traffic Management Strategies integrate the concept of
resilience in both their design and implementation? For this research question to be answered,
the following need to be taken into consideration. At first, the quantification of resilience needs
to be further clarified. At its current state, resilience consists of various metrics/ layers which
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reflect resilience under one specific perspective. However, there is the need for a generic and
unified resilience metric. This metric should reflect the resilience of a network by incorporating
in its definition and quantification a variety of the already-existed resilience related layers/
metrics. The latter may pose a significant modelling limitation, due to fact that the already
existing resilience related layers/ metrics may examine different aspects of resilience which
may not be directly correlated. In (Serdar et al., 2021, 2022), a Multi Criteria Analysis
methodology for ranking of all resilience related layers/ metrics is proposed, with the aim to
propose a resilience metric for assessing the overall resilience of a network through
incorporating the resilience assessment frameworks of the critical infrastructures of the
network. This process would allow for comparability of various resilience assessment methods
by identifying conversion coefficients.

Another aspect that can be deemed as important is that of multimodality. Multimodality is a
key aspect of future transportation scenarios, not only in its current form but in a broader
concept which will include various new concepts such as Mobility as a Service and demand-
responsive transport. Multimodality is included in the literature of resilience. As an example,
(D’Lima & Medda, 2015; Jin et al., 2014; Martins et al., 2019) analyze resilience considering
active modes and mode transfer. However, from a modelling perspective, the inclusion of
multimodality in the concept of resilience increases the complexity of its quantification and
thus its incorporation in Traffic Management Strategies. In order for multimodality to be
sufficiently integrated in the concept of resilience, network complexity theory and multiplex
technologies should be recruited. Current resilience-related layers/ metrics, mostly those
associated with the topological features of the network, need to be revised. The revision is not
necessarily in the change of the mathematical features that governs the topological metrics, but
in the existing approach towards their examination.

Lastly, the concept of resilience that needs to be integrated in Traffic Management Strategies
shall have a holistic approach. For that holistic approach to be achieved, the concept of
resilience needs to be disengaged from EWEs. Most of the literature investigates resilience
under the point-of-view of an extreme event; what if the event is not associated to a weather
event but to a disturbance in general? The significance of such a differentiation in the approach
of resilience is twofold. At first, the extent of the resilience-related layers/ metrics will not be
geographically fenced in a certain area of interest (e.g., the area that an EWE took place), but
they will be broader and thus able to examine larger areas. Then, if the concept of resilience
departs from its conventional definitions and applications, the associated metrics and concepts
will be future proofed in the sense that literature demonstrates the need for resilience in the era
of smart cities. In the smart city context, resilience is vital, since intelligent systems are
vulnerable to possible threats, such as jamming attacks, flooding attacks, and malware attacks
(Hamida et al., 2015) and, thus, such disturbances need to be integrated in the concept of
resilience. It is important to note that the aforementioned do not appear to have an impact in the
already-existing methods for quantifying resilience; the changes that need to be made can be
characterized as conceptual.

2.4.2  Case-oriented vs case-agnostic resilience

The majority of previous research concerning resilience is characterized by having a case-
oriented approach. Resilience of a transportation network used to be examined under a specific
disturbance by using data representative of the state of the networks under the disturbance of
interest. This, however, does not conform with the opinion that resilience needs to be generic
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and representative of the network and its structural components. For that reason, the concept of
case-agnostic resilience should be introduced. At this point, a crucial question can be set: what
is the difference of resilience under one scenario versus the general resilience of a transportation
network? Resilience should be representative of the dynamics in the network like congestion,
saturation of flow, and travel times. The traffic dynamics alter in the network based on the
circumstances (e.g., peak hour or not, extreme event or not) and may differentiate among
subareas of a network. Therefore, case-oriented resilience is representative of the state of the
network under the impacts of a certain disturbance, while, on the other hand, case-agnostic
resilience is representative of the state of the network under its occasional operation. But, what
is most fitted type of resilience? Interestingly, both types of resilience are of importance.

What needs to be further clarified is the context under which resilience needs to be examined.
From a Disaster Management and Emergency Logistics perspective, case-oriented resilience is
important because specific disruptive events and their impacts are the primary concern.
Explainability is critical here as well, enabling stakeholders to interpret the reasoning behind
chosen response strategies, resource allocation, and lessons learned in the aftermath of
disturbances. From a Traffic Management perspective, emphasis is placed on case-agnostic
resilience, as ongoing changes in traffic dynamics are of interest. In this context, the operational
performance of the network, its degradation over time due to any disturbance, and the
implementation of appropriate Traffic Management Strategies to maintain functional levels are
key objectives. Across both paradigms, the capacity to explain, justify, and communicate
decisions enhances trust, supports transparent management, and ensures actionable insight for
both acute events and routine operations. Thus, explainability forms a cornerstone of both case-
oriented and case-agnostic resilience, integral to translating technical findings into effective
action and policy.

Furthermore, in the context of investigating resilience, it is crucial to select the appropriate
metrics that align with the specific research objectives and findings. For case-oriented resilience
and given the fact that it is needed in the Disaster Management and Emergency Logistics topics,
metrics such as resourcefulness, rapidity, preparedness, and recoverability can be deemed as
important. On the other hand, metrics able to capture the dynamics of the network should be
selected like criticality, efficiency, and vulnerability.

Concerning the Traffic Management perspective, the belief that the complexity of
transportation applications, as well as the variability in conditions that may affect the resilience
of transport system poses additional challenges to the quest of a universal resilience metric that
cannot be tackled by linear or rank based approaches (such as the approach introduced in
(Serdar et al., 2021, 2022)). A universal transport resilience metric should be disengaged from
the type of application by allowing for complementary aspects of resilience to be taken into
consideration. Methodologically, for such a universal metric to be introduced, a data-driven
unsupervised framework should be considered. Said framework will depart from the classical
definitions of resilience and will incorporate the investigation of various resilience-related
metrics, in the strategic and the operational level, and by considering the technological
advancements in the field of transportation.

2.4.3  Data, Methodologies and Methods to Support Network level Resilience Analysis

Despite significant advancements in integrating diverse data sources, challenges persist,
particularly data scarcity in developing regions and urban contexts often overlooked in
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research. Limited availability and quality of high-resolution traffic and infrastructure data
impede accurate modeling and robust resilience assessments (El-Bouayady et al., 2024;
Ogunkan & Ogunkan, 2025). Emerging solutions, such as blockchain-based data sharing
platforms and advanced IoT deployments, offer promising avenues to overcome these
challenges, promoting transparency, security, and accessibility of the aforementioned data
(Abbas et al.,, 2021; Haque et al., 2024). International collaboration and public-private
partnerships further enhance the breadth and depth of available data, creating extensive
opportunities for resilience research advancements.

A general outcome of the literature review is that simulation remains the most important tool
for quantifying and assessing resilience in large scale transport applications. However, the
accuracy and reliability of simulation models depend heavily on the availability of high-quality
data. Data from loop detectors, GPS devices, video feeds, and even social media can be used to
calibrate and validate models. (Herrera et al., 2010) demonstrated how GPS probe data can
accurately reconstruct real-time traffic conditions, while (Osorio & Bierlaire, 2009) applied
simulation-based optimization using such real-world data to tune control strategies effectively.
Hybrid modeling forms, jointly considering big data analytics, machine learning and
simulation, may transform simulation tools into decision-support systems that inform both
long-term infrastructure investment and short-term emergency management.

Despite the extensive adoption of simulation methods in resilience studies, several key
challenges hinder their effectiveness and generalizability. First, model complexity and
computational cost remain significant barriers, particularly when simulating large-scale urban
networks with microscopic or agent-based models. These high-resolution models demand
substantial computational power and time, making real-time scenario testing or multi-scenario
comparisons difficult to scale (Bochenina et al., 2025; Manley et al., 2014).

Another major challenge is the calibration and validation of simulation models. Accurate input
data-such as traffic volumes, signal timings, driver behavior parameters, and disruption
characteristics-are often incomplete or unavailable, especially in developing urban areas. The
fidelity of simulation outcomes depends heavily on this data, and any discrepancy can
propagate errors in resilience estimation (Herrera et al., 2010; Papageorgiou, 1990b).

Simulation models also face difficulties in representing human behavioral responses during
crises, such as panic-induced route choices or adaptive learning over time. Traditional traffic
models often rely on equilibrium assumptions that do not hold under disruptive, highly dynamic
conditions. Incorporating realistic behavioral heterogeneity remains an open research challenge
(Calvert & Van Arem, 2020; Aldahlawi et al., 2024).

From a methodological standpoint, the lack of standardized resilience metrics within simulation
environments complicates comparative evaluation. While concepts like travel time reliability,
connectivity loss, and the resilience triangle are commonly used, their implementation varies
widely across studies, hindering reproducibility and benchmarking (Ganin et al., 2017).

Looking ahead, several research directions merit attention:

1 Hybrid simulation architectures that combine agent-based, mesoscopic, and
macroscopic components could offer scalable and behaviorally realistic frameworks
for resilience testing.

1 Dynamic integration with real-time data feeds can transform simulations into
responsive, adaptive tools, especially within Digital Twin systems.
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1 Al-assisted model tuning, using reinforcement learning or genetic algorithms, could
automate calibration and enhance predictive capability across disruption types.

1 Cross-domain interoperability with infrastructure, energy, and communication systems
can provide a holistic view of urban resilience.

In summary, while simulation remains a cornerstone of resilience analysis in transportation
networks, evolving these tools toward higher realism, flexibility, and interoperability is
essential for addressing the increasing complexity and uncertainty of urban systems.
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3 RESILIENCE QUANTIFICATION AND ANALYSIS OF
CITY-WIDE ROAD NETWORKS

3.1 Introduction

Given the complexity of modern urban environments and their vulnerability to diverse
disruptions, the study of transport system resilience demands integrated, data-informed
methodologies capable of addressing both structural and dynamic dimensions. In this
dissertation, resilience is approached through the development of a comprehensive framework-
the Resilience Evaluation and Analysis of City-wide Transport systems (REACT) framework-
which integrates various modeling scales, simulation environments, and data-driven
techniques. This framework is not limited to conventional assessments of network vulnerability
but aims to establish a scalable and adaptable methodology capable of identifying, simulating,
and quantifying the impacts of localized or systemic disruptions on urban road networks.

Chapter 4 introduces the key methodological components that form the foundation of REACT.
It elaborates on the rationale for combining simulation-based experimentation with network-
theoretic and macroscopic analytical tools, and with unsupervised and supervised machine
learning frameworks towards interpreting, analyzing, and generalizing resilience outcomes.
The chapter also details how different scales of simulation-microscopic and macroscopic-are
coordinated within the workflow, depending on the complexity and scope of the analysis.

The overall aim is to establish a unified methodology that not only assesses the resilience of
transport networks under stress, but also supports decision-making by identifying the most
effective intervention strategies. Through this chapter, the methodological underpinnings of
REACT are explained, providing the basis for the experimental design, simulation protocols,
and analytical tools presented in the subsequent chapters.

3.1.1 Definitions

In the framework of the present dissertation, the following definitions are embraced and used:

1 Node: In the present dissertation, as well as in traffic flow in general (Sheffi, 1985),
the nodes represent the points where links/ roads intersect.

1 Link: as per the Graph Theory, the connection between two nodes

9 Path: the set of links of the urban road that create a path from one origin to one
destination, as defined in the corresponding Origin-Destination matrix.

1 Corridor: the set of links of the urban road network that create a path from one point
in the network to another.

1 Resilience: the ability of the system to maintain its performance to acceptable levels,
no matter the disruptive events.

1 Performance drop: the total area formed in the cumulative served vehicles versus time
diagram, when comparing the baseline scenario and other simulated experiments with
a disturbance in the operation of the network.
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1 Area of traffic management strategy: the set of corridors to be closed that form the
area of interest of the present research.

3.2 Conceptual underpinnings

Transport networks can be represented as graphs (Sheffi, 1985). However, there are various
behavioral characteristics which permeate how the users make use of the existing infrastructure,
affecting therefore their operation. Based on that, we can conclude that graph theory is of
importance since it provides the ability to examine urban road networks in both their topological
(connectivity among nodes) and demand-related (weights in the edges) aspects.

3.2.1 Graph theory

3.2.1.1 Introduction

As mentioned above, it is stated in the research of Shefti (Sheffi, 1985) that transport networks
(urban transport networks in said research, but we can generalize that to all transport networks)
can be represented as graphs. Graph theory provides a comprehensive analytical framework for
modeling transport networks, as well as for evaluating any disturbance that may lead to link or
node failure (Aydin et al.,, 2018; Mattsson & Jenelius, 2015). Within this formalism,
transportation networks are represented as graphs:

"O O Q)

, where the set of vertices wdenotes infrastructural entities such as intersections or stations, and
the set of edges O $ @ w models physical or logical connections, such as roads, rail tracks,
or multimodal transfer corridors. Each edge can be weighted to reflect attributes like travel
time, capacity, reliability, or cost, thus enabling multi-objective optimization and comparative
scenario analysis (Cardillo et al., 2006; Chung, 1997; Derrible & Kennedy, 2010).

Recent literature has underscored the capacity of graph-theoretic models to capture both the
structural and functional dimensions of transport networks. Structural resilience, which relates
to topological features such as connectivity and redundancy, is quantified using metrics like
algebraic connectivity, k-connectivity, and spectral radius (Cencetti et al., 2021; D’ Agostino &
Scala, 2014; Sole et al., 2008). Functional resilience, by contrast, evaluates the preservation of
system throughput, delay minimization, and recovery time, and is typically analyzed using
flow-based models, maximum flow/minimum cut formulations, and stochastic simulations
under failure scenarios (Ahuja et al., 1993; Ganin et al., 2017; Gao et al., 2022).

Moreover, the temporal dynamics of real-world systems-such as peak-hour congestion or
phased disruptions due to flooding-necessitate dynamic and time-aware graph representations.
These are captured through time-dependent graphs and snapshot sequences, which support
analyses of time-respecting paths and temporal reachability. In recent years, advanced models
such as multilayer networks and graph neural networks have also been employed to represent
multimodal interactions and infer resilience from high-dimensional temporal data (C. Li et al.,
2020; Rakhmangulov et al., 2025; Serdar & Al-Ghamdi, 2023; Tachaudomdach et al., 2021; S.
Wang et al., 2021; Yuan et al., 2022; Zang, Ding, et al., 2024; Zang, Wei, et al., 2024).
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3.2.1.2 TDypical Graph Structures

In general graph theory, the structure of a network is defined by its set of nodes (vertices) and
links (edges), which together form the topological skeleton of a system. The nature of nodes

and edges is abstracted, allowing graph theory to be applied across a wide range of domains-
including biology, computer science, social systems, and physics-with minimal structural

assumptions. However, various canonical graph structures have been extensively studied for

their mathematical properties and relevance in modeling real-world systems. The main graph
structures, mainly according to Diestel (Diestel, 2017), are the following:

T

Complete graphs U are graphs in which every pair of distinct vertices is connected by
an edge. These structures exhibit maximal edge density and minimal path length (Q
p) and are often used as benchmarks in robustness analysis and spectral studies due to
their idealized redundancy.

Star graphs consist of a central hub node connected to all others, which are otherwise
disconnected. These structures exhibit high centralization and are used to model single-
point control systems but are highly vulnerable to central node failure.

Cycle or ring graphs connect each vertex to exactly two others in a closed loop. These
have uniform degree and symmetric topology and appear in scheduling and distributed
token ring networks.

Grid or lattice graphs, often used in spatial modeling, feature nodes arranged in a two-
dimensional or higher-dimensional grid. They appear in finite-difference methods,
urban traffic modeling, and spatial epidemiology, offering high regularity and
predictable distance metrics.

Tree structures are acyclic connected graphs with unique paths between node pairs.
They are critical in hierarchical modeling (e.g., file systems, inheritance hierarchies),
and while they offer minimal redundancy, they are fragile to disconnection.

Scale-free graphs are characterized by power-law degree distributions, where a small
number of nodes (hubs) have disproportionately high connectivity. These emerge
through preferential attachment mechanisms and are common in internet topology,
protein networks, and citation graphs.

Small-world graphs exhibit both high clustering and short average path lengths,
balancing local and global efficiency. The Watts-Strogatz model (Watts & Strogatz,
1998) formalized these properties, which are now used to model brain networks, social
networks, and logistics systems.

Bipartite graphs partition nodes into two disjoint sets with edges only running between
sets. These are fundamental to matching problems, recommendation systems, and
affiliation networks.

Multilayer and multiplex graphs extend the bipartite concept further, representing
entities and their interactions across multiple domains or layers (e.g., multimodal
transport, social and economic networks) (Kivela et al., 2014).

Beyond these classic structures, graph theory includes a wide range of extended and higher-
order models:

T

Line graphs map edges of a base graph to vertices, such that edges in the line graph
represent adjacency between original edges. These are applied in traffic routing and
circuit design (Beineke, 1970).
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1 Hypergraphs generalize traditional graphs by allowing edges to connect more than two
nodes. They are used in modeling team collaboration, co-authorship, and multi-way
biochemical reactions (Bretto, 2013).

1 Directed acyclic graphs (DAGs) are used in applications with hierarchical or causal
structure, such as Bayesian networks, project scheduling, and version control systems
(Neuberg, 2003).

1 Random graphs, especially the Erdés-Rényi model "O&M) , are constructed by
assigning edges between node pairs with fixed probability ). These are used to study
connectivity thresholds, robustness, and null models for comparison (Erdds & Rényi,
1959).

9 Geometric or spatial graphs use Euclidean coordinates for nodes, with edges based on
spatial proximity. They are relevant in wireless networks, epidemiology, and mobile
agent systems (Penrose, 2003).

9 Planar graphs can be embedded in the plane without edge crossings and are
characterized by Euler's formula and graph coloring theorems. These are useful in map
design, circuit layouts, and spatial optimization (Diestel, 2017).

9 Cayley graphs, derived from group theory, represent algebraic structures using group
generators. Their symmetry makes them useful in designing robust and scalable
communication networks (Godsil & Royle, 2001).

1 Expander graphs are sparse graphs with high connectivity, where any small subset of
nodes has many connections to the rest of the graph. They are fundamental in
constructing robust networks and in theoretical computer science (Hoory et al., 2006).

9 Tournament graphs are complete directed graphs where each pair of vertices is
connected by exactly one directed edge. They model dominance hierarchies,
competitive ranking, and voting systems (Moon, 1968).

9 Threshold graphs are built recursively by adding isolated or universal nodes. Their
simple structure and ordered degree sequences make them applicable in social
stratification, economics, and machine learning (Chvatal & Hammer, 1977).

Altogether, these graph types constitute a taxonomy of mathematical structures that are not only
rich in theoretical interest but also critical in practical modeling of systems that are spatial,
dynamic, hierarchical, stochastic, or interdependent. Each of these topologies provides different
implications for network performance, controllability, and resilience. By analyzing their
combinatorial and spectral properties-such as degree distribution, eigenvalue spread, and
centrality skew-researchers gain insights into network dynamics, stability, and vulnerability
patterns (Boccaletti et al., 2006; Kasthurirathna et al., 2013).

Figure 5 below illustrates these structures side-by-side for comparative understanding.
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Figure 5: Typical Graph Structures.

