EOviko Metoofio IToAvteyveio

Yyoir] Hiektpoddywv Mnyovikov
Kot Mnyavik®v Y ToAoy1iotodv

Topéag Teyvoroyiag [TAnpo@opikng kot Y ToAOyIoTOV

Firefighting Resource Allocation Algorithms Based on
Predictions

AIITAQMATIKH EPTAXIA

EYOYMIOX NTOKAX

Emprénov : Anuntprog Potdakng
Kafnynmg E.ML.IL.

AbMva, @efpovdprog 2026






m
J

EOviko Metoofio IToAvteyveio

B3

£

N ___‘J‘:?‘ % Il § TyoM HAektpoddymv Miyovikdv
4}“ § (\g g>/ kuMnyavikdv Yroroyiotdv
' ;‘7';7 Topéag Teyvoroyiag [TAnpo@opikng kot Y ToAOyIoTOV

Firefighting Resource Allocation Algorithms Based on
Predictions

AIIIAQMATIKH EPTAXIA

EYOYMIOX NTOKAX

Empiénov : Anuitproc Gotdxng
Kafnyntg E.M.IL.

EykpiOnke amd v tpipein eEetactikn emtponn v 27m @efpovapiov 2026.

Anpniprog PoTakmg Apioteiong ayovptdng Avidviog Zoppovng
Kafnynmg E.M.IL Kafnynmg E.M.IL Kabnyntg E.M.IL

AbMva, @efpovdprog 2026



Ev@vpmog Ntokag
Amhopotovyog Hiektpordyog Mnyavikdg kot Mnyavikog Ymoroyiotov E.MLIL

Copyright © EvB0uioc Ntokog, 2026.
Me gmpoiaén mavtog stkaumdpotoc. All rights reserved.

AmayopeDeTal | avTlypoen, 0o KeVoT Kot SLOVOT TG TAPOVGAS EPYOCING, €6 OAOKANPOL N TUN-
LOTOG QUTAG, Yot EUTOPIKO okomd. Emtpéneton n avartdnwon, amodnikevon kot Stovoun yio. okomd
L1 KEPOOGKOMIKO, EKTALOEVTIKNG 1 EPEVVNTIKNG PVONG, LIS TNV TPoLTOOESN VO avapEpPETaL 1) TNy
Tpoélevong Kot va datnpeitarl To wapov ppvopa. Epotipoto tov agpopody T ¥prion g epyaciog
Y10 KEPOOOKOTIKO OKOTO TPEMEL VA, ameLOVVOVTAL TTPOG TOV GLYYPUPEQ.

Ol amdYELC KOl TO GUUTEPAGLLOTA TOV TEPLEXOVTOL GE OVTO TO EYYPAPO EKPPALOVV TOV GUYYPAUPLEN, Ko

dev mpémel va epunvevdel 0TL avtimpoownevovy Ti enionpeg Béceig tov EBvikod Metaofiov [Tolvte-
YVeiov.



IHepiinyn

T mapovoo SmAopaTtiky epyacio peketdron to mpdpinua e 6¥ Jadyldlidd “gyetblile Ls asdeY-
U3 oe o yeoypaeikn mepoyn, pe al0moinen YemypapIKOV SESoUEVMY Kat TPOPAEYEDY KIVUVOL
nopraylac. H mpocéyyion dwoywpiletar 6€ 6TatiKd Kot SuVOUIKO TAAIG1O.

210 otatikd haicto, Tapdyovtol xopobeTioelg Tov guvoolv Ty eyyvta ot UdeUslseyd meproyéc,
LLE GTOYO TNV OMOTEAEGLLOTIKT OVTATOKPLOT 0T {TNoN TOL TPOKVTTEL AT TNV EKONAMGT TUPKAYUDV.
210 SLUVOUIKO LOVTELD, OEDOUEVNC LaG apy kNG ywpoBétnong, e&etaletat 1 BEATIOT 0mOGTOA OYN-
pdtov o€ véo cupPdv, kabmg kot 1 ovadtdTaén TV VTOAOITOV SIBESIU®Y TOPWV.

ITpoteivetal Eva OAOKANPOUEVO GOUGTNILO VITOGTNPIENS OTOPAcE®Y, TO 0Toio Teptlappdvel eme-
Eepyooio YEOYPOPIKMOV SEOOUEVMV SAPOPETIKDOV YPOVIKMOV KMUAK®OV (GTATIKMY, SUVOLIKOV KOl TPO-
BAéyemv mov mapdyovtol pEcw teXVNTNG vonuootvig). Epapudloviat akydpifuot yewypaptkng cv-
otodomoinong eumvevouévol and T Bewpia ypaewv, pe otdyo TN dnpovpyic YOPIKE OLOOYEVMV
TEPLOYADV KOL TNV LETEMELTA IGOKATUVOUT TOV SOEGIUDV TOP®V.

[poteivovtar péBodot emAoyng vIoyNPI@V onueinv evilopépovtog pe agloroinon tov Overpass
Turbo API, evpetikdv teyVIKOV Kot aAyopifuov min—max, dcte vo SacPAAIlETOl OLOLOYEVIG KO-
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TPOPAN U, AopPdvovtag VoY TOV JEIKTN CNUAVTIKOTNTAG, TO EMAEYLEVO ONUEN KoL TIG TPOYLLO-
TIKEC omootdoelc. H a&loAdynon Tov 6TaTIK®Y KOTOVOU®DV TPAYLOTOTOLEITAL LEGH 0OPOLOTIKMDY G-
voptoemv katavopung (CDF) yia K oyfuata, a&lomotdvtog 1I6Topikd ded0éva TupKayimv, KoOdS Kot
UEC® OTMTIKOTOUGEMV KOl GUYKPITIKNG OVAAVGTG EVOALUKTIKOV KATAVOU®DV.

Téhog, mapovoidletal PeAétn TepinTtoong pe dV0 SLOPOPETIKA GEVAPLY XPHONG KOl GLYKPITIKN
a&loroynon tev aroterespudTov. OAleg ol Aettovpyieg EVOOUATOVOVTOL GE O10OIKTVOKT] EQPOPLOYN, M
omolo EMTPEMEL T SLVALLKY EICOYMYY| EMYEIPNOLOKADV SEOOUEVMV, EVOALUYT TOPOUETPOV KOl TV
GLEST OVATPOGOPUOYN TOV KaTavoudyv. O mAnpng mnyaiog k®dKog Tng vAomoinong dwutifetor og
dnuocio amobetnpro GitHub, dtacparilovtag T Sla@dvelo Kot TNV avomopoy®yILoTnTe TOV OToTE-
Aecpatov. H yvoon kot n eumepio exoyyeALATI®OV TUPOGPESTMOV KOl EWBIKMV TOL YHPOL YPNCUYLOTOL-
Nnonke yuo va S106Qalotel OTL 0L TPOTEWVOLEVEC LEBOJOAOYIEC EIVAL TPAKTIKA EQUPUOCLLES.
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Abstract

This thesis investigates the problem of firefighting vehicle deployment within a geographical re-
gion, integrating spatial data and fire risk predictions. The study addresses both static planning and
dynamic operational scenarios.

In the static scenario, vehicle locations are optimized to prioritize proximity to high-priority areas,
aiming to ensure effective response to potential fire incidents. In the dynamic setting, given an initial
deployment, decisions are made regarding which vehicles to dispatch to a new incident and how to
reposition the remaining resources to maintain coverage.

A comprehensive decision support system is developed, incorporating multi-scale geospatial data,
including long-term static data, daily dynamic data, and risk predictions generated through artificial
intelligence. Graph-based clustering algorithms are applied to partition the study area into spatially
homogeneous regions, enabling balanced allocation of available vehicles.

Candidate deployment locations are selected using the Overpass Turbo API, heuristic methods,
and a min—max selection scheme to ensure uniform coverage across each cluster. Travel distances
are computed based on actual road networks and accessibility metrics through the OpenRouteService
APIL. Animportance index is assigned to each candidate location, reflecting the need for nearby vehicle
presence.