In the case of transportation systems, both nodes and links possess diverse structural and
functional interpretations depending on the network layer and scale. In urban road networks,
nodes generally represent road intersections, traffic signal junctions, or roundabouts, while

links correspond to road segments or street corridors with associated weights such as travel
time, distance, or capacity. In transit networks, nodes may stand for bus stops, train stations, or

modal interchange hubs, and links denote vehicle routes or scheduled services (Cats & Jenelius,

2015; Derrible & Kennedy, 2010).
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Transportation graphs often adopt characteristic topologies that influence their resilience and
operational performance:

1 Grid-like structures, typical of planned urban layouts (e.g., Manhattan), exhibit high
redundancy and short average path lengths. They have relatively uniform degree
distributions and low clustering coefficients. These networks are robust to random
failures but vulnerable to central congestion (Cardillo et al., 2006; Sole et al., 2008).

1 Radial or star topologies appear in metro systems or airport feeder routes where
peripheral nodes (e.g., terminals or suburban stations) connect inward to a central core.
These networks are highly efficient under normal conditions but sensitive to core node
disruptions (Derrible & Kennedy, 2010).

1 Ring-and-hub structures, often seen in regional rail and long-distance bus systems,
combine radial access with circular redundancy. This design supports detouring and
localized robustness but may exhibit long detour paths in the event of link failure
(Badia, 2020).

9 Hierarchical or tree-based configurations are found in low-density suburban road
layouts or expressway exit systems. These are efficient in space but structurally fragile,
with few redundant paths, leading to network partitioning when critical branches fail
(Jenelius et al., 2006).

9 Multilayer or multiplex networks incorporate multiple modes (e.g., metro, tram, bus),
with intra-layer links representing within-mode connections and inter-layer links
denoting transfer possibilities. These models capture real-world interdependencies and
allow the analysis of cross-modal resilience, redundancy, and flow transferability
(Cencetti et al., 2021; Kivela et al., 2014).

In weighted networks, link attributes are often modeled as edge weights (Barrat et al., 2004;
Ganin et al., 2017; Newman, 2004; Taylor et al., 2006):

9 Travel time from empirical traffic models or timetables.

1 Capacity or free-flow speed for highway and arterial links.

9 Probability of failure or reliability score, especially in stochastic or resilience analysis
contexts.

Meanwhile, nodes may also carry attributes such as processing delay, boarding time, or transfer
penalty, depending on the application (Nuzzolo et al., 2001). Centrality, accessibility, and
criticality are then derived not merely from topology but from these operational features,
supporting both structural and dynamic resilience modeling.

3.2.1.3  Mathematical Foundations of Graph Theory in Transport Networks
Departing from the, rather simplistic, definition of a graph provided above, the mathematical
abstraction of a transportation network begins with a graph:

uo ’ I":OI" ” (3)

, where the set of vertices wdenotes infrastructural entities such as intersections or stations, and
the set of edges O § @ wmodels physical or logical connections (e.g., road segments), and
0 DB O a isa weight function capturing properties such as travel time, cost, flow capacity,
or reliability (Chung, 1997; Derrible & Kennedy, 2010; Gao et al., 2023).
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In weighted directed graphs-which represent the majority of real-world transportation systems-
each edge 6R) N 6 has an associated direction and scalar weight 0 OR) . The adjacency
matrix N 8, where& s is defined as:

0 @oh "QHON O 4)

o Qo o E®Ri 0000

The degree of node “(n directed graphs is split into the in-degree 'Q B 0 and out-degree
Q B O . The degree matrix ON 5 is diagonal, with entries O  'Q, and is used to

define the graph Laplacian matrix 0 'O 0, a fundamental operator in spectral analysis
(Cardillo et al., 2006; Chung, 1997).

The Laplacian encapsulates global structural properties and plays a central role in assessing
network connectivity. For connected undirected graphs, O is symmetric and positive semi-
definite, and its eigenvalues T _ _ E _ carry deep topological significance. In
particular, the algebraic connectivity _ reflects how tightly the graph is bound: larger values
of _ 1imply more robust connections between components and greater resistance to
fragmentation under node or edge removal (Cucuzzella et al., 2022; D’ Agostino & Scala, 2014;

Fiedler, 1973).

Further mathematical descriptors used in transport network topology include the graph diameter
0O & dgw Qohy , which quantifies the longest geodesic distance in the network and is

inversely related to overall accessibility (Li et al., 2015), and the average path length Q

——B  'Q6hy, which captures mean travel effort and scales with network sprawl

(Cencetti et al., 2021; Sole et al., 2008).

The clustering coefficient O of node "@neasures the density of closed triplets around it, defined
for unweighted graphs as:

_cQ (5)
N0 p

, where ‘Q is the number of links between the neighbors of “Qand "Q is the degree of "QHigh
clustering indicates local redundancy, which contributes to re-routing capabilities in localized
failures (Derrible & Kennedy, 2010; Newman, 2002).

To account for layered and multimodal systems, graphs can be extended to multilayer graphs
as:

0 (©)

, where "O @ RO  corresponds to a transport layer (e.g., metro, bus, tram). Interlayer links
connect nodes in different layers to represent transfer opportunities. Matrices such as the supra-
adjacency 0 and multilayer Laplacian 0 are constructed by combining intralayer and interlayer
connections (Battiston et al., 2014; Cencetti et al., 2021).

These foundational matrices and topological descriptors establish the computational
scaffolding for advanced analysis of resilience-related metrics such as centrality, flow
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degradation, temporal reachability, and failure propagation, which we explore in subsequent
sections.

3.2.1.4 Centrality-based Vulnerability Assessment

Centrality metrics are foundational tools in graph theory used to quantify the importance,
vulnerability, or control capacity of nodes and edges within a network. In the context of
transportation systems, these measures help identify critical junctions, corridors, and transfer
points whose failure would disproportionately disrupt network connectivity and functionality
(Akbarzadeh et al., 2019, 2021; Freeman, 1978; Jenelius & Mattsson, 2021). Centrality metrics
are not only topological indicators but also proxies for dynamic processes such as traffic
concentration, routing flexibility, and disruption propagation (Ganin et al., 2017; Gao et al.,
2023).

Starting from degree centrality, and despite being rather simplistic, it is a fundamental metric
in graph theory used to quantify the importance of a node based on its immediate connectivity
within a network. Formally, the degree centrality of a node U in an undirected graph is defined
as the number of edges incident to it, expressed as 0 U Q'QW. In directed graphs, it is
further disaggregated into in-degree and out-degree (as already described above), capturing
respectively the number of incoming and outgoing edges, thus enabling a distinction between
the roles of receiving and transmitting influence or flow (Freeman, 1978). Degree centrality
serves as a proxy for a node’s activity level or local influence, with higher values indicating
more direct interactions or potential access to resources and information.

In transportation networks, degree centrality can provide insights into the structural role of
junctions, stations, or transfer hubs. A high-degree node in a road or transit network may
correspond to a critical interchange or intersection that directly connects to many others, and
thus its removal or disruption could significantly affect local accessibility and flow continuity
(Cats & Jenelius, 2018; Derrible & Kennedy, 2010) However, its local nature may overlook
broader network dynamics, making it most effective when used in conjunction with other
centrality measures such as betweenness or closeness, especially in applications concerned with
network vulnerability, efficiency, and resilience.

Additionally, one of the most widely used measures in transport resilience is betweenness
centrality, which quantifies the extent to which a node lies on the shortest paths between other
nodes. For anode O N @ it is defined as:

6 U B h (7)

L0
h

where ,, g U is the number of shortest paths between nodes "“@nd "Qvhich include node U, and
» h 1s the total number of shortest paths between nodes "Cand "QONodes with high& 0 are

considered bottlenecks or potential single points of failure, especially in tree-like or sparsely
connected urban road networks (Cats & Jenelius, 2015; Gao et al., 2023; Newman, 2004).

Empirical studies applying betweenness centrality in rail and bus networks have demonstrated
that disruptions at high-centrality nodes cause exponentially larger passenger delays and
network fragmentation compared to low-centrality nodes (Derrible & Kennedy, 2010; Jenelius
& Mattsson, 2012).
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As an enhancement of the conventional betweenness centrality, edge betweenness centrality
has been introduced (Jenelius & Mattsson, 2021). Edge betweenness centrality can be defined
as the number of shortest paths which use a certain edge (, ; Q) of the graph divided by the

total number of shortest paths in the graph (,, j):

o) (8)

0 Q

Despite the importance of edge betweenness centrality, it still does not manage to fully reflect
the network-level centrality. Another fact for edge betweenness centrality is that the shortest
paths calculated in graph G do not reflect a real-life scenario, mainly due to the topological
nature of this metric; this could be overcome by adjusting G through weights in its edges but
then the solution of the graph would not be based on the shortest paths rather than in a solution
very close to a method of path assignment like Frank-Wolfe.

Furthermore, closeness centrality captures the reciprocal of the mean shortest path from a node
to all other nodes in the graph. At first it was introduced by Bavelas (1950) as:

0 n B QdqQ |, 9

where B 'Q "@Qis the summation of all shortest paths between node "® "Oand a random node
@ "O When speaking of closeness centrality, researchers usually refer to its normalized form
which represents the average length of the shortest paths instead of their sum. It is generally
given by the previous formula multiplied by 0  p, where U is the number of nodes in the
graph resulting in:

5 0 p (10)
n B Q@0

The normalization of closeness simplifies the comparison of nodes in graphs of different sizes.
For large graphs, the minus one in the normalization becomes inconsequential and it is often
dropped.

Closeness is a global metric that reflects accessibility; nodes with high closeness centrality are
well positioned to efficiently reach all other locations and are therefore ideal locations for
logistics depots, evacuation centers, or emergency services (Aydin et al., 2018; Freeman, 1978).
However, in disconnected graphs or those with temporal constraints, harmonic centrality or
reachability-adjusted variants may be preferred (Latora & Marchiori, 2001).

Departing from the traditional centrality measures (Freeman, 1978), Eigenvector Centrality and
PageRank Centrality need to be mentioned.

Eigenvector centrality generalizes the notion of influence by considering not only the number
but also the importance of a node's neighbors. It is computed as the principal eigenvector of the
adjacency matrix O. That is, for vector WN 1 , we solve:

0w _o (11)
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, where __ is the largest eigenvalue and @ represents the eigenvector centrality of node "‘QThis
measure assigns higher scores to nodes connected to other highly ranked nodes and is
particularly useful in networks with hierarchical or modular structures, such as airport
connectivity graphs or metro trunk-line systems (Bonacich, 1972; Mouronte-Lopez, 2021).
Spectral centrality variants like Katz centrality and subgraph centrality also build on
eigenvector formulations and are increasingly used in transport infrastructure risk assessments
(Katz, 1953; Estrada & Rodriguez-Velazquez, 2005).

Concerning PageRank, it was originally designed for ranking web pages but has been adapted
to transportation networks to capture the influence of nodes based on random walk probabilities
(Page & Brin, 1998; Page et al., 1999). It is defined recursively as:

0YO | B — p | - (12)

where| N Tip is the damping factor (typically set to 0.85),'Q is the out-degree of node 0,
and 0 U denotes the set of nodes linking to U. In transport systems, PageRank has been used
to identify stations that act as dominant attractors or dispersers of flow (Agryzkov et al., 2012;
M. Wang et al., 2017; Nanni et al., 2020).

It is worth to mention the research efforts of Brandes (2001) and Latora & Marchiori (2001),
which led to the introduction of Efficiency. Efficiency is not a centrality measure, but it makes
use of the same principles as centralities. Efficiency O of a graph "Ois defined as the average
across all node pairs of the reciprocals of the node pair distances and is given by:
o —B . —, (13)
h

where Qj, is the shortest path distance between nodes “@nd "@f graph "O Equation 13 associates
the extraction of an element of graph "Q either a node or an edge (despite the fact that this
approach is mostly node-oriented), with the performance of the network in terms of its shortest
paths. It is still a topological metric, but the extraction of an element of "Ocan lead in variations
of O. According to Jenelius and Mattsson (2021), the latter is important because it leads directly
to the quantification of vulnerability. Let us define ‘O as the efficiency of the graph/ network
with all its components and ‘O as the efficiency of the graph/network when a node of the graph
is removed. The vulnerability of "Ocan then be defined as the difference between O and O :

w O © (14)

3.2.1.5 Flow-based Metrics and Functional Resilience

While structural metrics assess the topological robustness of transportation networks, a
complete resilience analysis requires evaluating the system’s ability to sustain operational
performance under failure or stress. This is captured through flow-based models, which
simulate the movement of vehicles, passengers, or commodities through the network and
quantify the extent to which this movement is preserved or degraded under disruption
(Nagurney & Qiang, 2008; Ganin et al., 2017; Akbarzadeh et al., 2021).

These models consider edge capacities, routing flexibility, and network-wide throughput to
identify critical failure scenarios and compute resilience indices based on sustained
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functionality. The methodologies of interest here are: 1) Maximum Flow and Minimum Cut, 2)
Edge-Disjoint Paths and Rerouting Redundancy, and 3) Criticality Assessment.

Starting with the Maximum Flow and Minimum Theorem, let 'O &R0, where G is the set
of nodes and ‘Ois the set of directed edges, be a directed graph with capacity function GgO ©
A ¢ which assigns nonnegative capacities to edges. The maximum flow problem seeks the
maximum amount of flow that can be transmitted from a source node i ¥ wto a sink node ON
W, subject to the following capacity (Equation 15) and flow conservations (Equation 16)

constraints:
Qo ool A o v O (15)
AD AO a6 140 (16)
R omwu hown

The optimal flow value "Q is denoted as:

B oahn QiR (7

By the Max-Flow Min-Cut Theorem, the value of the maximum flow equals the capacity of the
minimum cut separating i and Q i.e., the smallest total capacity of edges whose removal would
disconnect the sink from the source (Ford & Fulkerson, 1956). For transport networks, this
formulation models evacuation capacity, detour feasibility, and road network throughput under
partial infrastructure loss (Ganin et al., 2017; Aydin et al., 2018).

Another important resilience-related graph-theoretic metric is the number of edge-disjoint paths
between two nodes i and 0. These paths do not share any edges and hence represent independent
routing alternatives. Let 0 i 0 be the number of such paths; a higher value indicates greater
resilience since multiple failures are required to isolate the origin-destination pair (Menger,
1927; Ahuja et al., 1993).

The computation of 0 i is related to the edge-connectivity _ i fd, which equals the
minimum number of edges whose removal disconnects i from 0. Efficient algorithms for
computing edge-disjoint paths include Edmonds-Karp and push-relabel methods (Ahuja et al.,
1993). These metrics have been applied in the design of fault-tolerant logistics corridors and
metro line redundancy planning (Derrible & Kennedy, 2010; Gao et al., 2023).

Criticality, in network systems, refers to the extent to which the removal or degradation of a
component (such as a node or edge) impacts the overall system performance. In the context of
transportation networks, this concept is essential for identifying infrastructure elements-such as
road segments, intersections, or transit hubs-whose failure would result in significant disruption
to flows or accessibility. Nagurney and Qiang (2007) introduced a formal criticality index based
on the concept of network efficiency, defined as the sum of inverse shortest path distances
weighted by demand across all origin-destination pairs. Their criticality measure evaluates the
drop in total network efficiency after the removal of a component, offering a quantitative basis
for prioritizing resilience investments.
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Mathematically, a User Equilibrium Assignment is calculated for the road network, and the
Unified Network Performance Measure is quantified as described in the following equation:

B — (18)

where Q is the demand for the U pair of the Origin-Destination matrix, _ is the generalized
cost (mostly the travel time) for the U pair of the Origin-Destination matrix, and € is the total
number of Origin-Destination pairs.

Then, each of the road network’s links are sequentially removed from the network and the User
Equilibrium Assignment and the Unified Network Performance Measure are recalculated for
the new state. The Network Component Importance which further examines the importance of
each of the links that have been removed from the network is calculated by:
a0 — h _ h , (19)
h

where - 'O "(Q is the value of the Unified Network Performance Measure after the removal
of a link. Criticality is a metric which is associated only with the links of the network, and it is

considered as a demand-related metric which reflects the impact that the removal of a link has
in the network in terms of its performance and its capability to serve demand.

This formulation accounts for both the topological role of the component and the distribution
of travel demand, providing a more comprehensive assessment than purely structural metrics
such as betweenness centrality or edge-connectivity. Criticality indices have been extended to
dynamic and congested conditions (Nagurney & Qiang, 2008), enabling the evaluation of time-
dependent vulnerabilities and cascading failures in urban transport systems. Their integration
into resilience analysis frameworks supports risk-informed planning and targeted fortification
of key transport corridors.

3.3 Methodological Rationale

Urban road networks are complex, adaptive systems that respond to disruptions in non-linear
and often unpredictable ways. The study of their resilience requires a methodological approach
that reflects this complexity-not only in terms of spatial structure and traffic behavior, but also
in the diverse types of disturbances they may face. This dissertation adopts a systems-oriented
view of resilience, emphasizing that resilience is not a static property of the network, but rather
an emergent process that unfolds across time and space.

From this perspective, resilience is analyzed as a dynamic behavior resulting from the interplay
between three fundamental components: network structure, traffic flow characteristics, and
disruption scenarios. The methodology must therefore be capable of integrating both
topological characteristics and performance data under a wide range of simulated conditions.

To capture these multifaceted relationships, this dissertation employs a multi-layered
framework (REACT), that balances analytical rigor with simulation flexibility. The rationale
behind this framework lies in the integration of:
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9 Topological and demand-oriented metrics, which allow for a structural understanding
of the network’s sensitivity to disruption;

1 Microscopic and macroscopic traffic simulations, which model system behavior under
baseline and disrupted conditions;

9 The overall network performance in a concise and comparative form using MFDs; and

1 Supervised learning models, which generalize insights from simulated disruptions and
predict resilience responses across unseen scenarios.

Such an approach ensures a comprehensive methodology that goes beyond isolated metric
analysis or single-scenario testing.

A key component of the rationale is the development of a component-level analysis strategy.
This strategy is rooted in Sequential Structural Element Elimination, a method that
systematically removes nodes, links, or corridors from the network to assess their impact on
system-wide performance. This allows for a refined diagnosis of structural vulnerability and a
deeper understanding of how redundancy and connectivity influence recovery potential.

This process is visually summarized in Figure 7, which illustrates the iterative nature of the
evaluation. The figure highlights the dual focus on both graph-theoretical and flow-based
metrics, which are used together to model network resilience under targeted structural loss.

Ultimately, the methodology is guided by two overarching goals:

1. To assess how different segments or components of the transport network influence
overall resilience in terms of both disruption impact and recovery capacity;

2. To translate simulation outputs into actionable insights for intervention, planning, and
traffic management strategies.

By grounding the methodological rationale in both theory and data, this chapter builds the
foundation for assessing the resilience of an urban road network.

3.4 The REACT Framework

At the core of this dissertation’s methodological strategy lies the development of the REACT
framework. The REACT framework presents a structured multi-layered approach, designed to
evaluate and enhance the resilience of urban road networks. The REACT framework was
conceived in response to the limitations observed in conventional resilience assessments, many
of which either overemphasize structural topology or fail to incorporate behavioral adaptation
and real-world data. The framework proposed here aims to close this gap by uniting simulation-
based modeling, macroscopic performance evaluation, and data-driven analysis within a single,
cohesive methodology.

The high-level architecture of the REACT framework is visually summarized in Figure 6. In
order to meet the challenging goals set, the REACT framework adopts a bi-level approach. The
REACT Framework is designed in a manner that can effectively and efficiently investigate the
resilience of any transport network, mainly due to the framework’s generic, no-case specific
design. The REACT framework can be characterized as a unified and coordinated research
framework, mainly due to its iterative nature, which allows for optimization in both of'its levels.
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Figure 6: High-level illustration of the REACT framework.

3.4.1 Strategic level

The strategic level is responsible for the initial scoping of the resilience analysis. Here, the
network is modeled as a graph-based and traffic-oriented system. Structural components such
as links, nodes, and corridors are analyzed based on topological properties (e.g., centrality,
connectivity) and demand-based characteristics (e.g., flow magnitude, Origin-Destination
importance). Based on this analysis, critical components are identified, and disruption scenarios
are designed around their elimination or functional degradation. This component prioritization
is essential for reducing the simulation space while focusing analytical effort on the elements
most likely to compromise system performance. Both single-point disruptions (e.g., blocked
intersections) and corridor-wide failures (e.g., partial road network inaccessibility) are
considered.

Focusing more on the implementation of the strategic level, a four-step methodological
approach is followed in order to understand the importance of each structural component of the
road network (links, nodes, and paths) in its resilience, based on both its topological features,
its participation in the distribution of traffic flow in the urban road network, and its functional
class (Figure 7).
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Figure 7: Methodological approach for the Strategic level.

In the first step of the proposed approach, the real road network under investigation is translated
to both a directed unweighted acyclic graph and a macroscopic transportation network. This is
done in order to be able to investigate both topological and demand-related resilience-related
metrics. In the second step, the approach includes the quantification of both topological and
demand-related resilience related metrics. The specific research focuses on degree centrality,
closeness centrality, betweenness centrality, efficiency, vulnerability, and criticality. Said
resilience related metrics are both topological and demand-related metrics, thus, they reflect
different aspects of resilience. This important step allows for examining the impacts of
disturbances (e.g., road closure) in the urban road network from the point of the topology and
from the aspect of the demand distribution in the network in the case of disturbances.

The third step includes the Sequential Structural Element Elimination. In this step, based on the
relevant literature, the following components of the urban road network are removed: links,
paths, and nodes.

Concerning the removal of links in the framework of the Sequential Structural Element
Elimination process, all the links of the urban road network are sequentially eliminated. This
approach has been selected in the present research, instead of removing only selected links from
the network, for two reasons: 1) the final outcome of the Sequential Link Elimination shall
permeate each and every part of a network, and not only selected links, and 2) in previous
research initiatives (as already discussed in Section 2) abstract macroscopic networks have been
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used thus the level of representation of each link is not necessarily a realistic link but a larger
part of the network like an Origin-Destination (OD) connection.

Additionally, as mentioned above, the Sequential Structural Element Elimination process is
applied in selected nodes and OD paths. For nodes, they have been selected based on their
topological features. More specifically, they have been selected based on the values of their
betweenness centrality. In Figure 8 the values of said centrality measures are illustrated in a
descending order. The nodes selected for further investigation in the framework of the
Sequential Structural Element Elimination process are the ones with the higher betweenness
centrality values, therefore those being in the leftmost of the turning point of the diagrams
illustrated in Figure 8.

0,14 |
0.12

0.1

Betweenness centrality

Nodes

Figure 8: Betweenness centrality for all nodes.

The selection of OD paths for the Sequential Structural Element Elimination process follows
the same spirit described above. The OD paths are selected based on the percentage of the
demand associated to the OD pair they correspond to. The number of trips served per OD pair
are illustrated in Figure 9, in a descending order. The selected OD pairs are the ones that appear
in the leftmost of the turning point of Figure 9. Those OD pairs serve a demand of more than
approximately 150 vehicles per hour. Here it is important to mention that more than one OD
paths may be associated with one OD pair, based on the User Equilibrium. In the Sequential
Structural Element Elimination process not all paths corresponding to one OD pair are removed
at ones. This is due to the limitations presented in the research of Nagurney and Qiang (2008),
where they state that if no connection between an OD pair exists, then the generalized cost is
infinite and therefore the associated metrics cannot be quantified properly.
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Figure 9: Hourly demand served per OD pair.

The fourth step entails the statistical analysis of the results of the Sequential Structural Element
Elimination process. Concerning the statistical analysis and modelling, the quantified resilience
metrics stored in the database are, in the final step, statistically analyzed using unsupervised
and supervised techniques.

The statistical analysis and modeling at first include the preliminary statistical analysis of the
resilience related metrics taken into consideration in the present research, as quantified through
the Sequential Structural Element Elimination process. Next, and to gain a deeper
understanding of efficiency, vulnerability, and the Network Component Importance index, a
clustering methodology is implemented. The above metrics are examined both independently
and jointly with the flow of each link to identify some possible relations among said metrics
and visualize possible spatial correlations.

For the clustering to be performed, we proceed by making use of the Hartigan-Wong k-means
clustering algorithm (Hartigan & Wong, 1979). The specific clustering algorithm is used instead
of Lloyd’s k-means (Lloyd, 1982) and the MacQueen’s k-means (MacQueen, 1967) clustering
algorithms, because they are heavily influenced by the choosing of initial centroids, which does
not appear in the Hartigan-Wong k-means clustering algorithm. Additionally, the Hartigan-
Wong k-means clustering algorithm is one of the most popular clustering methods, especially
when investigating multivariate data (Reza, 2015) and it is widely used due to its efficiency
when applied to large datasets.

Finally, we are making an attempt to define a new metric that incorporates the Network
Component Importance index and efficiency, and for fitting functions that best describe the
relationship of said new metric with certain attributes of the urban road network. Therefore, we
define the Link Importance indicator (0 JQ@s the ratio of the Network Component Importance
index and the efficiency index (Chalkiadakis et al., 2022):

aQ (20)

00 —
0O
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0 "May be affected by the topology of the network, due to the fact that criticality is incorporated
in its definition, as well as by the demand distribution in the urban road network, due to the
incorporation of the Network Component Importance index in its definition. We further develop
statistical models to describe the manner which 0 Wrelated to certain attributes of the network.
0 "@pears to be related to both topological and demand-related aspects of the network. 0 "®
related to the functional class of the links of the urban road network, as well as to the flow
served by each link of the urban road network during its operation under normal operational
conditions.

3.4.2  Operational Level

Once the strategic level analysis is executed, the methodology transitions into the operational
layer, which revolves around microscopic simulation experimentation. Microscopic
simulations provide high-resolution insights into vehicle-level dynamics, delays, and rerouting
behaviors, especially under CCAM environments. Simulation outputs are collected for both
baseline and disrupted scenarios, and candidate Traffic Management Strategies (TMS) are
tested to assess their potential in restoring the operational performance of the network.

Focusing more on the implementation methodology of the operational level, a novel 2-step
methodological framework is proposed, based on both extensive network level macroscopic
and microscopic simulations. The results are then statistically analyzed with the purpose of 1)
examine the possibility to assess the importance of a corridor or an intersection of the network
by taking into account only the characteristics of the links included in said structural elements,
2) investigate the possibility of quantifying the impact of eliminating entire corridors of the
network by considering only the number of links included in the eliminated structural elements,
as well as their importance, and 3) investigate the traffic and resilience-related factors that may
affect the performance drop of a road network, defined using MFDs, and identify the optimal
area of the network around a disturbance for applying a rerouting TMS to mitigate the impacts
of the disturbance. Figure 10 illustrates the methodological framework followed in the
operational level aspect present research.
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Figure 10: Methodological approach for the Operational level.

The methodological framework has 3 important aspects. At first, it is based on the main
principles of the simulation-based resilience assessment concepts, in the sense of quantifying
resilience through exhaustive traffic simulations. However, said traffic simulations refer to a
high density and high demand real life urban road network used in a microscopic traffic
simulation environment. In addition to that, the quantification of resilience itself is of
importance for the operational level and it is based on the results derived from the strategic
level of the REACT framework. Finally, in the final step of the operational level, the possibility
of using supervised Machine Learning (ML) techniques to quantify the performance drop that
occurred in an urban road network due to a disturbance is identified.

To this end, in order to further analyze the outcome of the Operational level of the present
Dissertation, explainable Artificial Intelligence (Al) techniques are used. To be more precise,
the Shapley Additive exPlanations (SHAP) are used.

In general, due to the increasing complexity of supervised learning models in transportation
research, particularly ensemble and deep learning methods, has raised significant concerns
regarding interpretability. Traditional feature importance metrics, such as Gini importance in
decision trees or permutation importance, often fail to provide consistent and locally faithful
explanations of model predictions. To address these limitations, SHAP have emerged as a
theoretically grounded interpretability framework that builds upon cooperative game theory.

Originally introduced by Shapley (1953), the concept of fairly distributing the gains of
cooperation among participants has been adapted to machine learning, where the “players” are
the input features and the “payout” corresponds to the model prediction (Lundberg & Lee,
2017).

Formally, consider a predictive model "@LY f° 'Y defined over a set of I} features @  Gphux
F8 oo 1y. The SHAP value for a feature “@s defined as the average marginal contribution of that
feature across all possible coalitions of the remaining features:
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where 0 plgiB /) denotes the set of all features, "YP O A "Qis a coalition excluding
feature "Qand "Q™ "Yrepresents the model output restricted to subset "Y

The weighting factor ensures that all possible feature orderings are considered, thus
guaranteeing fairness in attribution. This formulation is computationally expensive due to the
combinatorial number of subsets, but it satisfies several desirable axioms: efficiency, which
ensures that the sum of attributions equals the prediction; symmetry, which guarantees equal
allocation to equally contributing features; dummy, which assigns zero contribution to features
that do not affect the outcome; and additivity, which ensures consistency across different
models.

In the SHAP framework, the explanation model is additive and decomposes the prediction into
a baseline expectation plus the sum of feature contributions:

QO % B %, (22)

where % M "Qw is the expected prediction across the dataset, serving as the reference
baseline. The contributions %o quantify how each feature shifts the prediction away from this
baseline. This property of local accuracy is fundamental in transport applications, as it ensures
that the explanatory values precisely reconstruct the model output for any given observation,
providing reliability in high-stakes contexts such as traffic forecasting and resilience analysis.

Despite the theoretical elegance of Shapley values, their exact computation requires evaluating
N subsets of features, which is computationally infeasible for high-dimensional data. SHAP
addresses this challenge through approximation algorithms (Shapley, 1953). KerneISHAP, a
model-agnostic approach, employs a weighted linear regression framework to approximate
Shapley values using a manageable number of sampled coalitions (Lundberg & Lee, 2017).
Alternatively, TreeSHAP exploits the recursive structure of decision tree ensembles to compute
Shapley values in polynomial time, making it tractable for large-scale models widely used in
transportation research, such as gradient boosting decision trees (Lundberg et al., 2020).

The interpretability offered by SHAP manifests both at the local and global level. At the local
level, SHAP values provide explanations for individual predictions. For example, in traffic flow
estimation, one can identify how variables such as travel time on adjacent links or density levels
in neighboring regions contribute to a single model output. Local explanations are commonly
visualized using waterfall plots, where the prediction is decomposed into the baseline
expectation and successive contributions of each feature. At the global level, SHAP values are
aggregated across the dataset to assess overall feature importance. This is typically achieved by
computing the mean absolute SHAP value for each feature:

S - (23)
‘Oanelo'@séa)'Q %o @
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, where € is the number of observations. The results are often visualized in summary plots. The
SHAP beeswarm plot provides a comprehensive overview by ranking features according to
their global importance while simultaneously displaying the distribution and directionality of
their effects. Each point in the beeswarm corresponds to an observation, its horizontal position
representing the magnitude and sign of the SHAP value, and its color encoding the original
feature value. This allows researchers to capture not only which features are influential, but
also whether high or low values of these features are associated with increases or decreases in
the model prediction.
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4 INVESTIGATING THE IMPACT OF DISRUPTIONSIIN
URBAN ROAD NETWORKS

4.1 Introduction

EWEs are some of the most common disturbances; their importance is more obvious in the last
years, as the weather is becoming even more unpredictable worldwide (Radovi¢ & Iglesias,
2019). Their impacts are even more visible due to the ever-increasing frequency that such
disturbances occur. It is, therefore, evident that all systems which permeate the operation of
modern cities, including transportation networks, face the impacts of such disturbances
(Konstantinidou et al., 2014). EWEs lead to disruptions in the operation of transportation
networks. The three main elements/variables of the transportation systems which are affected
by EWE:s are: 1) transportation demand, ii) safety, and iii) traffic flow. For that reason, questions
about the operational performance of transportation networks during an EWE may arise
(Diakakis et al., 2016; Maze et al., 20006).

Floods are becoming a frequent phenomenon across the Mediterranean. Floods significantly
affect the overall performance of transportation systems (Baloch et al., 2015; Barredo, 2007,
2009; Eisenberg, 2004; Jonkman, 2005; Mitsakis, Stamos, Diakakis, et al., 2014; Norrman et
al., 2000; Pregnolato et al., 2017). The impact of floods in traffic is usually reflected on flow
and speed drops. The most common impacts are summarized in Table 7.

Table 7. Impact of floods in traffic flow and speed.

Research Impact on traffic low Impact on speec
(Brilon & Ponzlet, 1996) 8% V¥ -

(Maze et al., 2006) 22% V¥ 6% V

(Koetse & Rietveld, 2009) - 25%V

(Mitsakis, Stamos, Diakakis, et al., 2014) 5% V¥ 5.6% V¥

It is evident that EWEs in general, and floods in particular, have major impacts on the road
transportation networks. However, what needs to be further examined is the measures/strategies
that could be applied for the impacts of EWEs to be mitigated (Mitsakis, Papanikolaou, et al.,
2014). To this end, the present Section aims to assess the effect of selected TMS on the
operational performance of transportation networks under sever disruption from flooding
events.

The present Section investigates how urban road networks respond to major disturbances/
disruptions such as flooding events, and technological advancements such as CAVs. By
examining real-world case studies in Athens and Mandra, the chapter assesses both the
operational and structural impact of disruptions, while highlighting the criticality of integrating
resilience considerations in traffic management systems. Through a combination of empirical
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analysis and simulation-based evaluation, this chapter lays the foundation for the development
and validation of the REACT resilience framework presented in the subsequent chapters.

The goals of the present section are to:

9 Investigate how urban and peri-urban networks respond under conditions of extreme
stress;

1 Highlight the limitations of traditional indicators in assessing resilience; and

1 Demonstrate the magnitude, heterogeneity, and nonlinear nature of the effects of a
disruption.

4.2 Connected and Automated Vehicles and Extreme Weather Events

The literature signifies that the use of Connected and Automated Vehicles (CAVs) is expected
to have positive impact on the operational performance of transportation networks (M. Zhou et
al., 2016). In (Olia et al., 2018), the lane capacity is increased from 2,046 to 6,450
vehicles/hour/lane with the penetration rate of CAVs increased from 0% to 100%. According
to (Aria et al., 2016), the average density of a freeway is increased by 8.09% when CAVs are
investigated. In the same research, average travel speed is increased by 8.48% and average
travel time is decreased by 9.00%. In (van Arem et al., 2006b), it is mentioned that low CAVs
penetration rate is not expected to have major impact on the operational performance of
transportation networks. In (H. Liu et al., 2018), it is signified that in low penetration rates of
CAVs, the application of additional Traffic Management Strategies is needed for increasing the
operational performance of transportation networks.

Concerning the mitigation of the impacts of EWEs with CAVs, various research exists which,
however, deals with certain use cases and/or certain Cooperative Intelligent Transportation
Systems (C-ITS) services mostly developed in the framework of research projects. In (Eriksson
& Norrman, 2001), it is generally mentioned that ITS applications may assist in mitigating the
impacts of EWEs. In (Dey et al., 2015), a Road Weather Information system is investigated and
it is noted that this service could improve proactive maintenance programs and reduce adverse
effects of weather to the surface transportation system. In (Petty & Mahoney, 2007), it is
mentioned the possibility to make use of CAVs, and especially the V2X messages to collect
data about the conditions during an event and then pick the Traffic Management Strategies
which are expected to mitigate the impacts of the EWEs.

Despite the fact that CAVs are a major research trend and that EWEs are tending to become the
norm, there is no rich previous research in terms of investigating the possibility of using CAVs
towards mitigating the impacts of EWEs. However, it is agreed that CAVs can significantly
contribute towards increasing the operational performance of networks by increasing traffic
density, increasing speed, and reducing the travel times. It is therefore of interest to further
investigate the possibility of using CAVs, paired with another TMS, towards further
investigating their impact on the operational performance of the network in the case of a
flooding event.
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4.3 Resilience Analysis of Road Networks Under Stress

4.3.1

Methodological approach

The methodological approach adopted in this chapter is grounded in a systems-based
perspective on urban transport resilience and combines simulation, geospatial vulnerability
mapping, and comparative performance analysis. The objective is to quantify and interpret the

impact of disruptions -both environmental (e.g., flooding) and infrastructural (e.g., corridor
blockages)- on the operational capacity of the network under realistic traffic conditions.

The proposed method unfolds in four key stages:

1.

Disruption Event Definition: Each case study begins with the specification of a
disruption scenario. This can be a real event (e.g., the November 2017 flood in Mandra)
or a hypothetical failure (e.g., synthetic blockage of strategic corridors in Athens). The
spatial extent, severity, and duration of the disruption are either derived from historical
records or scenario-based simulation inputs.

Microscopic Traffic Simulation: The baseline and disrupted states are simulated
using a microscopic model that replicates vehicle-level dynamics across the network.
Parameters include vehicle flows, speeds, turning ratios, and signal timings, calibrated
to reflect real-world observations. This step enables detailed spatiotemporal tracking
of congestion patterns, queue formation, and network saturation under stress
conditions.

Spatial Vulnerability Analysis: GIS-based methods are employed to overlay
disruption zones with the road topology and assess the exposure of critical nodes and
links. Vulnerability is evaluated using a combination of structural indicators (e.g.,
centrality, redundancy) and exposure indicators (e.g., proximity to flood zones or
blocked segments). This helps to identify “hot spots” where infrastructure fragility
coincides with operational importance.

Network Performance Evaluation: The final stage involves extracting and comparing
key performance indicators (KPIs) from the simulation outputs, including average
travel time, total delay, vehicle throughput, and lost accessibility. Comparative analysis
is performed between the baseline and disrupted scenarios, allowing quantification of
performance degradation. The impact is further disaggregated by spatial region and
vehicle class where applicable.

This methodological workflow is visualized in Figure 11, providing a step-by-step
representation of the analysis pipeline. The approach is designed to be modular and adaptable
across different urban contexts and disruption types.
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Figure 11: Methodological approach for analyzing resilience of networks under stress.

4.3.2  Implementation

In the framework of the present research, two simulated experiments are proposed: 1) The
Mandra, Greece flooding event of November 15th, 2017, and 2) the Athens, Greece flooding
event of October 14th, 2021.

4.3.3  The case of Mandra, Greece

The study area of Mandra is located in the Thriassion plain, at the western part of the Attica
region. This area is characterized with a high concentration of streams, as well as by moderate
relief around the western foothills and steeper slopes in the higher elevation parts of Mt. Pateras.
Concerning the transportation network, said area is mostly covered by residential streets. The
urban transportation network of Mandra is bidirectional with one lane per direction, in most of
the cases. Traffic consists of private vehicles, due to the low level of service offered by public
transport in this certain area.

The catastrophic flash flood of 2017 in Mandra was triggered by an extremely intense storm
that occurred between November 14th and 15th, 2017. The rainfall in this area started at 23:00
on November 14th, 2017 and ended on November 15th, 2017 at 12:00. However, the heavy
rainfall, which caused the majority of the disruptions in the transportation network of Mandra,
occurred between 00:30 to 07:30 on November 15th, 2017. The event had a wide range of
impacts, including geomorphic changes, impacts on vegetation, severe damages on buildings
and infrastructure, and profound, diverse effects on transportation. Seven fatal accidents were
recorded during the event, indicating that the safety of the transportation network was
compromised.