Linear optimization models are formulated for both static and dynamic scenarios, incorporating
the importance index, selected candidate locations, and network-based travel distances. Static deploy-
ments are evaluated using cumulative distribution functions (CDFs) for k vehicles based on historical
fire data, supported by visibility visualizations and comparative analysis of alternative layouts.

A case study demonstrates two distinct operational scenarios and compares the resulting perfor-
mance outcomes. All components are integrated into a web-based application that allows dynamic
input of operational data, parameter adjustments, and real-time recalculation of deployments. The
full source code is publicly available in a GitHub repository to ensure transparency and reproducibil-
ity.

Expert knowledge from professional firefighters and domain scientists was used to validate the
applicability of all the proposed methodologies.

Key words

Facility Location, Geographic Clustering, Operations Research, Fire Risk Prediction, Linear Program-
ming, Dynamic Resource Reallocation, Graph Theory, Geographic Information Systems, Optimiza-
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Algorithm Design, Mathematical Modeling






Evyoprotisg
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KE®AAAIO 1

Exteviic EAAnvikn Heptinyn

1.1 XompoBétnon Eykatactacemv

To mpdPAnua yopobétnong eykatactdcoewv [[1] amoteiel KAAJO TNG EMLYEPNCLOKNG EPEVVAG TOV
peketd ) PEATIOTN TOMOOETNON £VOG 600EVTOG GUVOLOL EYKOTAGTAGEWDY, LE GTOYO T1| LEYIGTOTOINGN
™G KAALY”NG TG {NTNONG KAl TNV EAAYIGTOTOINGT TOV KOGTOVG AEITOVPYING TV EYKATACTACE®V. XV-
ykekppéva, opifovpe évav petpkd yopo (F [ C;d), 6mov F eivar to ohvoro towv totobecidv tomv
gykatootdcemv, C gival 1o chvoro Tov tonobectdv tov tekatdv ko d : (F [C) (FLC) ¥ R
glvar pia cuVEPTNON OMOGTAGCTG TOV IKAVOTOLEL TV TPIYWVIKT aVICOTNTO, VAL LT OPVNTIKT KO GULL-
petpikn. To kéOe tomobeoia | 2 F, opilovue éva kdotog avoiypotog Fi 0. O otdy0¢ eivon va
avoiovpe éva vmoohvolo eykataoctdoewv S F kat va kaBopicovpe pia avtiotoiyion and syka-
TAGTACELS O€ TEAATEG DGTE VO EAOYIOTOTTOMNOEL TO KOGTOC OVOIYLATOG TV EYKATOCTAGEMV KOl TO
K00T0¢ ovvdeomc. H ouvdeon evog meldn 1 ue pia eykatdotacn J kootiCer d(i; j). H aviikeluevikn
ouvapTnoN ekEpaletal mg