In Figure 12, the extent of the flood in the area of the western Attica Region, and especially in
the area of Mandra is illustrated.
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Figure 12: The extent of the flooding event in Mandra, Greece.

Due to the lack of significant traffic information for the area of Mandra, an indirect method of
determining the number of vehicles passing through a link was followed. The road type of the
links of the network as extracted from OpenStreetMaps has been used in order for the capacity
of the links to be determined (Zilske et al., 2015). Also, information concerning the travel times
in all links of the network have been extracted by creating a script which extracts such
information from the Google Maps API. Another source of information was the research
conducted by (Diakakis et al., 2020) for the area of Mandra, which defines that in the main
urban transportation network of Mandra, 1200 vehicles per hour per lane are moved, whereas
in the rest of Mandra’s network this number equals to 500 vehicles per hour per lane.

Based on the above, the number of vehicles in the network of Mandra, during peak hour is 3200
vehicles/trips. It is worth noting that this number of vehicles/trips is not close to the one
proposed in the research of Diakakis et al. (2020). This is mainly based on the source of
information used; in (Diakakis et al., 2020), Floating Car Data (FCD) from a fleet is used
therefore the number proposed in this research is not indicative of the transportation network
of Mandra.

4.3.4  The case of Athens, Greece

The urban road network used for the experiments of the present research is the inner-ring urban
road network of Athens, Greece (Athens testbed). The flooding event that took place in Athens,
Greece on October 14th, 2021 was triggered due to the heavy rainfall. The disruptions caused
on the urban transportation network of Athens, Greece occurred between 14:00 to 17:00. The
main impacts caused by this disturbance was the closure, which led to heavy congestion in
certain parts of the urban transportation network of Athens.

In terms of data used for calibrating the Athens testbed model and executing the simulated
experiments, data from the detectors’ network of Athens have been collected both for a typical
working day and for the day of the event, for the relevant hours that the heavy rainfall and the
flooding event took place. By making use of the data from the typical day, the microscopic
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model of Athens testbed in the Aimsun Next simulator (Aimsun, n.d.) has been calibrated. The
calibration results are in the acceptable limits since the GEH<5 metric is valid for 86% of the
detectors. Also, by comparing the speeds’ data between the typical day and the day that the
disturbance occurred, information concerning the parts of the Athens urban transportation
network that have been affected by the disturbance was also retrieved.

In Figure 13, the detectors’ network in the urban transportation network of Athens is illustrated.
Additionally, in Figure 14, the sections identified as the ones which were affected by the heavy
rainfall and the flooding event are presented.
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Figure 14: The sections of the urban transportation network of Athens that were affected by the
disturbance.
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4.4 Impact of the flooding events

4.4.1 The case of Mandra, Greece

We formulate three (3) scenarios to investigate the impacts of traffic management measures to
the resilience of the road network of Mandra. The scenarios are as follows:

1. Scenario 1: Simulates the impact of the flood with no application of any TMS.

2. Scenario 2: Simulates the impact of the flood with application of a re-routing strategy.

3. Scenario 3: Simulates the impact of the flood with application of a re-routing strategy
and with the existence of communication among the vehicles themselves (V2V
communications).

By making use of the Simulation of Urban Mobility (SUMO) microscopic traffic simulator
(Lopez et al., 2018), the aforementioned scenarios have been implemented. In Table 8 the
results for each scenario are presented. The values included in the table are the mean values for
the length of the performed trips, the mean speeds of the vehicles, the mean duration of the
trips, the vehicle kilometers travelled, the number of vehicles that have been inserted in the
simulation, the number of vehicles that remained in the simulation because they did not reach
their final destination, and the number of served vehicles (entered in the simulation and reached
their final destination).

V2V communication in Scenario 3 is accomplished through the implementation of the
Cooperative Adaptive Cruise Control (CACC) car-following model (Milanes et al., 2014;
Milanés & Shladover, 2014; Xiao et al., 2017, 2018). The goal of the CACC controller is
maintaining the driver desired time gap to the preceding vehicle in any traffic circumstance,
with both smoothness and accuracy (Milanes et al., 2014). By implementing the CACC car-
following model, vehicles can follow their predecessors with higher accuracy, faster response
to changes, and shorter time gaps.

In Scenario 2 and Scenario 3, rerouting is achieved by assigning rerouting devices in all the
vehicles and importing rerouters in all the links of the flooded areas. Rerouters then inform all
equipped vehicles about the need to change their route, in order for them to reach their final
destination.

In the present case study, due to the fact that the SUMO microscopic traffic simulator (Lopez
et al., 2018) is used, rerouting is achieved by automatically computing the fastest route, in terms
of current (smoothed) travel times in the network, using the Dijkstra algorithm (Dijkstra, 1959)
and starting at the edge the vehicle is located at and ending at the new destination. The
additional constraint used in this case is for the closed edges (edges in which the rerouting is
performed) should be avoided be the vehicles.

We attempt to compare the results with the Business-as-Usual (BAU) scenario, where we
consider the operation of the road network under typical conditions (no flood, no traffic
management). In all the examined scenarios, the time period of 05:00 - 09:00 of November
15th, 2017 is taken into consideration. This is because the flooding event was in full action
during this time interval (Diakakis et al., 2020).
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Table 8. Impact of the Mandra flooding in the operational performance of the network.

Metric BAU Scenario 1 Scenario 2 Scenario 3
Route length (m) 982.17 2890.76 2434.26 2045.55
Speed (km/h) 37.91 8.93 24.62 33.08

Duration of trip (s) 138.59  8637.62 2266.34 978.32
Vehicle mileage 9484.82 7406.13 17431.74  17970.16

Vehicles inserted 9657 2562 7161 8785
Vehicles remained 280 2055 2854 1389
Served vehicles 9377 507 4307 7396

The impact of the flood in the urban transportation network of Mandra is evident, as presented
in Table 8. In comparison to the base BAU scenario, the do-nothing scenario (Scenario 1) - in
which just the flooding event is simulated - signifies the performance drop of the network.
There is an increase in the mean route length and a decrease in the mean speed of vehicles by
about 76%, while at the same time the average travel time of vehicles on the network has
increased rapidly. Also, the reduction of the total vehicle mileage during the simulation is
evident. This is because the vehicles entered in the simulation and are not served are vehicles
that cannot reach their destination, as a result of which they are constantly moving in the
network. Finally, there is a noticeable decrease in the number of vehicles served. In Scenario 1,
a significantly lower number of vehicles managed to be inserted in the simulation, while at the
end of the simulation the largest percentage of vehicles that had entered the network remained
in the simulation. This results in a reduction of the served vehicles by approximately 95%. This
fact was expected considering the area affected by the flood (Figure 12).

In the other two scenarios (Scenarios 2 and 3), where TMS are applied, there is an improvement
of all metrics, compared to Scenario 1. More specifically, in Scenarios 2 and 3 there is a
decrease in the average travel length by 16% and 29% respectively, as well as an increase in
the average speed by 176% and 270% respectively. At the same time, the average duration of
the trips is reduced by 74% and 89% respectively, which means that the vehicles reach their
destination and do not simply remain in the network during the simulation. This fact is further
supported by the number of vehicles entered the simulation, the number of vehicles that
remained in the network after the end of the simulation and the number of vehicles served.
Regarding the vehicles that entered the simulation, there is an increase of 180% and 243% in
Scenarios 2 and 3 respectively, while in terms of the vehicles that remained in the simulation
after the end of its duration Scenario 2 shows an increase of 39%, while Scenario 3 a decrease
by 32% compared to Scenario 1. The increase in the number of vehicles left in the network after
the end of the simulation is because in Scenario 2 more vehicles entered in the simulation.
Finally, regarding the number of served vehicles, there is an increase of 750% and 1359% in
Scenarios 2 and 3, respectively. The only metric that may not seem to have improved is the total
vehicle mileage. There is an increase of 135% in Scenario 2 and 143% in Scenario 3, compared
to Scenario 1. However, this result is reasonable if one considers that in these scenarios a
rerouting strategy was applied. In Table 9, all percentage changes of Scenarios 2 and 3
compared to Scenario 1 are summarized.
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Table 9. Impact of floods in traffic flow and speed.

Metric Scenario 2 Scenario 3
Route length (m) 16% V¥ 29% V
Speed (km/h) 176% A 270% A

Duration of trip (s) 74% V¥ 89% V
Vehicle mileage 135% A 143% A
Vehicles inserted  180% A 243% A
Vehicles remained 39% A 32%
Served vehicles 750% A 1359% A

It is of interest to compare Scenarios 2 and 3 among each other. Both scenarios, as mentioned
above, improve network performance compared to Scenario 1. However, Scenario 3 lead to a
better performance when compared to Scenario 2. The difference between said scenarios is due
to the existence of V2V communications among the vehicles moving on the urban road network
of Mandra in Scenario 3. The implementation of V2V communications, as mentioned above, is
achieved through the implementation of the CACC car following model. CACC leads to the
optimal adjustment of the speed of each vehicle in relation to the vehicle in front. This
adjustment is made every 0.1 seconds and allows for the vehicles to move at higher speeds with
smaller gaps between them. This enables the network to serve more vehicles. The combination
of CACC with the re-routing strategy, therefore, allows for a larger number of vehicles to be
served, with higher mean speed and a shorter mean duration of trips. The only metric that does
not appear to be improved in Scenario 3, compared to Scenario 2, is the total vehicle mileage.
This difference is subject to the operation of the rerouting strategy.

4.4.2  The case of Athens, Greece

Overall, the same mixture of scenarios is examined in the case of Athens, Greece. However, a
sensitivity analysis is also implemented for a thorough investigation of the usefulness of C-ITS
towards mitigating the impacts of EWESs to be implemented. In the case of Athens, Greece 132
simulation experiments have been conducted. The scenarios include the Business-as-Usual
scenario, the do-nothing scenario, and the scenarios with the implementation of CAVs and the
application of the rerouting strategy. Concerning the latter, for an increase of 10% of rerouting
strategy penetration rate per step, the CAVs penetration rate from 0% to 100% with a step of
10%.

By using the Aimsun Next microsimulator (Aimsun, n.d.), the scenarios for the case of Athens,
Greece are further investigated. For each scenario the following KPIs, which are closely related
to the operational performance of urban transportation networks, are quantified: traffic flow
(veh/h), traffic density (veh/km), delay (sec/km), speed (km/h), and travel time (sec/km). In all
of the examined scenarios, the period of 14:00 - 17:00 of October 14th, 2021 is taken into
consideration. This is because the heavy rainfall and the flooding event were in full action
during this time interval.

As in the case of Mandra, CAVs are simulated by making use of the CACC car-following model
in the Aimsun Next microscopic simulator. Rerouting is achieved by placing a rerouting device
at the beginning of each of the sections that are affected by the heavy rainfall. In this case study,
rerouting is achieved through a Stochastic Route Choice process. Said process uses a least-cost
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path tree to determine the optimal route for each vehicle, but with a stochastic element. Vehicles
are assigned to available routes with a probability based on the experienced travel time on those
routes during the previous cycles.

In the following figures (Figure 15 and Figure 16) the mean delay and mean travel time for the
BAU scenario, the do-nothing scenario and all the discrete rerouting scenarios for 0%
penetration rate of CAVs are illustrated accordingly.
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Figure 15: Mean delay (sec/km) for 0% penetration rate of CAVs for the Athens road network.
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Figure 16: Mean travel time (sec/km) for 0% penetration rate of CAVs for the Athens road
network.

The impact of the heavy rainfall and the flooding events in the urban transportation network of
Athens is evident. Compared to the BAU scenario, the mean delay has been increased by
approximately 13% and the mean travel time has been increased by approximately 18% in the
do-nothing scenario. For mean travel time (Figure 16) time reduction is observed at 20%
rerouting strategy penetration rate presents (11.4% reduced mean travel time compared to the
do-nothing scenario) The fact that for higher penetration rates the performance drops is
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occurred due to the fact that in high rerouting penetration rates the neighboring sections to the
section that the strategy is applied are congested.

With regards to CAVs, the increasing penetration rates of CAVs leads to reduced mean travel
times and increased traffic flow in the case where no rerouting strategy is implemented. For
80%-100% CAVs penetration rates, the mean travel time is decreased by approximately 9.2%,
compared to the case where no CAVs are simulated, whereas for 10% CAVs penetration rate
the decrease in the mean travel time is 2.6%. For traffic flow, the 100% penetration rate of
CAVs leads to an increase in the mean traffic flow by approximately 17.6% compared to 0%
CAVs penetration rate. All the aforementioned are illustrated in Figure 17 and Figure 18.
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Figure 17: Mean travel times (sec/km) for various penetration rates of CAVs with no rerouting
strategy implementation for the Athens road network.
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Figure 18: Mean traffic flow (veh/h) for various penetration rates of CAVs with no rerouting
strategy implementation for the Athens road network.
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Figure 19 below illustrates the impact that each CAVs penetration rate has in the mean travel
time, per the rerouting strategy penetration rate. The lowest values of mean travel time are
present on relatively low rerouting strategy penetration rates (20%-40% rerouting strategy
penetration rates) and for high penetration rates of CAVs. For higher or lower rerouting strategy
penetration rates, there are no significant changes in the mean travel time. This is due to the
fact that the rerouting strategy causes high congestion in the sections close to the sections
affected by the disturbance. Also, the higher penetration rates of CAVs are in favor of lower
mean travel times because the vehicles make better use of the transport infrastructure, due to
the reduced headway needed.

Mean travel time {sec/km)
:

0% 10% 0% 30% 40% 50% 60% 70% B0% 90% 100%

Rerouting strategy penetration rates

Figure 19: Mean travel time (sec/km) for all CAVs penetration rates, per rerouting strategy
penetration rates for the Athens road network.

4.5 Discussion

In the present section, an attempt to assess the impact of CCAM enabled TMS towards
mitigating the impacts of disturbances in urban transportation networks is made. The case of
floods in the wider Athens metropolitan area is further investigated, as floods are one of the
most common disturbances affecting the operation of transportation systems. For the impacts
that such disturbances may have in transportation networks to be further examined, the
operational performance of urban transportation networks is investigated through a set of
performance-related metrics. In this research, the case studies concerning the floods on Mandra,
Greece of 2017 and of Athens, Greece of 2021 has been examined. Except of simulating the
disturbance itself, two TMS have been introduced which inform the enable the drivers to change
their route due to the event and examine the impact that V2V communications may have in the
operation of transportation networks during flooding events.

The results show, at a first glance, the severity of the flooding event itself. However, the
implementation of said Traffic Management Strategies seems promising, mostly when these
strategies coexist. What can be deemed as important is that the scenario which simulates only
V2V communications seems the most promising. The examination of the do-nothing scenarios,
when compared to the Business-as-Usual scenario, proves the impact of each event on the
performance of the urban transportation networks they took place. Additionally, the application
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of various scenarios with the implementation of Traffic Management Strategies shows that they
can improve its performance. It is worth noting that, in the present research, the performance
of the network will never be able to reach its performance without the effect of the flood. This
is because of the extension of the network that is affected by the flood. Yet another fact that
contributes to this conclusion is that the effect of the event extended to the morning rush hour,
at which time the demand on the network increased compared to other hours.

Finally, it is evident that the application of only conventional traffic management methods
(rerouting) cannot improve the performance of the network at a desired level. The application
of new technologies such as V2V communications can assist towards improving the
performance of the network under disturbances, as it allows the exchange of information among
the vehicles themselves about the traffic conditions of the network. This results that vehicles
are constantly adapting their speed and their route and, thus, move optimally in the urban road
network.

Such a typical resilience analysis, as the one described in this Section, proves the degradation
of the operational performance of urban and peri-urban transport networks in disaster situations,
proves that the loss of viable/functional routes in the network (especially in the case of Mandra,
Greece) is an important factor of performance degradation, and validates the importance of
TMS in addressing the effects of disturbances. What such a typical resilience analysis does not
provide is: (i) any data concerning the significance of multiple structural elements of each
network in their overall performance, (ii) does not give the ability to progress with introducing
a generic resilience metric, (iii) possibility to compare two networks in terms of their resilience,
and (iv) the possibility to implement any ML model to predict the performance degradation of
a network due to any disturbance.
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5 GENERIC URBAN ROAD NETWORK RESILIENCE
METRIC

5.1 Introduction

In the present Section, the implementation of the methodological approach of the strategic level
of the REACT framework is further discussed. The main research questions that are addressed
in the present section, through extensive simulation and unsupervised statistical analysis, are
the following:

. Can topological and demand-related resilience metrics be combined to produce a
generic resilience metric?, and

. What are the factors that may affect a generic resilience metric which jointly considers
both topological and demand-related metrics?

For further investigating said research questions, the methodological approach is implemented
and evaluated in the Athens testbed. The remainder of the Section includes the results that
occurred from the application of the Methodological Framework in the Athens testbed, and the
existence or absence of any correlation among topological and demand-related resilience
related metrics is investigated. At first, preliminary statistical analysis of the results is provided.
Then, an attempt to investigate the interrelation between efficiency, vulnerability, and criticality
is presented based on the clustering of the network by making use of the k-means clustering
algorithm. Afterwards, the use of a general linear model for finding a function which best fits
in with the results of the experiments is further described and analyzed. Finally, the main
findings of this research are presented and discussed, as well as some future research initiatives
are established.

5.2 Implementation and Results

5.2.1 Urban road network

The urban road network used for the experiments of the present research is the Athens testbed.
Athens is the capital and largest city of Greece. The area of the Athens metropolitan area is
2,928.717 square kilometers and the population is 3,753,783 inhabitants. The municipality of
Athens covers an area of approximately thirty nine (39) square kilometers and has a population
of 664,046 inhabitants. The urban road network of the municipality of Athens contains links
with both low functional class (e.g., residential roads) and high functional class (e.g., tertiary
roads, arterials, and freeways). The network consists of 1293 nodes/ intersections and 2572
edges/ links. Demand-wise, approximately 83000 vehicles are inserted in the network during
morning peak hour.

The above network is used both as a directed unweighted acyclic graph and as a macroscopic
transportation network. The directed graph of the network is designed and used in the
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NetworkX graph-oriented programming package (Hagberg et al., 2008) and the macroscopic
transportation network is used in Aimsun Next traffic simulator (Aimsun, n.d.). Figure 20 below
illustrates the inner-ring urban road network of the city of Athens used in the present research
extracted from the Aimsun Next traffic simulator (Aimsun, n.d.) in a Geographical Information
System software. The network has been designed by hand in the Aimsun Next traffic simulator
(Aimsun, n.d.) using Google Maps images as a background map.

A —— Athens inner-ring urban
transportation network

] Athens ring

Figure 20: Athens inner-ring urban road network — Athens Testbed.

5.2.2  Resilience metrics quantification

All resilience metrics (centralities, efficiency, criticality) are quantified based on Equations 2 -
14 and Equations 18 - 19. The quantification of said metrics is executed in two discrete phases,
as illustrated in Figure 7. At first centralities, efficiency, and criticality are quantified by
considering the normal undisturbed operation of the network. Concerning the quantification of
centralities, efficiency, and vulnerability graph "Ois used. The mathematical formulations of
Equations 2 - 14 are implemented. For the quantification of criticality under the normal
undisturbed operation of the network the Unified Network Performance Measure (Equation 19)
is calculated. The Unified Network Performance Measure - "G is calculated by considering
the User Equilibrium Assignment for the normal undisturbed operation of the network.

Afterwards, the Sequential Structural Element Elimination process is initiated. In this process,
structural components of the Athens testbed are sequentially removed from both graph "Oand
the Aimsun macroscopic model of the network. After the removal of each component, the
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associated metrics are quantified, as described in Equations 2 - 14 and Equations 18 - 19, and
stored in a database.

Figure 21 illustrates the efficiency metric for the removal of each of the links of graph "O Value
'O is directly associated with the link removed from the graph per iteration. In the same spirit,
Figure 22 illustrates the vulnerability of the graph after the removal of each link. As previously
mentioned, the value of vulnerability w is directly associated with the link removed from the
graph in each iteration of the iterative approach used.

The assumption previously made, that the values of vulnerability will be low due to the removal
of only one link per iteration, is obvious from Figure 22 and Table 10. The values of efficiency
per iteration ‘O are close to the value of O (value of the efficiency metric without the removal
of any structural element of graph "Q and the values of both efficiency and vulnerability are
low scattered (Table 10). It is of interest to note that, in some cases, vulnerability takes negative
values, therefore the Braess paradox (Braess, 1968; Braess et al., 2005) appears in these cases
and it denotes that the removal of links from the graph/ network may improve its operational
performance. The existence of the Braess paradox can be met in the literature (Sullivan et al.,
2010).

A Efficiency

— 0,06747362 - 0,06790105
0,06790105 - 0,06790997
0,06790997 - 0,06791536
0,06791536 - 0,06791624
0,06791624 - 0,06791625

Figure 21: Efficiency after the removal of each link from graph G.
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Figure 22: Vulnerability after the removal of each link from graph G.

Table 10. Preliminary statistical analysis for efficiency and vulnerability.

Statistical metrics Efficiency Vulnerability
Mean 0.06790 0.00001
Standard Error 0.00000 0.00000
Median 0.06791 0.00000
Standard Deviation 0.00003 0.00003
Sample Variance 0.00000 0.00000
Kurtosis 41.05449  41.05960
Skewness -4.53810  4.53839
Minimum 0.06747 0.00000
Maximum 0.06792 0.00044

Confidence Level (95.0 %) 0.00000 0.00000

In terms of criticality, Figure 23 illustrates the Network Component Importance index & "Q of
each link of the network. Table 11 then illustrates the scattering of the values of & "Q. As in the
case of vulnerability, one can note that the removal of certain links improves the operational

performance of the network (Braess paradox). Concerning the values of the Network
Component Importance Index (Table 11) it is observed that the values presented are more

scattered compared to the values of both the efficiency metric O and vulnerability .
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A Network Component Importance
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Figure 23: Network Component Importance index for the Athens inner-ring urban road
network.

Table 11. Preliminary statistical analysis for criticality.

Statistical metrics Network Component Importance
Mean 0.01600

Standard Error 0.00050

Median 0.00839

Standard Deviation 0.02336

Sample Variance 0.00055

Kurtosis 8.49439

Skewness 2.72759

Minimum -0.03987

Maximum 0.21563

Confidence Level (95.0 %) 0.00097

5.2.3  Resilience metrics clustering

Here, an attempt to examine whether the clustering of the Athens inner-ring urban road network
according to the values of the metrics previously presented has been made. The clustering is
based on the Hartigan-Wong k-means algorithm (Hartigan & Wong, 1979). Based on the Elbow
method (Thorndike, 1953), the optimum number of clusters used in the methodology is equal
to two (2). The results of the application of the clustering methodology are illustrated in Figure
24.
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Figure 24: Clustering of the network based on efficiency (a), vulnerability (b), and Network
Component Importance index (c).
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It is evident from Figure 24 that no actual and significant clusters occur when discrete metrics
are used in the k-means clustering methodology. In an attempt for a clustering of importance to
be exported from the k-means clustering methodology, efficiency and Network Component
Importance index are used as input to the k-means clustering algorithm. The results illustrated
in Figure 25a are very similar to the clustering that occurs when only the flow of each link of
the urban road network, as occurred from the User Equilibrium Assignment for the normal
undisturbed operation of the urban road network, is fed to the clustering algorithm (Figure 25b).
This result may provide an insight on how these metrics correlate and how their combination
can lead to the extraction of significant results in terms of traffic management and operational
research.

a
) A Clusters for various metrics

1
g

Clusters for flow of each link

Figure 25: Clustering of the network based on efficiency and the Network Component
Importance index (a) and flow of each link (b).
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5.2.4  Modeling Link Importance (LI) for Sequential Link Elimination

The findings of the clustering suggest that efficiency and the Network Component Importance
index should be jointly examined with the flow of each link of the urban road network, as
occurred from the User Equilibrium Assignment for its normal undisturbed operation. For that
reason, Link Importance (0 JQ3s introduced. As defined in Equation 20, 0 "® the ratio of the
Network Component Importance index and the efficiency index.

As derived from Table 10 and Table 11, efficiency is a low scattered metric, and the Network
Component Importance index is both more scattered and with higher values. Therefore, as the
magnitude of 0 "Bicreases, the importance of the removed link/element of the graph is higher
and, thus, the network is less resilient. Figure 26 depicts the scatter plot of 0 "@ith the flow of
each link. Figure 27 shows the same relationship but per functional class of the network, namely
trunk, primary, and residential roads.

35

2.5

e
wn

Link Importance (LI)
=

0.5

0 “so0 C 0 1w00. - 1500 2000 - 2500 3000 3500 4000

-0.5

Flow (veh/h)

Figure 26: 4 kersus link traffic volume (veh/h) of each link.
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Figure 27: 4 kersus link traffic volume (veh/h) of each link per its functional class.
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For links that are categorized as trunk, no further clustering is needed for the examination of
the relation between 0 "@hd flow. However, this is not the case with primary and residential
links. For each of these functional classes, two (2) clusters appear. Said clusters are determined
based on the values of LI and flow. Considering 0 ;@he clustering occurs for 0 "©1 and for 0 "O
> 1.0 "© 1 is of importance because it means that the Path Assignment algorithm gives the
same result as a simple shortest path algorithm, thus the demand of the network is very low.
However, this is not happening in urban road networks. Concerning flow, the clustering occurs
for flow < 1000 and flow > 1000. Flow = 1000 is important because for values of flow greater
than 1000 congestion starts to appear in the links of the network.

The functions that best express the relation of O "@ersus flow, per the functional class of the
links of the network, are illustrated in Figure 28.
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Figure 28: Functions that permeate 4 kersus link traffic volume (veh/h) of each link per its
functional class.

Five (5) functions are provided for the functional classes of the links of Athens inner-ring urban
road network. Said functions are presented in Equations 24 - 28. A statistical analysis of these
functions is presented in Table 12.

0O p MuvoymdInTEoQd € (p P W P w (24)
50 , "Qa € 0 (25)
00 ¢ THYYEB P TETOT

00 0 p8 muyYmBIMTEX QA E WY T (26)
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Table 12. Goodness of fit of Equations 24 - 28.

Statistical Equation Equation Equation Equation Equation

metrics 21 22 23 24 25

Residual df 93 782 40 819 56

Scale parameter  0.0827 0.0261 0.1130 0.0065 0.01437

Deviance 7.6895 20.4195 4.5188 5.3048 0.8049

Pearson 7.6895 20.4195 4.5188 5.3048 0.8049

(1/df) Deviance  0.08268 0.0261 0.1130 0.0065 0.0144

(1/df) Pearson 0.0827 0.0261 0.1130 0.0065 0.0144

AIC 0.3660 -0.8049 0.7037 -2.1979 -1.3706

Log likelihood  -15.3832 317.5354 -12.7774 906.3552 41.7472

BIC -415.8210 -5191.1480  -144.9880 -5491.6110  -226.5799

As mentioned above, each of the equations corresponds to one of the clusters defined through
Figure 26, Figure 27, and Figure 28. Equation 24 corresponds to trunk links with 0 "® 1. No
restrictions concerning flow exist for links that are characterized as trunks. Equations 25 and
26 refer to links that are characterized as primary. Equation 25 refers to 0 "®© 1 with no flow
limitations, and Equation 26 refers to 0 "© 1 and flow < 1000. The last two (2) equations
(Equations 27 and 28) refer to residential links. To be more specific, Equation 27 corresponds
to 0 "©1 and Equation 28 to 0 "®1 and flow < 1000.

5.2.5 Modeling Link Importance for Sequential Structural Element Elimination

As a next step in the application of the methodological framework, the same type of analysis
has been implemented for investigating the relation between O “@nd flow after a Sequential
Structural Element Elimination process. To this end, OD paths and nodes are removed from the
network. Concerning OD paths, the twenty (20) OD paths with the higher demand, according
to the OD table, are removed. Following the same approach, the twenty (20) nodes with the
highest closeness centrality and the twenty (20) nodes with the highest betweenness centrality
are also removed.

For the sequential elimination of paths, the results prove that a relation between 0 “&hd flow
exists. It is worth mentioning that no categorization has been made, as is the case for the relation
of 0 "@hd flow in the Sequential Link Elimination process. In Figure 29 the scatter points, as
well as the function that permeates the relation between 0 "&hd flow in the case of sequential
elimination of paths is illustrated.
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Figure 29: Function that permeates 4 kersus link traffic volume (veh/h) of each path.

The function that describes the relation between 0 “@nd flow in this case is presented in
Equation 29.

00 T TX®ZPT 2 Qaé€ 0 vZpTm z2 QueL (29)

Concerning the sequential elimination of nodes, the top twenty (20) nodes with regards to their
betweenness centrality are removed from the network. The removal of the nodes differentiates
from the removal of both links and paths in the sense that if a node itself is removed, there is
no structural integrity in the graph. Therefore, and for this fragmentation to be tackled, the
nodes are removed by removing all the links originated from and concluded to the node of
interest. Concerning the nodes with high betweenness centrality, a relation between 0 “&xd flow
appears. Interestingly it appears that, opposingly to the case of OD paths, the removal of nodes
with high betweenness centrality does not always lead to a performance drop in the network.
Therefore, two clusters appear: for 0 "®0 and for 0 "©0. The scatter points and the functions
for each cluster 0 'O pand 0 O () are illustrated in Figure 30.
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Figure 30: Functions that permeate 4 kersus link traffic volume (veh/h) for nodes with high
betweenness centrality.

The function that describes the relation between O “@d flow, in this case, are presented in
Equations 30 and 31. Equation 30 is applied when 0 "©0 and Equation 31 when 0 "©0.

00 p & YTME2pTM zZ Qué0 MIMTEYQH E O (30)

00 ¢ oHTMYapzZp 1M z2 QA& O T8 T TEWSQH € U 31)

Concerning the cases where 0 "©0, this interesting result originates in the fact that despite the
high betweenness centrality of these nodes, the Path Assignment algorithm diverges traffic in
the area around these nodes. This fact combined with the nature of the Athens testbed network
(urban road network) and the medium Volume Capacity ratio in the network may justify the
negative 0 '@h Figure 31 below the Assigned Volume for a certain node with high betweenness
centrality and 0 "©0 is illustrated. Additionally, this paradox is present in the literature like in
the research of Martin et al. (2021). The general principle behind this paradox is that
homogeneous dense networks (like the urban road network of a city), which allow for the
existence of various alternative paths in the case of eliminating an element of the network,
exhibit this behavior, as opposed to sparse road networks which are, in general, less resilient.
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Figure 31: Assigned Volume under normal conditions (left) and after node removal (right).

In the case of the sequential elimination of nodes and especially concerning the twenty (20)
nodes with the highest closeness centrality, no significant relation among 0 "&hd flow has been
identified. It is worth noting, however, that in all cases 0 "@ negative. This is due to the
identification of many alternative paths from the Path Assignment algorithm used (Martin et
al., 2021).

5.2.6  Structural Element Importance Estimation

In this step of the statistical analysis, the possibility to estimate the importance of a structural
element of the network by considering only the number of links included in it is further
investigated. For said investigation, the data extracted in the previous step of the
methodological approach is used. In total, data for the elimination of 151 paths and 20 nodes is
further analyzed.

5.2.6.1 Corridor Importance Estimation

For the Corridor Importance Estimation, the data from the 151 paths analyzed in the previous
step of the methodological approach of the present research are used. At first, let us define 0 'O
as the 0 "@dex of a corridor, 0 'O as the median values of the 0 "@dices of all the links
that form each corridor, and O as the number of links contained in each corridor. In Figure 32
below, the 0 "@dex of the corridors is illustrated with the median of the 0 "@dices of the links
contained in them.
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After a thorough examination of the data illustrated in Figure 32, the following mathematical
formulation may derive (Equation 32).

00 M x%0 O Mgl ™ T W (32)

The mathematical formulation of Equation 32 represents a multiple linear regression model
which contains one (1) dependent and two (2) independent variables. Concerning the goodness
of fit of Equation 32, the R-squared value is equal to 0.879, in terms of heteroscedasticity the
null hypothesis of the Goldfeld Quandt test is rejected so heteroscedasticity is not present, the
residuals are randomly scattered around zero for the entire range of fitted values, the residual
degrees of freedom value is equal to 95, standard deviation is equal to 0.539, the Pearson
correlation test value is equal to 0.872, the AIC value is equal to -0.317, and the RSS value is
equal to 5.305.

Equation 32 manages to correlate the 0 "@dex of a corridor with the median of the 0 "@dices
of all the links included in the corridor and the number of said links. If a corridor consists of
links with high Link Importance indices or a high number of links, then its elimination from a
network will lead to high performance loss in the network level. An illustration of Equation 32
is depicted in Figure 33 below.
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Equation 32 manages to connect the importance of a corridor with the individual importance of
the links contained in it, as well as with their number. This is an important finding; its
importance lies in the fact that by knowing the flows of the individual links in a corridor (e.g.,
by having data from loop detectors), the importance of the whole corridor that contains certain
links can be quantified.

5.2.6.2 Intersection Importance Estimation

For the Intersection Importance Estimation, the data from the twenty (20) nodes with high
betweenness centrality analyzed in the previous step of the methodological approach of the
present research are used. We define 0 "O as the 0 "@dex of an intersection, 0 'O as the
median values of the 0 "@dices of all the links that form each corridor, and U as the number of
links contained in each intersection. In Figure 34 below, the 0 "@dex of the corridors is
illustrated with the median of the 0 "@dices of the links contained in them.
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After a thorough examination of the data illustrated in Figure 34, the following mathematical
formulation may derive (Equation 33).

00 p& wyO O ™ TV0 p& p X (33)

The function presented in Equation 33, as in Equation 32, represents a multiple linear regression
model which contains one (1) dependent and two (2) independent variables, thus it represents
a surface. Concerning the goodness of fit of Equation 33, the R squared value is equal to 0.639,
in terms of heteroscedasticity the null hypothesis of the Goldfeld Quandt test is rejected so
heteroscedasticity is not present, the residuals are randomly scattered around zero for the entire
range of fitted values, the residual degrees of freedom value is equal to 23, standard deviation
is equal to 0.377, the Pearson correlation test value is equal to 0.799, the AIC value is equal to
15.143, and the RSS value is equal to 2.003.

Equation 33 sufficiently correlates the 0 Tdex of an intersection with the median values of the
0 Tadices of all the links included in the intersection and the number of said links. As described
above in the case of corridors, if links with high 0 "@dices or a high number of links originate
to or end at the intersection of interest, then its elimination from a network will lead to high
performance loss in the network level. An illustration of Equation 33 is depicted in Figure 35.
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Figure 35: d i!= Jersus d d=-- - and 4,

Equation 33 manages to connect the importance of an intersection with the individual
importance of the links originating from or ending at it, as well as with their number. As already
mentioned above in the case of corridors, this is an important finding, as it allows for
quantifying the importance of an intersection by considering the flows of the individual links
in said intersection (e.g., by having data from loop detectors). The combination of said findings
is also important, as it paves the way towards quantifying the importance of a whole area of the
network. This can be done by considering the area as a set of links which form among
themselves corridors and intersections.

5.3 Concluding remarks

The application of the methodology for the Strategic level of the REACT framework aimed to
investigate the relationship between efficiency, vulnerability, and criticality for a real-life urban
road network. For this purpose, a series of experiments were planned and executed in the Athens
testbed. On both the macroscopic transportation network and the directed graph experiments
were executed where, per each iteration, one link was removed from the network and then the
metrics were calculated.

The analysis of results showed that efficiency and vulnerability values are significantly lower
compared to criticality (especially when considering vulnerability). It is important that the
Braess Paradox was present during the preliminary analysis. Then, a clustering methodology
based on the k-means clustering algorithm revealed that the relation between efficiency,
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vulnerability, and criticality may hinder some more complex dynamics which may be
approached by incorporating some transportation-related variables like flow or capacity in the
process of investigating the relation between efficiency, vulnerability, and criticality.
Furthermore, the joint analysis of criticality and efficiency point to a polynomial relationship
between the ratio of the Network Component Importance index and efficiency index (0 jDand
traffic flow of each link of the network, as well as of both OD paths and nodes in the network.

The findings of the present research are considered as important because they allow for
quantifying the performance drop in case of a disturbance by having knowledge either of the
flow of vehicles that cross an edge, or of the number of vehicles in a node or a path. This would
be useful in cases where a road network is widely covered and monitored by data collection
devices like loop detectors. By having extended knowledge of the flow of vehicles per link then
the 0 TAdicator for the links of the network could be quantified. Another important contribution
of the present research is that it provides a first step towards identifying a universal resilience
metric. The incorporation of various resilience related metrics under one metric which will
reflect resilience of a network under multiple points of view is critical and is expected to allow
relevant stakeholders for better operational planning towards mitigating the impacts of
disturbances in urban road networks. However, a possible drawback is that the methodological
framework and the mathematical formulations have been designed by having in mind only the
topology and the demand characteristics of the Athens testbed.

Future research could therefore focus on the application of the methodological approach and
the findings of the present research in other urban road networks. This is an important aspect
because the current methodological framework, as well as the mathematical formulations
derived from it, refer to the Athens testbed. Two (2) types of additional urban road networks
should be considered: 1) urban road networks with similar topological and demand pattern
characteristics, and 2) urban road networks with different topological and demand pattern
characteristics. In the first case, a benchmarking of the methodological framework, as well as
an examination of the predictive capabilities of the mathematical formulations presented in the
current research could be achieved. In the second case, the use of urban road networks with
different topological and demand pattern characteristics will allow for a benchmarking of the
methodological framework, as well as for the further calibration of the mathematical
formulations with new data.

Future research could also focus on the development of an optimization framework which will
make use of the mathematical formulations presented in the present research and will be able
to identify the links of the network which should be recovered first, in order for the performance
drop of an area under disruption to be minimized. Said optimization framework should also be
able to propose Traffic Management Strategies for achieving this. The Traffic Management
Strategies which would be proposed by the optimization framework will have the form of traffic
control strategies and are expected to decrease the recovery time (increase recoverability) of
the urban road network under any disturbance. Considering that the present Section aims at
introducing a new metric which incorporates both topological and demand-related metrics, a
stakeholders’ analysis shall also be implemented. Such an analysis will indicate the
acceptability and usefulness of the methodology followed in the present research and the newly
defined metric by traffic management authorities and stakeholders. Finally, it would be
interesting to examine other resilience related metrics and further develop the proposed
functions in order for a universal resilience metric, which will incorporate various resilience
related metrics in its definition and mathematical expression, to be able to be proposed.
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6 GENERIC NETWORK RESILIENCE AND
MACROSCOPIC FUNDAMENTAL DIAGRAMS

The present section aims to present and discuss the results of applying the methodological
approach associated with the Operational level of the REACT framework (Figure 10). The three
(3) main research questions that are addressed in the present section, through extensive
simulations and statistical modelling, are the following:

1. Can MFDs capture the performance drop occurred in an urban road network, due to a
disturbance that leads to road closures?

2. Can arerouting TMS assist in mitigating the impact of road closures in the operational
performance of urban road networks?