o 1
X
min @f(S)+  d(j;S)A
jac

, 0mov S givan 10 PN Kevd GHVOAO £yKOTAGTAGEDY OV emAEyovue va Asttovpyovv kot d(j; S) =
mingzs d(J; S) opileton mg N eldyiotn amdéotacn petal&d Tov TEAGTN J Kot OTOIGONTOTE EYKOTAGTO
ong tov S. H cuvdptnon avt enididkel va ekppaoet T ADon EAAYIGTOV KOGTOVS LETAED TNG EMAOYNG
TOV ONVOTEPOV TPOC GVOLYLOL EYKOTOGTAGEMY, Ol omoiec pmopei va eivar “Ga+ eUaysY amd Tovg me-
AdTec, kat TG emAoYRG eyKkataotdoemy Tov eivat 20339 Mo KOVTd 6TOVG TEMGTES, AAAG EVEE ETOL
va givor akpipotepec ot Asttovpyio tovg. H mopandve Satdmmon tov mpofAnpatog yopobdétnong
EYKATACTACEMV Kol TOPOUOLEG OTATIKEG TAPAALAYES, OOV TOL GLVOAN TEAUTAOV KOl EYKUTOCTACEDV
elvan otafepd, oo Kot Le To GOVHETOVG TEPLOPICUOVG TTOV EKPPALOVY YOPNTIKOTNTO KAADYNG Yol
kG0 gykatdotaor kol eAdyiotn {Tnomn KeAloyng yuo Kabe TeAdTN, utopovv va extivbovv pe pedo-
dovg Miktov Aképatov I'pappucov [poypappaticpod (MLIP) [2]. H otatikn ympobétmon eykata-
6TacE®V UTopel va amoTteAEceL 1IoYLPO EPYUAEID GE TPAYLATIKA TPOPAN AT, OTTOL VYNANG TOLOTITOG
1GTOPIKA SEOOUEVO ETOPKOVY Y1 TOV KABOPIoUO MO GTATIKNG KOTAVOUNG TOV kavomotel T {itnon
610 mapdv N 610 péMov [3]. e avtd o mhaicto, N otatikn katavoun SwadpapariCet Gge “ady¥reUlsah
poro ot Pactkn SLVOLKT AYN aTOPACE®DY TOL AAUPAVEL Ydpa OTov 1 (TNoN Kal Ol TEAATEG ILeTa-
BaArlovton pe tov ypdvo. Katd cuvénela, evamdkeLTol 6ToVE QopEic (EYKATACTAGELS) VO ATOPOGICOVY
070 0h"ag “HI0 kon “BIBgY meLdTeS B eEVTNPETHGOVY BTN GLVEYEL.



6 Extevng EAAnvikn [Tepiinyn

INo v avtipetdnion g afefordtrog Tov TPoKHTTEL AT SVVOUIKG LETOPAAAOUEVES TOPOUE-
Tpoug Tov ovothparog, 1 tgsUesee ey yadyldid UoeUiUGIYAl¥3 oe (wvtavo (online) mhaicto xprot-
pomoteitan ektevag ([4], [L]). e avtd 10 TAic10, 01 TEAATEG KATAPOAVOLV S10d0Y KA LE TNV TAPOSO
TOV ¥POVOVL aVvTi va eival YvmoTol ek TV TpoTtépav. Ot amopdoelg TPEnel ETOUEVOG Vo AapBdvovtat
oTadl0Kd, He Baon povo Ty TAnpopopia wov £xel omokaAvEOel puEypt T dedopévn otrypn. Ot eyka-
TAGTACELG TOV ETAEYOVTOL VO AELTOVPYNCOLV TOPAUEVOVY GUVIOMG OVOIKTEG Y10, GTLLOVTIKO YPOVIKO
o, KOOMG TO AVOLYLLO, TO KAEIGLIO 1 1] LETEYKATACTOGCT TOVG CUVETAYETOL OTLOVTIKA oTOOEPE
KOGTY. X KAOE YPOVIKN OTIYUN, LE TNV APIEN EVOG TEAATN, O LTEVOBVVOG AYNG OTOPACEMY TPEMEL VAL
kaBopicetl av Oa avabécel Tov meLdTn o€ 10N avolkTn gyKatdotaon 1 av Ba avoifel (1 Ba peteykoto-
otnoet) pia aGAAN eykatdotaon. To cuvoiikod k6GTog aToV Ypovikod opilovia oyediocnol TepthapPavet
oLVNO®E KOOTN OVOLYLOTOG EYKOTOGTAGE®Y, KOGTT 0vaOeong TeAATdV (GVY VA LOVTELOTOLOVUEVO MG
OTOGTAGEIS € PETPIKO YDPO) Kol KOGTN HETEYKATAOTAONG 1) aAAaync. Emedn ot eykatootdoelg dev
UTOPOVV va. LETATOTILOVTOL GLYVA YWPIG VYNAO KOGTOG, 1 Ao Ttpénet vo eElcopponel TV avtomd-
Kplon ot peTaParropevn {tnon pe T otabepdTnTa TG CLGTOLYING TWV EYKUTAGTACEMV.

O 610%0G €ival 1 ELo(1GTOTOINGT) TOV KOGTOVG GTOV ¥POVO, GE GUVIVUCUOG LE OTODOTIKT IKOVO-
noinon g Rnong Kot 1 arddoon adloloyeital cuVROOS HEc GLYKPLONG TG online Avong e pio
Béltio (M mpooeyylotikd BEATIoT) offline AVon wov dabétel TAN PN YvdoN OAGKANPNG TG KOAOL-
Bilog apitemv.

To mpoPAnua yopobétnong eykataotdoewv xet peretndel ektevas Kot £xel fpet TOAAEG EQUPLLO-
Y€G 6€ S1A(QOPOVS TOUEIG TOV APOPOVY TNV KATAVOU TOp®V Kot T BEATIOT avoroinon {tnong,
omwc M dwayeipion amofAntav [§], Ta dedopéva kivntikdtntag [6], 0 oYESGUOG ACTIKMOV VATPECLDV
[7], kaBd¢ xat epappoyéc kKinong taéi [8].

1.2 Koaravopn IMvpocsPeotikav Iopov

1.2.1 Xnpooia

H amotelesoTiky KATOVOUT TUPOGPESTIKOV TOP®V EIVAL KPIGIUN Y10 TNV EANYLOTOTOINCT TOV
YPOVAOV OTTOKPIOTG, TN HEIMON TOV VAIKGOV (udv kot TN dtdcmon avipodmivev (odv. Ot TupocPe-
OTIKEG VTINPEGiEg avTipeTOTILoVV gyyeveic TPOKANOELS, OTMG TEPLOPIGUEVO TPOGMOTIKO KOl E0TAL-
oo, yopkd Kotovepunuévn inon kot anpofienteg tonobecieg cuppaviov. H BEdtiotn TotoBétnon
TVPOGPECTIKOV GTOOUMV KoL 1] SUVOLIKT KOTOVOUN TOV TUPOCREGTIKOV LOVAS®V UTOPOVV Vo PEA-
TIOGOLV GNUOVTIKG TNV KAALYT DINPECLOV Kot T1 AEITOVPYIKY| amodotikotnta. H tomofétnon avtn
Ba pémet 1avikd va Aapavel vTdyn T HOPPOAOYID TNG TEPLOYNG EVOLAPEPOVTOC, TO EXKPATOVVTO
TPOTLTLO. AVOPOTIVIG OPAGTNPLOTNTOG KAl KIVITIKOTNTOG, KOOMG KOl TOPEYOVTES OTTMG 1] EXOYIKOTNTO
KoLl Ol KUPKES GVVONKES, o1 0moiot ennpedlovy 1660 TNV TOOVOTNTU EKONANDONG TUPKAYIAG OGO Kot
oV pLOUS eEAMA®ONC NG Kot TpOKANonG {numv [9].

Me v avEavOpeVn AoTIKOTOINGT Kol TNV TOAVTAOKATNTA TNG OOUNG TV TOAEWV, 1] TAPASOCIOKN
EUTEIPIKT TOTOBETNON TOPWV GLYVA dev emapkel. O oTPATNYIKOG OYEOUGIOC KOl 1] GUGTATIKY] Ko
tavoun dac@aiilovv 6TL 1] AOKPLOT) GE KATUCTAGELG EKTAKTNG OvVAYKNG elvar Eykatpn, a&lOmoTn Kot
KOV VOL KOADWEL TIC OVAYKEC TEPLOYMY LYNAOD KIVOUVOL, EVICYDOVTOS TEAKA TN ONUOCLH ACQAAEL
kot ) BéXTIoT aglomoinon TV TOp®V.