3. What is the optimal radius for implementing a rerouting TMS, when road closures
occur, for mitigating the performance drop in an urban road network?

To effectively address the above questions, it is essential to first frame the conceptual problem
this research seeks to tackle. Urban transportation networks are inherently complex systems,
subject to dynamic fluctuations in demand and frequent exposure to disturbances such as road
closures. Traditional traffic management approaches have largely focused on maintaining
efficiency under average conditions, often neglecting how networks degrade and recover in
response to disruptions. This creates a critical gap in our understanding of operational resilience
- that is, the ability of a network not only to withstand an adverse event but also to restore its
performance in a timely and efficient manner. Existing tools such as MFDs, although well-
established for representing aggregate traffic states, are underutilized when it comes to tracking
time-dependent resilience phenomena. Most applications rely on static representations,
overlooking the potential of MFDs to quantify the degradation and recovery trajectories that
define resilient or vulnerable system behavior. Additionally, TMS including rerouting policies,
are rarely examined in terms of their spatial effectiveness and operational limits during such
disturbances. The present chapter responds to this conceptual shortfall by developing a
simulation-based framework that bridges this gap, enabling the systematic evaluation of how
different TMS implementations influence network-wide performance loss and recovery, as
captured through MFDs and learning-based modeling techniques.

6.1 Implementation

In the framework of the research presented in this Chapter, a total of 243 microscopic
simulations have been conducted in the Athens Testbed. All simulations have been executed for
10 seeds and the average of all seeds per scenario is retrieved. For said simulations, the time
step for collecting and analyzing results is 1 minute. First the baseline scenario is simulated.
The results are stored and the MFD is plotted. The MFD follows the approach used in the
relevant literature. Therefore, trip completion rate (vehicles per minute — veh/min) versus lane
density (vehicles per lane per kilometer — veh/lane/km) is plotted. In Figure 36 the MFD for the
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baseline scenario is illustrated, as well as the cumulative number of served vehicles per
simulation timestep.
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Figure 36: Baseline scenario MFD (left), Cumulative served vehicles per simulated time (right).

Next, a set of simulations is executed that refer to road closures in the Athens Testbed. In the
present research, corridors of importance are selected. For the selected corridors upstream,
downstream, and total closures are investigated. Additionally, simulated experiments which
take into consideration disturbances that affect more than one selected corridor are investigated
as well. After each simulation, the trip completion rate versus lane density and served vehicles
per simulation timestep figures are illustrated. In these cases, the figures generated illustrate the
event conditions versus the baseline scenario.

To further enhance the present research and based on the relevant literature which highlights
the importance of TMS towards mitigating the impact of events (Chalkiadakis, Kanavou, and
Vlahogianni 2023), the impact of applying TMS in the cases of the road closures under
investigation is further examined. At first, the impact of a road closure is investigated by
executing a simulated experiment with only the road closure and no TMS application.
Afterwards, a set of radii spanning from 50 to 500 meters, with a step of 50 meters, is utilized.
For each of the road closures, and for a certain radius, in all the links of the network that fall in
the radius and for all vehicles crossing the selected links, a rerouting TMS is applied. It is worth
noting that in the case of radius equal to 0, no rerouting TMS is applied.

The rerouting strategy followed is the standard rerouting implemented in the SUMO
microscopic traffic simulator. Vehicles which would normally use one of the closed links will
be assigned deterministically a new route as soon as they reach one of the closed links. The
routing algorithm implemented in SUMO sets dynamically, based on the traffic flow conditions
of the network at the given time, the new route of each vehicle with the additional constraint
that closed links must be avoided. This is achieved by making use of Dijkstra’s path finding
mechanism (Dijkstra, 1959).

In Figure 37 the corridors and intersections of importance, which are iteratively closed in the
present research, as well as some indicative rerouting TMS application radii (50, 250, and 500
meters) are illustrated.
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Figure 37: Corridors of importance (up) and intersections of importance (down) with indicative
rerouting TMS implementation radii.

6.1.1 Resilience-oriented ML to quantify performance drop

An attempt to quantify the performance drop due to disturbances that affect either corridors or
intersections in the Athens testbed, considering resilience-based metrics and characteristics of
either the corridors or the intersections, is made in the present research. To this end, the
following supervised ML techniques were examined: 1) Linear Regression, 2) Ridge
Regression, 3) Lasso Regression, 4) Elastic Net, 5) Random Forest, 6) Gradient Boosting
Decision Trees (GBDT), and 7) Deep Learning (Multilayer Perceptron - MLP). Said ML
techniques are some of the most widely used in relevant literature. Additionally, those models
seem able to perform well under the number of observations of the present research, and they
can manipulate a high number of features for the given observations. MLP differentiates from
the above, as it is highly effective for larger datasets. It is investigated, however, since it can
capture intricate patterns and dependencies that simpler models might miss.

The datasets used in both cases consist of data retrieved from the simulated scenarios, the LI
values corresponding to each case, and other variables related to the topology of the affected
elements of the urban road network. The dataset is split with an 80:20 ratio for train and test
sets respectively, with Stratified Sampling (stratification) being ensured. Stratification is a
sampling technique in which the population is subdivided into groups based on specific
characteristics relevant to the problem before sampling. The samples are drawn from this group
with ample sizes proportional to the size of the subgroup in the population and combined to
form the final sample. The purpose is to ensure that all subgroups are represented proportionally
in the final sample. Stratification is particularly useful when there are known variations within
the population that could significantly impact the model results. Additionally, for each of the
techniques, an initial set of hyperparameters is used. However, by using Grid and Randomized
Search, hyperparameter tuning is achieved. Finally, the best model is selected considering the
goodness-of-fit (R-squared value) and the Minimum Absolute Percentage Error (MAPE).
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6.2 Results

6.2.1 Corridor closures

6.2.1.1 Impact of the corridor closures in the performance of the Athens Testbed

Initially, the performance drop occurred by the corridor closures, and the various radii in which
the rerouting TMS is applied, is presented. In Figure 38 selected plots illustrating the difference
in the MFD and the cumulative served vehicles per time between each respective simulated
scenario and the baseline scenario are presented. The radii selected for illustration purposes are
0 (no rerouting TMS application), 50, 250, and 500 meters.
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Figure 38: Difference between the baseline scenario and other simulated experiments in the MFD
(left) and the cumulative served vehicles per time (right) for corridor closures.

6.2.1.2  Optimal rerouting TMS radius application

In the present subsection, the outcome derived from analyzing the results of the simulated
experiments after implementing a rerouting strategy in certain radius for all investigated road
closures is presented. First, the results concerning only upstream or downstream road closures
are discussed. In Figure 39, the average differences per radius in the cumulative number of
served vehicles versus the time of the simulation are illustrated. It is worth noting that only the
case with no rerouting TMS application, the case with the highest performance drop, and the
case with the best performance gain are illustrated (radii of 0, 400 and 300 meters respectively).
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Figure 39: Average Cumulative Served Vehicles per radius of applying the rerouting TMS in the
case of upstream or downstream corridors closure.

The same type of analysis has been executed in the case of road closures that might affect either
a corridor at its whole (both upstream and downstream) or multiple corridors at the same time.

In Figure 40, the average differences per radius in the cumulative number of served vehicles
versus the time of the simulation are illustrated. As before, only the cases with no rerouting
TMS application, with the highest performance drop, and with the best performance gain are
illustrated (radii of 0, 500 and 450 meters respectively). Additionally, the plot is zoomed for
better illustrating the existing differences.
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Figure 40: Average Cumulative Served Vehicles per radius of applying the rerouting TMS in the
case of multiple corridors closure.
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6.2.1.3  Resilience based urban road network performance estimation
In the present subsection, the effort of developing a supervised ML model towards estimating
the performance drop occurred by corridor closures in the Athens Testbed is presented. As
mentioned above, various techniques are used and hyperparameter tuning is achieved in the

initial set of parameters. In Table 13 the hyperparameters used per technique are presented and

described.

Table 13. Hyperparameters used per supervised ML technique for corridor closures.

Methodology Hyperparameter Initial set of values Description
Linear N/A
Regression
Ridge alpha Five values Regularization strength;
Regression logarithmically spaced larger values specify
between 0.01 and 100  stronger regularization
max_iter 15000 Maximum number of
iterations
Lasso alpha Five values Regularization strength;
Regression logarithmically spaced larger values specify
between 0.01 and 100  stronger regularization
max_iter 15000 Maximum number of
iterations
Elastic Net alpha Five values Regularization strength;
logarithmically spaced larger values specify
between 0.01 and 100  stronger regularization
11_ratio Values from 0.1t0 0.9 The L1 and L2 penalties
mixing parameter
Random n_estimators Values from 1 to 10 The number of trees in the
Forest forest
max_depth Depth from 1 through  The maximum depth of the
10, plus 20 tree
min_samples_split Values from 10to 20  The minimum number of
samples required to split an
internal node
min_samples leaf  Values from 4 to 10 The minimum number of
samples required to be at a
leaf node
max_features Square root of The number of features to
features, logz of consider when looking for
features, or all the best split
features (None value)
GBDT n_estimators Values from 1 to 20 The number of boosting

stages to be run

learning_rate

Values from 0.1 to 0.2

with a 0.01 step

Shrinks the contribution of
each tree by learning rate to
prevent overfitting
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Methodology Hyperparameter

Initial set of values

Description

max_depth

Depth from 1 through
10, plus 20

The maximum depth of the
individual regression
estimators

min_samples_split

Values from 2 to 10

The minimum number of
samples required to split an
internal node

min_samples_leaf

Values from 1 to 4

The minimum number of
samples required to be at a
leaf node

subsample

Values from 0.6 to 1

The fraction of samples used
for fitting the individual
base learners

XGBOOST  n_estimators Values from 1 to 20 Sets the number of boosting
rounds (i.e., the total trees in
the ensemble)

learning_rate Values from 0.01 to Shrinks the contribution of
0.1 each tree by learning rate to
prevent overfitting

MLP hidden_layer sizes (64, 32, 16), (128, 64, Specifies the number and

32), (100, 50, 25)

size of hidden layers in the
neural network

activation relu, tanh Specifies the activation
function used in the hidden
layers

alpha Values from 0.001 to  Regularization term (L2

0.01 with a step of
0.0001

penalty) that helps prevent
overfitting by penalizing
large weights; higher alpha
values increase the penalty
for large weights, promoting
simpler models

learning_rate

constant, adaptive

Determines the strategy for
updating the learning rate
during training

learning_rate init

0.0001 or 0.001

Specifies the initial learning
rate used by the optimizer;
lower values can lead to
slower but more stable
convergence

max_iter

100000

The maximum number of
epochs the training will run

The choice of the aforementioned supervised ML techniques was guided by their demonstrated
ability to model nonlinear, high-dimensional relationships common in transport resilience

contexts. These models are particularly effective in situations involving complex feature

interactions and do not require strict distributional assumptions - a key advantage when dealing
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with heterogeneous traffic and network performance data. Furthermore, their robustness to
overfitting and capacity for variable importance analysis (e.g., via the SHAP summary plot or
permutation importance) aligns with the research objective of identifying key resilience drivers.
Prior studies have validated their use in transportation applications ranging from traffic flow
prediction (Chalkiadakis & Vlahogianni, 2025b) to transport resilience (Cottreau et al., 2025).

The developed model predicts the cumulative served vehicles area between the baseline
scenario and the scenario with a road closure, hence the performance drop occurred in the
network. The developed model takes as training input the performance drop () ‘Q - either
nQ orf Q ), the radius for implementing the rerouting TMS, 0 "Omean hourly flow,
and other metrics related to the topology of the closed corridors used in the simulated
experiments. The variables used in the dataset are abstractly presented in Table 14.

Table 14. Variables used as input of the supervised ML models for corridor closures.

Variable name Description Type of variable
Dependent variable
nQ The area formed between the cumulative served Numeric

vehicles plots of the baseline scenario and each of
the simulated experiments

Independent variables

radius The radius in which the rerouting TMS is applied Numeric
(for radius = 0, no rerouting TMS is applied)

li_corridor 0 "Qalue Numeric
mean_flow The average hourly traffic flow that crosses the Numeric
corridors under investigation in the baseline
scenario
consecutive If the removed corridors are consecutive or not in Categorical

the urban road network (in the case of single
corridor removal, it is set as 2)

bidi If the closure concerns bidirectional corridors or not Categorical
(in the case of single corridor removal, it is set as 2)

Additionally, we performed a preliminary check for multicollinearity. While multicollinearity
is often discussed in the context of traditional regression models, it is equally relevant in ML.
Many ML algorithms, such as linear regression, logistic regression, and support vector
machines, can be adversely affected by multicollinearity. However, some algorithms like Tree-
Based Models, Lasso Regression, and Ridge Regression are more robust to multicollinearity.
Since multiple models are to be developed and evaluated, multicollinearity is investigated
through the correlation matrix and a Variance Inflation Factor (VIF) analysis. Such a discussion
is of importance since some predictors may appear redundant due to multicollinearity.

The correlation matrix for the independent variables is illustrated in Figure 41. The correlation
matrix revealed no strong linear relationships (i.e., |[r|>0.85) between any feature pairs. The
most notable moderate associations include the categorical variables stating if the closed
corridors are bidirectional or not, and if the removed corridors are consecutive or not. This
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result is expected, since those two aspects were considered independently; there was no case
were both bidirectional and consecutive roads were considered as closed in our research.
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Figure 41: Correlation matrix of all independent variables used as input in the training of the
supervised ML models for corridor closures.

Additionally, VIF provides a measure of multicollinearity among the independent variables in
a multiple regression model. The VIF values common threshold is 5; a VIF value greater than
5 is often considered indicative of multicollinearity. In our dataset the highest VIF values are
just over 3.2; this confirms the absence of multicollinearity, suggesting that each feature
contributes unique and non-redundant information to the model. Therefore, all features were
retained in the final model to preserve interpretability and predictive capacity. The VIF values
are presented in Table 15. It should be noted that a constant is presented in the VIF values; such
a constant is not included in the training of the supervised ML models, but this is the standard
practice in regression diagnostics.

Table 15. VIF values for all independent variables used as input in the training of the supervised
ML models in the case of corridor closures.

Feature Initial set of values
Constant 38.33
radius 1.00
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Feature Initial set of values
mean_flow  1.08
00 1.34
bidi 3.10

consecutive  3.22

After ensuring that multicollinearity is absent for the independent variables of the dataset, we
proceeded with developing the supervised ML model. All models were trained and evaluated
using an 80/20 train-test split, where 80% of the dataset was used for model training and 20%
was reserved for testing. To ensure the robustness of the results and avoid overfitting, a 5-fold
cross-validation scheme was implemented on the training set. Within each fold, hyperparameter
tuning was performed using both Grid Search and Random Search techniques, allowing for
comprehensive exploration of the hyperparameter space. Final model performance was
assessed exclusively on the unseen test set, and the metrics used to reflect true out-of-sample
predictive accuracy are the R-squared value and the Mean Absolut Percentage Error (MAPE)
metrics. This approach ensures that the models not only capture the relationships present in the
training data but also generalize effectively to previously unseen network conditions, thereby
supporting their use in resilience prediction and intervention planning,.

After examining each of the developed models and evaluating their goodness-of-fit, with the
application of Grid and Randomized Search, the finally selected model is a Random Forest
model with Grid Search for hyperparameter tuning. The tuned hyperparameters and the
evaluation metrics (R-squared value and MAPE) for all developed best-performing supervised
ML models are presented in Table 16.

Table 16. R-squared and MAPE values for both Grid and Randomized Search tuned
hyperparameters for all developed supervised ML models in the case of corridor closures.

Model Hyperparameter Tuned value R-squared MAPE
Linear Regression N/A 0.59 20.18%
. . alpha 10 o
Ridge Regression max_iter 15000 0.59 20.18%

. alpha 1 o
Lasso Regression max_iter 15000 0.59 20.18%
: alpha 0.01 o
Elastic Net 11 ratio 0.9 0.59 20.20%
n_estimators 10
max_depth 6
Random Forest min_samples_split 10 0.83 13.18%
min samples leaf 4
max_features None
n_estimators 20
learning rate 0.2
GBDT max depth 3 0.81 13.88%
min_samples_split 10
min_samples_leaf 2
subsample 1.0
n_estimators 20
XGBoost . 0.81 14.74%
learning_rate 0.1
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Model Hyperparameter Tuned value R-squared MAPE
hidden layer sizes (64, 32, 16)
activation relu

MLP alpha 0.0001 0.57 21.86%
learning_rate constant
learning_rate init 0.0001
max_iter 100000

The final Random Forest model proves that 0 "Owith knowledge of the number of closed
corridors, mean hourly traffic flow of the corridors in the baseline scenario, the radius in which
the TMS is to be applied, and other characteristics of the closed corridors, manages to capture
the dynamics of the road closures both in terms of demand and topology related impacts. This
fact is evident from 0 "@efinition. Additionally, this finding is of importance since all O “@lated
metrics occurred after performing macroscopic simulations. That means that the definition of
0 "@eparts from the difference among macroscopic and microscopic simulations and has the
capability to express the impact of a disturbance in the network in both levels of simulation
detail.

Concerning the goodness-of-fit of the selected model, the R-squared value is equal to 0.83 and
MAPE is equal to 13.18%. Those values are considered good. Firstly, the R-squared value
indicates good fitness on the outcome of the dependent variable. Then, MAPE is equal to
13.18%; any value between 10-20% shows good forecast results (Lewis, 1982).

Examining feature importance, at first the SHAP values were employed to interpret the
predictions of the supervised learning models and identify the contribution of each input feature
to the output. SHAP is grounded in cooperative game theory and builds upon the concept of
Shapley values (Shapley, 1953), offering a rigorous method to fairly distribute the model
prediction among input features. Unlike traditional feature importance techniques such as Gini
importance or permutation-based ranking, SHAP provides local explanations - i.e., it attributes
importance to each feature for each individual prediction - while also guaranteeing global
consistency and additivity (Lundberg & Lee, 2017). This dual interpretability is essential in
resilience studies, where practitioners must understand both system-wide and context-specific
drivers of vulnerability and recovery dynamics.

In this research, SHAP was used to quantify the influence of structural and demand-related
variables on model predictions of resilience degradation under a wide range of disruption
scenarios. This analysis enabled the identification of key resilience drivers that most
significantly impacted the learned response of the model, allowing for targeted development of
TMS. SHAP’s ability to account for nonlinear feature interactions and multicollinearity -
common in transportation data - made it particularly suitable for the study’s supervised models,
especially the tree-based ensemble methods such as GBDT and Random Forests. Its seamless
integration with these models facilitated accurate and interpretable modeling of the generalized
resilience index.

SHAP values represent the marginal contribution of each feature to a specific prediction,
computed by averaging over all possible coalitions of features. For each observation, a SHAP
value answers the question: “how much does this feature increase or decrease the prediction
compared to the average prediction across the dataset?”” A positive SHAP value indicates that
the feature contributes to higher predicted resilience loss (i.e., higher vulnerability or impact),
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while a negative value indicates a mitigating or stabilizing influence. These individualized
attributions are essential when assessing edge-level or node-level resilience within a transport
network.

Several SHAP-based illustrations were employed in this dissertation to visualize both global
and local model behavior. SHAP summary plots rank the features by their mean absolute SHAP
values and reveal the direction and magnitude of each feature's impact across all samples.
Dependence plots illustrate nonlinear relationships between individual features and their
corresponding SHAP values, capturing threshold effects and interactions (e.g., the non-
monotonic role of flow on resilience degradation). Where appropriate, force plots were used to
decompose individual predictions and attribute them to feature contributions. These
visualizations enhance transparency, support explainable model outputs, and provide valuable
insights for decision-makers aiming to prioritize resilience-improving interventions. Figure 42
below presents the SHAP values of the features. The color scale indicates the feature’s value
and the x axis the SHAP value related to each predictor.