Onwg kabiotator cagés, 1 enitevln AEITOVPYIKNG OTOS0TIKOTNTAG GTNY TUPOGPREST amalTel TV
EVOOUATMOT] TOALOTADY EMGTNUOVIKGOV TTediv. Avtd mepthopPdvel T GVALOYN KOl AVAALOT Oe-
doUEVOV 08 TPAYHOTIKO YPOVO amd d0pLPOPOVE, OLCONTAPES Kl 16TOPIKA apyeia cuppdviov, v
e€orymyn Kot dNULoVPYio YOPAKTNPICTIKMY Y10, TPOYVMGTIKY| LOVIELOTOINGT|, TNV EPUPLOYT TEXVIKMDV
UNYOVIKNG Labnong kai fertiotomoinong yio TV vrootpiEn ™G AMYNG AmToQACE®DY, TNV EVOMLUA-
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TMOOT] TNG EUTEPIOG TOV TUPOGPRECTOV KoL TNV OTOTEAECUATIKY EMKOWV@OVIR 0.EI0TOGIL®Y GUUTE-
POCUATOV TPOG TIC EXYELPNCLUKES OUAOES. ZVVOMKE, TO, GTOXEID VTG GUVOETOVV pia ETLYEPTCLOKN
oAVGI10a ad To KATEPYAOTO OEOOUEVE EMG TNV ANYT ATOPACEMV, EMTPETOVTAG EYKALPT KOl ATOJ0-
TIKN OOKPLOT OE KATUOTAGELS EKTAKTNG AVAYKTC.

1.2.2 Awrdnoon Hpopiqpartog

To mpdPAN e KaTtavoung muposPeotik®v topov umopel va dtatvnmbel og TpofAnpa xopobétmong
Kot avaBeoTg £YKATAGTAGEMV, OOV 0 GTOYO0G £ival 1 BEATIOTN TOTOBETNOT TVPOGPESTIKMV GTAOUMV
UE TEPIMOAKA oYpHaTo (LOVASES) TIOOVAS SLUPOPETIKAY EMLYEPTOLOKDOV SUVATOTTOV KOl 1] KOTO-
VO T®V HOVAS@V yio TV kdAvyn mbavav coppaviov. Eoto F 1o 6hvolo tov vroymeumv tomobe-
o1V Y10 TuPpocPectikong oTadovg kot C 10 6hHVoAo TV TBaVOV ToT00ECIOV GUUPAVTOV (TEAATOV).
Kabe eykotdotaon F 2 F éyel ovoyetiopévo KOGTOG 0voiypoTog, TEPLOPIGUONG XOPNTIKOTNTOG KOl
éva ohvoro povadwv dtubéoimv yia avantoén. Kabe meddng ¢ 2 C €yetl pia {ftnon mov avtimpo-
COMEVEL TNV OVOLEVOLEVT] amaiTnon eELANPETNONG KAl VOV PEYIOTO EMLTPENTO XPpOVO amdkpione. O
6TOY0G €1vaL 1] EAAYLOTOTOINGT] TOV GUVOAIKOD AEITOVPYIKOD KOGTOVG, TO 0Toio cuvnOmg mepthapPd-
Vel

Koot avoiypatog 1 Agttovpyiog £yKATAGTACEDV,
Koéom avéBeong 1 ovvdeong (m.y. xpovog petaxivnong and otadpois oe coppdvia),
[Mowég Yo pn kaAvmtopevn Rnomn N vaépPoct opimv ¥pOVoL UTOKPIoNG.

MoaOnpotikd, to TpdPAnue propei va povtehoron et pe Miktd Axépato I'pappiko [poypoppoaticpno
(MILP) 1 dAAeg peBddovg cuvovaoTikng Peltiotonoinong, avaAoya Le TOVG TEPLOPICHOVE KoL TV
KAMpoka Tov cvetyuatog. Enektdoeic oe duvapikd mhaicio e€etalovy dadoyikés apifelc cuppdviov
KOl EMTPETOVY TPOGOUPLOCTIKT LETEYKATAGTACT LOVAS®V, AApUPAvoVTag LITOYN EMLYELPTOLOKOVS Kot
AOYLOTIKOVE TEPLOPLGLOVG,