High

bidi *o . % e e
li_corridor il*.! w) = 8 E
2
mean_flow 23 gy lﬁ* v
=
, ©
radius *—- @

consecutive F

Low

_50000 —25000 O 25000 50000 75000 100000
SHAP value (impact on model output)

Figure 42: SHAP values of all variables included in the final Random Forest model (corridor
closures).

The results illustrated in Figure 42 are interesting. The bidirectionality of the closed corridors
appears to be the most influential feature for predicting performance drop. Especially if a
bidirectional corridor is closed, the performance drop is significantly affected. Afterwards, 0 "O
is the second most influential feature. The statistical significance and SHAP-based relevance
of 0 "Gn the subsequent analysis thus provide indirect validation of the consistency between
macroscopic resilience constructs and microscopic performance outcomes. Nonetheless, the 0 O
formulation assumes quasi-equilibrium flow and omits driver-level stochasticity; therefore, its
transferability to micro-scale phenomena is subject to these conceptual boundaries. It is worth
noting that higher 0 "Qend to positively affect the performance drop occurred. Then, lower
values have relatively lower impact on the performance drop; however, they still affect the final
performance drop. The authors consider this finding as important, since it indicates that the
impact of an event at a macroscopic scale is related to the impact expected to be caused in a
microscopic level when the same road closures are investigated.
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Afterwards, mean hourly flow that crosses the closed corridors in the baseline scenario is of
importance. Slight changes in this feature, especially an increase in its values, affect the
performance drop occurred. This finding is expected since high mean hourly flow crossing the
affected corridors in the baseline scenario means that this flow is going to be disturbed and
physically burden traffic flow in other areas of the network due to rerouting. For the radius of
rerouting TMS application, the outcome that it is not such an important feature is of surprise.
This is due to fact that the findings of the scenario analysis presented in the previous subsections
prove that various radii lead to differences in the performance drop of an urban road network.
Finally, the least important feature for performance drop estimation is if the closed corridors
are consecutive or not. However, if consecutive, then performance drop seems to be highly
affected.

The SHAP point of view presented before is useful to interpret the feature importance of the
final Random Forest model developed in the present research. However, they do not offer any
interpretation concerning the interaction among the features of the Random Forest model. Thus,
to get a better insight into the factors that influence the performance drop of an urban road
network when applying a rerouting TMS in the case of road closures, we applied the
permutation feature importance and partial dependence calculation interpretation method.

Permutation feature importance is a metric of the decrease of the model’s accuracy, if the values
of a variable are randomly permuted, while partial dependence is the mean value of the partial
derivative for each variable, similar to a linear model’s coefficient. A high value of permutation
importance means that the model’s accuracy depends a lot on the specific variable, while a high
partial dependence value indicates that the specified variable has a significant effect on the
model’s response magnitude (Fafoutellis et al., 2022). Said results are illustrated in Figure 43.
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Figure 43: Permutation importance and Mean Partial Dependence of independent variables for
corridor closures.
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The combined interpretation of SHAP values and the Permutation importance and Mean Partial
Dependence (PDP) plot provides a coherent explanation of how each feature influences the
performance drop. SHAP identifies bidirectionality 0 "@s the dominant predictors, indicating
that the model consistently attributes the largest positive contributions to these features when
predicting higher degradation. The PDP plot, for bidirectionality, confirms this finding: closing
a bidirectional corridor substantially increases the expected performance drop due to the
simultaneous disruption of both directions and the resulting lack of directional redundancy.

The PDP plot, for 0 "Oshows a clear monotonic rise, demonstrating that corridors with higher
importance lead to disproportionately larger performance losses when disrupted. This trend
mirrors the SHAP distributions, where high 0 "Ovalues consistently exhibit strong positive
SHAP contributions. The PDP plot for mean flow further indicates that corridors serving higher
baseline demand induce higher congestion spillovers when removed, again consistent with
SHAP patterns showing positive contributions for higher flow values.

Finally, the PDP plot for the rerouting radius exhibits a concave pattern: performance improves
as the radius increases up to an optimal value (=300 m), beyond which benefits diminish. SHAP
values similarly show that very small and very large radii both contribute positively to the
predicted performance drop, signaling suboptimal rerouting influence. These convergent
insights confirm that rerouting is effective only when applied within a meaningful spatial range
and that the corridor importance, demand levels, and corridor characteristics jointly determine
resilience outcomes.

6.2.2 Intersection closures

6.2.2.1 Impact of the intersection closures in the performance of the Athens Testbed
Initially, the performance drop occurred by the intersection closures, and the various radii in
which the rerouting TMS is applied, is presented. In Figure 44 selected plots illustrating the
difference in the MFD and the cumulative served vehicles per time between each respective
simulated scenario and the baseline scenario are presented. The radii selected for illustration
purposes are 0 (no rerouting TMS application), 50, 100, and 500 meters.
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Figure 44: Difference between the baseline scenario and other simulated experiments in the MFD
(left) and the cumulative served vehicles per time (right) for intersection closures.

6.2.2.2  Optimal rerouting TMS radius application

In the present subsection, the outcome derived from analyzing the results of the simulated
experiments after implementing a rerouting strategy in certain radius for all investigated road
closures is presented. In Figure 45, the average differences per radius in the cumulative number
of served vehicles versus the time of the simulation are illustrated. It is worth noting that only
the cases with no rerouting TMS application and with the best performance gain are illustrated
(radii of 0 and 100 meters respectively). This is because for all radii only performance gains
are observed.
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Figure 45: Average Cumulative Served Vehicles per radius of applying the rerouting TMS in the
case of intersection closures.

6.2.2.3  Resilience based urban road network performance estimation

In the present subsection, the effort of developing a supervised ML model towards estimating
the performance drop sourced in intersection closures in the Athens Testbed is presented. The
same hyperparameters described in Table 13 are used per supervised ML technique. The
developed model takes as training input the performance drop (f) ‘Q ), the radius for
implementing the rerouting TMS, 0 "O, and other graph theoretic measures for the intersections
under investigation. As also stated in the case of corridors closures, 0 "O originates from
macroscopic simulations, where they quantify the relative structural importance of corridors or
intersections under steady-state traffic conditions. The inclusion of this variable within the
microscopic ML framework enables the assessment of whether these macroscopic resilience
indicators retain explanatory power when confronted with detailed, dynamic traffic
interactions. The variables used in the dataset are abstractly presented in Table 17.

Table 17. Variables used as input in the training of the supervised ML models.

Variable name Description Type of
variable

Dependent variable
nQ The area formed between the cumulative served Numeric

vehicles plots of the baseline scenario and each of the
simulated experiments
Independent variables
radius The radius in which the rerouting TMS is applied (for =~ Numeric

radius = 0, no rerouting TMS is applied)
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li_intersection 0 O value Numeric

degree centrality The fraction of intersections the intersection under Numeric
investigation is connected to

closeness_centrality How close an intersection is to all other intersections Numeric
in the context of the network

We then performed a preliminary check for multicollinearity. The correlation matrix for the
independent variables is illustrated in Figure 46 and it revealed no strong linear relationships.
Additionally, the VIF values are presented in Table 18. All VIF values are below the threshold
of 5.
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Figure 46: Correlation matrix of all independent variables used as input in the training of the
supervised ML models for intersection closures.
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Table 18. VIF values for all independent variables used as input in the training of the supervised

Afterwards, we proceeded with developing the supervised ML model. All specifications are
similar to the ones used in the case of corridors’ closures. After examining each of the developed

ML models in the case of corridor closures.

Feature Initial set of values
Constant 490.99

radius 1.00

00 3.93

degree centrality 3.59

closeness_centrality 2.16

models and evaluating their goodness-of-fit, with the application of Grid and Random Search,
the finally selected model is a GBDT model with Grid Search for hyperparameter tuning. The

tuned hyperparameters and the evaluation metrics for all developed best-performing supervised

ML models are presented in Table 19.

Table 19. R-squared and MAPE values for both Grid and Randomized Search tuned
hyperparameters for all developed supervised ML models in the case of intersection closures.

Model Hyperparameter | Tuned value  R-squared MAPE
Linear Regression N/A | 0.40 51.13%
. . alpha 10 o
Ridge Regression max_iter 15000 0.40 52.29%

. alpha 100 0
Lasso Regression max_ iter 15000 0.40 51.26%
: alpha 1 o
Elastic Net 11 ratio 05 0.36 57.69%
n_estimators 10
max_depth 5
Random Forest min_samples_split 10 0.82 16.98%
min samples leaf 4
max_features None
n_estimators 15
learning rate 0.2
GBDT max depth 3 0.83 17.93%
min samples split 10
min samples leaf 4
subsample 0.8
n_estimators 20
XGBoost — 0.78 21.66%
learning rate 0.1
hidden layer sizes (64, 32, 16)
activation relu
MLP alpha 0.01 0.42 29.04%
learning rate constant
learning rate init 0.0001
max_iter 100000
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Concerning the goodness-of-fit of the selected model, the R-squared value is equal to 0.83 and
MAPE is equal to 17.93%. Those values are considered good. Firstly, the R-squared value
indicates good fitness on the outcome of the dependent variable. Then, MAPE value is
considered as good since it is equal to 18% (values below 20% can be considered as good)
(Lewis 1982). Additionally, Figure 47 below presents the SHAP values of the features. The
color scale indicates the feature’s value and the x axis the SHAP value related to each predictor.
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Figure 47: SHAP values of all variables included in the final GBDT (intersection closures).

It appears that 0 "O is an important feature. It is worth noting that either relatively lower or
higher 0 "O values tend to positively affect the performance drop occurred. This finding
indicates that the impact of an event at a macroscopic scale is related to the impact expected to
be caused in a microscopic level when the same intersection closures are investigated. The
inclusion of 0 "O enables the assessment of whether these macroscopic resilience indicators
retain explanatory power when confronted with detailed, dynamic traffic interactions. The
statistical significance and SHAP-based relevance of 0 "O in the subsequent analysis thus
provide indirect validation of the consistency between macroscopic resilience constructs and
microscopic performance outcomes. Nonetheless, the 0 'O formulation assumes quasi-
equilibrium flow and omits driver-level stochasticity; therefore, its transferability to micro-
scale phenomena is subject to these conceptual boundaries. Then, closeness centrality appears
to influence the performance drop in the case of intersection closures. Higher values of
closeness centrality highly affect performance drop (leading to either higher or lower
performance drop values) On the other hand, lower values of closeness centrality lead
consistently to lower performance drop. Then, degree centrality appears to be the second least
influential feature. High degree centrality values consistently lead to higher values of
performance drop. Finally, the radius of TMS application is the least influential factor, as in the
case of corridors closures.

To better interpret the feature importance of the final GBDT model, Figure 48 illustrates the
permutation feature importance versus Mean Partial Dependence diagram (Fafoutellis et al.,
2022).
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Figure 48: Permutation importance and Mean Partial Dependence of independent variables for
intersection closures.

The combined interpretation of SHAP and PDP plots analyses for intersection closures reveals
a clear and consistent feature hierarchy. The SHAP summary indicates that 0 "O is the dominant
predictor, with higher values leading to larger positive SHAP impacts. This means that
intersections with high importance are associated with greater predicted performance losses
when disrupted. The corresponding PDP plot confirms a strong positive mean partial
dependence, verifying that the magnitude of the performance drop grows steadily with
increasing 0 "O.

In contrast, both closeness and degree centrality exhibit smaller, predominantly negative SHAP
values and partial dependence, implying that higher centrality tends to mitigate rather than
amplify performance drop. These results suggest that intersections embedded in well-connected
subgraphs can better absorb localized disruptions, whereas low-centrality intersections
correspond to higher vulnerability.

Finally, radius shows low SHAP magnitude and a weak negative partial dependence, suggesting
that increasing the rerouting radius slightly reduces the predicted performance drop. These
results suggest that, unlike in the corridors case, intersection-related disruptions do not produce
a clear optimal TMS radius; instead, wider rerouting tends to offer marginal but consistent
benefits.

6.3 Findings Discussion

The present Chapter addresses three (3) critical questions using a 2-step methodological
framework. Said framework includes a series of macroscopic and microscopic simulation
experiments in the Athens Testbed. The Athens Testbed is used at a macroscopic level in
Aimsun traffic simulator (Aimsun, n.d.) and at a microscopic level at the SUMO microscopic
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traffic simulator (Lopez et al.,, 2018). At first, a series of macroscopic simulations are
conducted. The concept is that per each iteration one corridor or intersection is removed from
the network and then LI is calculated (either for corridors or intersections). Afterwards, the
results are collected and statistically analyzed by making used of supervised and unsupervised
techniques. The analysis led to the interesting finding that the importance of a corridor and of
an intersection can be quantified by having knowledge of the individual performance of the
links included in them and of their number.

Concerning microscopic simulations, the concept behind the simulations was that per each
simulation, one or more corridors were closed and in various radii a rerouting TMS was applied.
From the simulated experiments, all necessary data to investigate the MFDs were extracted and
analyzed using supervised ML techniques.

The analysis of the results proves the possibility of quantifying the performance drop occurred
in an urban road network, due to road closures, by using the concept of MFDs. Such analysis
of the results reveals also that the application of rerouting TMS, in the case of road closures, is
not always beneficial towards restoring the performance of urban road networks. It seems, from
the analyzed data, that higher radii are more likely to lead to a lesser performance drop. Finally,
through examining various supervised ML techniques and applying hyperparameter tuning with
Grid and Randomized Search, it appears that there is the possibility for the existence of a
unifying ML model which predicts the performance drop of an urban road network by making
use of resilience-related metrics, the radius in which a TMS is to be implemented, as well as
the number of corridors to be closed. This finding seems important because it allows for Traffic
Management Centers to be able to predict the impact of an event, which affects a certain area
and leads to closures of certain corridors, thus giving them the ability to perform the necessary
TMS for mitigating the impacts of disturbances in the operation of urban road networks.

As future research, it would be of interest to investigate more TMS. This could lead in the
formulation of a “TMS Sandbox” which, per scenario, will have the ability to propose the
optimal TMS for reducing the performance drop of an urban road network. Future research
could also focus on the application of the methodological approach and the findings of present
research in other urban road networks. This will allow for benchmarking the methodological
framework of the present research, as well as the examination of the predictive capabilities of
the developed GBDT model and its further training with new data. Finally, it would be
interesting to expand present research towards the development of an Adversarial
Reinforcement Learning framework, with the capability to both investigate some worst-case
scenarios which cannot be designed with more conservative means, and to propose innovative
strategies for recovering such disturbances.
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7 CONCLUSIONS

7.1 Overview

The work presented in this dissertation has revolved around the systematic investigation of
resilience in urban road networks, with a particular emphasis on Athens as a representative case
study. The research has been motivated by the recognition that resilience is an increasingly
critical property for transport systems. Within this context, the dissertation developed, applied,
and critically evaluated the REACT framework, a comprehensive tool designed to quantify,
interpret, and enhance resilience in urban road networks through a structured and
methodologically consistent approach.

The REACT framework aimed at bridging the gap between theoretical concepts of resilience
and their practical application in transport systems. It incorporates several complementary
components: (i) the modelling of baseline traffic conditions to establish a reference state of
network performance; (ii) the simulation of disruptions at both link and network level to capture
the breadth of potential vulnerabilities; (iii) the use of resilience indicators, tailored to account
for the multidimensional nature of resilience (robustness, absorptive capacity, adaptability,
recovery); and (iv) the use of supervised learning methods, together with SHAP-based
explanations, to predict scenario-level resilience losses from network and baseline conditions
and to make the drivers of these predictions explicit. This integrated structure enabled the
dissertation to not only assess how disruptions propagate through an urban road network but
also to explore the mechanisms that facilitate or hinder recovery.

In the empirical part of the dissertation, the REACT framework was implemented on the Athens
road network using a detailed dataset that captured traffic patterns across a range of operating
conditions. Through a set of disruption scenarios, the framework provided insights into both
the systemic vulnerabilities of the network and the resilience-enhancing potential of adaptive
management strategies. These scenarios illustrated how disruptions can generate cascading
impacts, how the magnitude and location of an event determine the scale of resilience loss, and
how specific interventions can contribute to faster or more effective recovery. Importantly, the
case study revealed that resilience cannot be understood solely through static measures of
performance degradation but must instead be seen as a dynamic process encompassing both
immediate responses and longer-term adaptations.

The dissertation also placed emphasis on the methodological validation of the framework. The
incorporation of supervised learning to predict resilience outcomes from network descriptors
and baseline traffic conditions, alongside the use of explainability methods such as Shapley
Additive Explanations (SHAP), demonstrated how data-driven approaches can complement
traditional traffic modelling. This integration enhanced the interpretability and robustness of
the resilience analysis, offering a more transparent understanding of the factors that drive
resilience outcomes.

In summary, this dissertation contributes to the state of the art by offering a framework that not
only evaluates resilience in a theoretically grounded and empirically rigorous manner but also
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demonstrates how such analyses can inform transport planning and traffic management. The
remainder of this chapter summarizes the main methodological and empirical contributions of
the research, discusses its limitations in terms of both scope and methodology, and identifies
promising directions for future research.

7.2 Main Contributions and Innovation

This dissertation has produced several contributions to both the methodological and empirical
understanding of resilience in urban road networks. The novelty of the work lies in its ability
to integrate resilience theory with transport system analysis through the development and
application of the REACT framework, which provides a structured means of quantifying,
interpreting, and enhancing resilience in practice. The main contributions are grouped into three
domains: methodological, empirical, and practical/policy-oriented.

7.2.1  Methodological Contributions

From a methodological perspective, the dissertation puts forward the REACT framework,
which structures the investigation of resilience within a bi-level architecture. At the strategic
level, disruptions are formally defined and their potential network-wide effects are anticipated
based on topology and demand characteristics. At the operational level, a systematic procedure
is developed for simulating disruption scenarios, quantifying the resulting performance losses
and interpreting the outcomes with transparent and data-driven techniques. This distinction
between levels makes it possible to attribute effects clearly, while still maintaining continuity
across the analysis.

A central methodological element concerns the way resilience is quantified. The present
dissertation adopts a network-level indicator derived from Macroscopic Fundamental Diagram
(MFD) production curves, with resilience losses expressed as the area between the baseline and
disrupted production. In this way, the assessment retains a direct physical meaning, since the
metric captures the shortfall in served traffic relative to normal conditions, and at the same time
offers a compact, reproducible and comparable measure across scenarios.

The experimental design also represents a methodological contribution. By imposing
disruptions of different type and scale, and by pairing them with alternative management
settings, the analysis builds a structured experimental space which enables systematic
comparisons and the identification of interaction effects. The emphasis placed on consistency
of demand, clarity of intervention definition and replication across scenarios enhances internal
validity and ensures that the observed differences are attributable to the underlying phenomena
rather than to artefacts of the design.

In addition, the dissertation demonstrates how data-driven modelling can serve as a supporting
component of resilience analysis. Predictive models are employed to capture nonlinear
relationships between network characteristics, baseline traffic states and resilience outcomes,
while explainability techniques such as SHAP values provide a transparent account of the
factors influencing these outcomes. Although the models themselves are not a contribution in
algorithmic terms, their integration into the framework shows how interpretability can be
embedded into resilience analysis to increase credibility and facilitate communication of
results.
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7.2.2  Empirical Contributions

On the empirical side, the dissertation applies the REACT framework to the Athens
metropolitan road network, a large and congested urban system with complex topology.
Through the examination of a wide set of disruption scenarios, the study provides concrete
evidence of how resilience manifests in practice and how it varies with the nature and location
of the disturbance. The findings indicate that resilience losses cannot be explained solely by the
severity of the disruption, but are strongly dependent on baseline traffic conditions and on the
structural properties of the network.

The analysis reveals that corridor-type disruptions propagate extensively through flow
reallocation and secondary congestion, while localized node closures generate sharp
bottlenecks whose effects depend on the position of the affected node within the network. This
underlines the fact that different disruption typologies call for different management
approaches, and demonstrates the inadequacy of generic, one-size-fits-all strategies.

The study also quantifies the impact of traffic management settings on resilience outcomes. By
systematically varying the spatial extent of rerouting and evaluating performance under
consistent conditions, it becomes clear that the benefits of management interventions are
context-dependent: in some cases small-scale adjustments suffice, whereas in others more
extensive strategies are required to offset losses. This empirical insight is important because it
translates the abstract notion of resilience into a set of operational trade-offs, relevant for both
planning and operations.

Finally, the empirical analysis, when combined with interpretable modelling, produces
generalizable knowledge about the determinants of resilience. Baseline congestion levels
emerge consistently as a critical factor, while network structural indicators play an important
role in shaping outcomes in interaction with demand conditions. These regularities enrich the
empirical understanding of how disruptions, demand and management interact to determine
system-wide resilience.

7.2.3  Practical and Policy Contributions

In practical terms, the dissertation contributes a decision-support orientation that bridges
analytical results with transport management needs. The REACT framework allows authorities
to identify vulnerable network elements, estimate the expected magnitude of resilience losses
under different scenarios, and evaluate the effectiveness of alternative management strategies.
Because the resilience indicator is transparent and physically interpretable, it facilitates
communication beyond technical audiences, enabling resilience considerations to be
incorporated more easily into policy discussions.

Moreover, the modular nature of the framework offers flexibility for gradual adoption. Agencies
may use only the resilience indicator to benchmark interventions, or complement existing
modelling workflows with explainability components to increase confidence in their outcomes.
By framing resilience as an anticipatory property that can be tested and compared ex ante, the
dissertation shifts the emphasis from reactive incident management towards proactive resilience
planning.
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7.2.4  Synthesis of Contributions

In summary, the contributions of the dissertation can be synthesized as follows. Conceptually,
resilience is treated as a quantifiable and comparable property of the transport system rather
than an abstract quality. Methodologically, the REACT framework integrates disruption design,
simulation and a production-curve-based indicator in a structured and replicable manner, while
demonstrating the added value of interpretable modelling. Empirically, the Athens case study
shows how resilience depends jointly on baseline states, network structure and management
actions, generating insights that extend beyond the local context. Practically, the framework
translates resilience into a decision-support tool, equipping transport authorities with the means
to test strategies, anticipate system-wide effects and communicate evidence-based
recommendations. In combination, these contributions advance the state of the art and provide
a coherent pathway for investigating the resilience of urban transport networks.

7.3 Limitations

While the REACT framework and its application provided a novel perspective on transport
network resilience, the dissertation is not exempt from certain limitations. These do not negate
the contributions, but rather delineate the boundaries within which the results should be
interpreted. Identifying these boundaries is essential, since resilience research deals with
inherently complex and uncertain systems, where simplifications and assumptions are
unavoidable.

7.3.1  Methodological Limitations

From a methodological standpoint, the present dissertation adopted a structured and transparent
approach to the quantification of resilience in urban road networks. The core indicator—derived
from the area between cumulative production curves of the baseline and disrupted states—was
designed to balance interpretability, comparability, and analytical robustness. However, such
methodological clarity comes at a cost. By operating primarily at the macroscopic level, the
indicator inevitably conceals a number of finer-grained dynamics that may be equally relevant
to resilience. Localised bottlenecks, spatial disparities between central and peripheral areas, and
heterogeneous impacts across user groups are aggregated into a single performance measure.
As a result, while the adopted framework is well-suited for system-level comparisons and
scenario benchmarking, it cannot fully capture the micro-scale inequalities or distributional
aspects of disruption impacts.

Another methodological limitation concerns the design of the disruption experiments
themselves. The study deliberately employed stylised scenarios—ranging from link and
corridor closures to targeted management interventions—so as to ensure clarity in attributing
observed effects to specific causes. Yet, in reality, disruptions are rarely as cleanly defined.
Many incidents evolve over time, with capacities degrading progressively or management
measures being deployed in stages. Moreover, disruptions often occur in compound or
cascading forms: a closure can trigger secondary congestion elsewhere in the network, while
simultaneous events may interact in non-linear ways. The methodological choice to isolate and
standardise scenarios, though necessary for scientific comparability, reduces the ability to
reflect these compound realities.
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Furthermore, the methodological framework privileged a short- to medium-term horizon for
evaluation, focusing on immediate degradation and recovery patterns in production. Long-term
adaptations, such as changes in travel behavior, relocation of activity patterns, or investment in
infrastructure resilience, were outside the analytical frame. This temporal boundary was
essential to maintain computational feasibility and to align the evaluation with the time scales
at which traffic management decisions are most critical. Nonetheless, it restricts the analysis to
acute phases of disruption and leaves broader resilience dynamics unexplored.

Finally, while the methodology incorporated robustness checks and consistency validations, the
outcomes remain inherently dependent on the chosen metrics and on the framing of resilience
as performance loss and recovery. Alternative perspectives like transport equity could offer
complementary insights into the resilience of the system.

7.3.2  Data-Related Limitations

A critical set of limitations in this dissertation stems from the nature and availability of the
datasets that were employed. Although the study made use of diverse traffic and travel data
sources, their scope, granularity, and consistency inevitably placed restrictions on the depth and
generality of the analysis.

First, the availability of high-resolution traffic data, particularly in terms of coverage across all
links and modes of the network, was constrained. The datasets used largely relied on sensor-
based and floating-car information, which, while reliable, are unevenly distributed in space and
time. Several parts of the network remained underrepresented, making it necessary to
interpolate or aggregate information to maintain analytical coherence. This approach may have
diluted localized fluctuations in congestion and reduced the ability to capture extreme, low-
frequency events that nonetheless contribute significantly to network vulnerability.

Second, the data spanned specific time horizons and traffic conditions that, although extensive,
cannot fully represent the spectrum of long-term urban traffic dynamics. For instance, the
effects of unusual events such as strikes, severe weather, or cascading multi-incident disruptions
were underrepresented. As resilience is, by definition, a multi-scenario property, the lack of
such extraordinary cases may have led to conservative estimates of the system’s adaptive
capacities.

Third, issues of data harmonization were particularly challenging. For the proper use of traffic-
related data, pre-processing and filtering are required to resolve missing values, inconsistencies,
and misaligned temporal scales. While careful cleaning procedures were implemented, there
remains an inherent risk of introducing errors in the final datasets used, which might affect the
statistical reliability of the results. Moreover, the absence of standardized resilience indicators
across datasets limited the comparability of findings with other cities or studies.

7.3.3  Modeling Assumptions

Beyond data-related issues, this dissertation is also subject to limitations stemming from the
modeling assumptions embedded in the analytical and methodological frameworks. While the
REACT framework was designed to capture resilience in a structured and systematic way, its
implementation necessarily involved simplifying assumptions that may influence both the
accuracy and generality of the results.
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First, the mathematical formulations of resilience indicators relied on established traffic flow
and performance relationships, many of which assume quasi-stable conditions. For example,
the use of macroscopic performance metrics presupposes that aggregate system behavior can
sufficiently represent localized variations. While this approach enables tractable analysis at the
city-wide scale, it inevitably abstracts away the heterogeneity of driver behaviors, vehicle
interactions, and modal dynamics that shape resilience at a finer resolution.

Second, the simulation-based experiments undertaken to validate resilience scenarios required
controlled assumptions about disruption characteristics and recovery patterns. Disruptions were
parameterized in terms of location, severity, and duration, yet the inherently stochastic and
interdependent nature of real-world events was only partially captured. This controlled
approach allowed for systematic comparisons but may underestimate emergent or cascading
effects that arise from multiple, simultaneous failures across the network.

Third, the supervised machine learning models employed for scenario-level resilience
prediction involved assumptions about feature relevance, independence, and stationarity.
Although advanced methods such as feature importance analysis and SHAP explanations were
incorporated to mitigate interpretability risks, the models are still bounded by their training data
and cannot fully anticipate structural changes in mobility behavior. Assumptions regarding
feature stability over time may therefore limit the generalizability of predictive outcomes in
contexts that undergo rapid technological or behavioral transformations (e.g., widespread
adoption of autonomous vehicles or new mobility services).

Finally, the resilience framework placed particular emphasis on network-level indicators, such
as capacity degradation and recovery rates. While these measures are well established in
resilience research, they represent only part of the broader resilience spectrum, which also
includes institutional adaptability, user perception, and equity considerations. By focusing
primarily on transport system functionality, the dissertation necessarily adopted a system-
centric view of resilience that may underrepresent human-centric dimensions of resilience.

7.3.4  Empirical and Practical Limitations

In addition to data-related and modeling limitations, a set of empirical and practical challenges
also constrained the scope and applicability of this research. These limitations are largely
associated with the translation of theoretical insights into real-world planning and operational
contexts.

First, the empirical validation of resilience indicators was constrained by the limited availability
of longitudinal case studies. Although the dissertation tested the REACT framework on the
Athens urban road network via a designed set of disruption scenarios, the absence of repeated,
long-term empirical observations across different cities/use cases limited the ability to
generalize findings. The evaluation of resilience in practice requires extensive, multi-year
monitoring of system performance under varying stress conditions, something that remains
difficult to achieve given current data collection and resource constraints.

Second, the implementation of resilience assessment tools in real-world settings depends
heavily on institutional, technical, and policy factors that go beyond the scope of this
dissertation. For instance, transport authorities may face barriers in accessing or sharing high-
resolution mobility data, particularly where governance structures are fragmented. Similarly,
institutional inertia and limited technical expertise can hinder the adoption of advanced
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analytical methods such as machine learning or network resilience metrics in day-to-day traffic
management. While the REACT framework offers methodological clarity, its
operationalization in practice requires institutional coordination and capacity building that
remain outside the control of academic research.

Third, resilience-oriented planning often involves trade-offs with other urban mobility
objectives, such as efficiency, environmental sustainability, and equity. The dissertation
deliberately focused on the functional dimension of resilience (the capacity of networks to
withstand and recover from disruptions) yet real-world policy decisions must balance this with
competing priorities. For example, strategies that improve resilience by reinforcing critical
network links may inadvertently create inequities if peripheral or underserved areas receive less
attention. Such multi-dimensional trade-offs were not explicitly modeled, but they represent an
important practical limitation in translating research findings into actionable policies.

Finally, the practical implementation of the proposed approaches may be constrained by
computational complexity and resource requirements. The estimation of resilience indicators at
scale, the training of machine learning models, and the simulation of multiple disruption
scenarios are computationally intensive processes. While feasible in a research setting, their
integration into real-time or near real-time traffic management systems remains challenging.
This gap underscores the need for streamlined computational frameworks and more efficient
algorithms to support practical uptake.

7.3.5  Summary of Limitations

The limitations identified in this dissertation span across multiple dimensions, and collectively
highlight the boundaries within which the findings should be interpreted.

From a data perspective, limitations arose from restricted coverage, uneven temporal and spatial
resolution, and the absence of standardized resilience indicators. While rigorous pre-processing
and harmonization techniques were applied, the inherent imperfections in the data may have
constrained the robustness of results and their comparability across different contexts.

In terms of modeling assumptions, simplifications embedded in both network-based resilience
metrics and the applied machine learning models introduced restrictions. By necessity, these
methods reduced the complexity of real-world dynamics into manageable analytical constructs.
While these abstractions enabled rigorous and tractable analysis, they may have overlooked
latent behavioral, multimodal, or interdependent factors influencing resilience outcomes.

The empirical limitations further underscore the lack of long-term, repeated case studies across
diverse urban contexts. The dissertation demonstrated the feasibility of resilience measurement
and analysis but relied on datasets with constrained scope and temporal horizons. Consequently,
the ability to generalize findings across cities or to capture resilience under rare, high-impact
disruptions remains limited.

Finally, practical limitations emerged from institutional, computational, and policy-related
factors. The transition from methodological innovation to real-world application requires
accessible data-sharing mechanisms, technical capacity within agencies, and computationally
efficient tools that align with operational needs. Moreover, resilience-enhancing strategies must
ultimately be evaluated alongside broader policy objectives, such as equity and sustainability,
which were not explicitly addressed in this work.
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Taken together, these limitations do not undermine the contributions of the dissertation but
rather delineate the space within which its conclusions are valid. They also provide a valuable
foundation for identifying concrete directions for future research and development, ensuring
that subsequent efforts can progressively overcome the identified barriers.

7.4 Future Research Directions

Building on the findings and limitations of this dissertation, several promising avenues for
future research can be identified. These directions extend across methodological, data-related,
modeling, empirical, and practical domains, and collectively form a roadmap for advancing the
study of urban road network resilience.

7.4.1  Generalizability

A key direction for future research is the application of the proposed framework to additional
urban road networks beyond the one analyzed in this dissertation. Testing the methodology in
cities of different scales, topologies, and mobility patterns would provide valuable insights into
its transferability and robustness. Comparative analyses could reveal how network geometry,
density, and multimodal interactions influence resilience outcomes and whether common
structural properties can be identified across contexts. Applying the framework to networks
subject to different disruption profiles, such as recurrent congestion, extreme weather events,
or large-scale planned interventions, would further broaden the understanding of resilience in
diverse operational environments. Such extensions would not only validate the generalizability
of the framework but also support its use as a benchmarking tool for practitioners and
policymakers in multiple urban settings.

7.4.2  Integration with Advanced Modeling Approaches

Another promising avenue for future research involves the integration of the REACT
framework with advanced modeling approaches in transportation systems analysis. While this
dissertation primarily relied on supervised machine learning and network-based resilience
indicators, there is significant potential in exploring hybrid approaches that combine traditional
traffic flow theory with data-driven methods. For example, incorporating dynamic traffic
assignment models or agent-based simulations could allow for a more detailed representation
of traveler behavior under disruption, thereby enriching the explanatory depth and predictive
capacity of resilience assessments.

Moreover, advances in artificial intelligence, such as reinforcement learning and graph neural
networks, present opportunities to capture complex spatiotemporal dependencies in network
performance and to design adaptive traffic management strategies that respond in real time to
evolving conditions. The fusion of such approaches with the current framework could enable a
deeper understanding of how resilience manifests not only at the macroscopic but also at the
mesoscopic and microscopic levels of urban mobility. These integrations would strengthen the
explanatory power of the framework and enhance its capacity to inform both operational
decision-making and long-term planning for resilient transport systems.
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7.4.3  Policy and Planning Integration

A further direction for future research lies in embedding the REACT framework more explicitly
within the policy and planning process of urban mobility systems. This dissertation has
demonstrated the value of resilience-oriented metrics and data-driven analysis for
understanding vulnerabilities and adaptive capacities in transport networks. However,
translating these insights into actionable policies remains a challenge that warrants systematic
investigation.

Future research could explore how resilience indicators can be embedded within strategic
transport planning frameworks, guiding infrastructure investment, prioritization of network
enhancements, and evaluation of alternative mobility policies. This would require aligning
resilience metrics with broader policy objectives, such as sustainability, accessibility, and
equity, ensuring that resilience does not remain an isolated concept but rather forms part of a
comprehensive vision for urban mobility.

Another crucial area involves assessing the institutional and governance dimensions of
resilience planning. Research could examine how different stakeholders, including
municipalities, transport authorities, and private mobility providers, can incorporate resilience-
based approaches in their decision-making processes. Establishing structured methodologies
for incorporating resilience evaluations into multi-criteria decision analysis (MCDA) or cost-
benefit analyses could further bridge the gap between technical assessments and practical policy
adoption.

Finally, resilience-based frameworks should be tested against real-world planning case studies,
where urban road networks undergo interventions such as new infrastructure deployment,
regulatory reforms, or the introduction of innovative mobility services. Embedding resilience
in these contexts would provide concrete evidence of its added value, thereby reinforcing its
legitimacy as a planning and policy tool.

7.4.4  Technological Innovations and Smart Mobility Applications

Another promising avenue for future research concerns the integration of technological
innovations and smart mobility applications into resilience assessment frameworks. Urban
transport systems are rapidly evolving with the introduction of connected and automated
vehicles (CAVs), Mobility-as-a-Service (MaaS) platforms, real-time traffic management
systems, and advanced sensing technologies. These developments create both opportunities and
challenges for the resilience of urban road networks.

On the one hand, technologies such as vehicle-to-everything (V2X) communication and
intelligent traffic signal control have the potential to enhance adaptability and reduce the
propagation of disruptions. For example, real-time rerouting based on predictive analytics can
mitigate localized congestion and accelerate recovery following incidents. Research could
extend the proposed methodologies by examining how resilience metrics evolve under different
adoption scenarios of such technologies, identifying both benefits and potential risks, such as
increased system complexity or vulnerability to cyber-attacks.

On the other hand, the diffusion of smart mobility services such as ride-hailing, shared
micromobility, and demand-responsive transport may alter traffic dynamics in ways not yet
fully captured by existing resilience frameworks. Future work could investigate how these
services interact with traditional road traffic and whether they contribute to or detract from
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systemic robustness. This would involve incorporating multimodal data into resilience
assessments and developing models capable of capturing interdependencies between different
mobility layers.

Furthermore, technological advances in data collection, including high-resolution floating car
data, connected sensor networks, and artificial intelligence-driven monitoring platforms, could
enable more granular and dynamic assessments of resilience. Exploring how such tools can be
systematically integrated into real-time resilience evaluation pipelines remains an important
research frontier, with implications not only for analysis but also for proactive traffic
management and decision support.

7.4.5  Theoretical and Methodological Advances

Finally, future research should also focus on advancing the theoretical and methodological
foundations of resilience analysis in transport networks. Although the present dissertation
proposed a coherent and structured framework for evaluating resilience, several aspects of the
theory remain open to refinement.

First, there is a need to further formalize the concept of resilience in transport studies. While
resilience has been defined and measured here through a combination of performance
degradation, recovery dynamics, and system adaptability, the academic community has not yet
reached a consensus on a unified definition or set of indicators. Establishing such a shared
foundation would strengthen the comparability of results across studies and enhance the policy
relevance of resilience metrics.

Second, methodological improvements could address the integration of uncertainty and
stochasticity into resilience modeling. Urban road networks are inherently uncertain systems,
and disruptions often unfold in unpredictable ways. Enhancing resilience frameworks with
probabilistic approaches, such as stochastic optimization, uncertainty quantification, or
Bayesian inference, could provide more robust insights into how transport networks behave
under extreme or unforeseen conditions.

Third, there is significant potential in linking resilience analysis with emerging machine
learning methodologies. While this dissertation demonstrated the applicability of supervised
learning and interpretable models for resilience estimation, further work could explore how
reinforcement learning, graph neural networks, or hybrid physics-informed ML models might
capture system dynamics more effectively. Such approaches may allow for not only descriptive
or predictive resilience analysis, but also prescriptive insights for optimal recovery strategies
and control interventions.

Lastly, methodological advances could strengthen the bridge between micro-level traffic
modeling and macro-level resilience evaluation. Combining agent-based simulations with
system-wide resilience indicators would allow for more nuanced explorations of user behavior,
adaptive routing, and network-level outcomes. This multiscale integration remains a promising
but underdeveloped research direction.
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