1.2.3 Xyetucn) Biphoypagio

‘Eva onuovtikd ocopa épevvag £yl emkevipwbel otn PELTIOT KOTOVOUT TUPOCPECTIKOV TOP®V
UEG® POVTEL®V YPOoBETNOT G Kol GLVOE®Y Tpoceyyicewv Pertictonoinong. Ot Rodriguez et al. [[10,
11]] etonyoyov mAaicio KTod oKEPOIOL TPOYPULLATICHOD Kol TPOGOUOINoNG-BEATIGTOTOINGNG Yo
NV amd KOwoL amdeuct TomoBETnong TUPOCRESTIKMOV oTOOUMOVY Kot avdbfeong oynudtwy, LEYIoTOo-
TOLOVTOG TNV AVALEVOIEVT KAALYN AapPAvOVTAG LITOWT| T XPTO1) OYNHATOV KOl GTOYAGTIKE TPOTLTOL
ApEnc emerydovTmv meplotatikdv. Ot peAéteg ToVg epappoctnkay oty emapyio Concepcion ot XiAn,
KATOOEIKVOOVTOG ONUOVTIKEG PEATIMGELS TNV KAALYT KOL TNV OT0S0TIKOTNTO 0TOKPIoNG GE GUYKPLOT
LLE TIG VOLOTAUEVEG SLUTAEELC.

AMAEG £PEVVEG EMEKTEIVAY TIG TOPAOOCIOKEG HeBOSOVG YOPOBETNONG EVEOUATOVOVTOS TPOYV®-
OTIKT| pLovTELOTOINGT| Kol OEiKTEG EMYEPNGLOKNG amddoons. [ mapdderypa, ot Dey et al. [[12] avé-
nToEay pio Tpooéyylon Paciopévn otn Unyovikn pdonon yw v tpoPieyn g actikng tmong
TLPKAYLDY KOl TOV OPIoHO €VOG OEIKTN TOLOTNTOG VINPEGING, XPNOLOTOIDOVTAG Opadonmoinon Pdoet
xPOVOL LETOKIVNONG KOl BEATIOTOTOINGOT Yol TNV EMAOYT TOTOBECIDV TVPOGPESTIKAOV cTadpmv. [o-
popoimg, ot Takedomi et al. [[13] mpdtevav éva poviéro ywpobétnong p-median [[14, [15] pe cvvap-
™on TPOPAEYNC ¥POVOL AVALOVIG DGTE Vo AapPdvovtal vToy™n TG0 ot YpdVoL peTakiviiong 0G0 Kot
01 KaBLGTEPNOELS OUMOGTOANG GE LANPETieg 0d1kN g Pfonbetag Ektaktng avaykng. Kat ot 600 pelétec
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OVOOEIKVOOVV T1| GTHLOGIO TNG EVOOUATMOGONG TPOYVOGCTIKNG LOVTEAOTOINGOTG KOl ENLYELPTCLOK®OV TT0L-
payovtov ot Bertiotonoinon yowpobiétong yia ™ Pertioon g KAALYNS Kol TNG amod0TIKOTNTOG
omOKPLoNG.

Melétec xopoBETNoNG 0N S10IKNTIKY LEPYLVO KOl GTIG VTN PEGIES EKTAKTNG AVAYKNG EXOUVV £miong
gketdoet evptepeg mpooeyyioelg. Ot Wang et al. [[16] mapéyovv pia eKTEVH ETOKOTNGT TV TPOPAN-
ATV YopoBETNONG EYKATUCTAGEWV EKTAKTNG OAVAYKNG, SLINTOVTOG TEXVIKEG LOVTELOTOINOTG, TPO-
ogyyioelg emilvong Kot TpakTikd THOTO, OTMG 1] TOAVKAALYT Kol Ol TEPLOPICUOT YOPNTIKOTNTOC.
Ot Zhou kou Li [[17] perétnoav mpoPfAnpata xowpobEéTnong vanpesidv EKTOKTNG OVAYKNG LE TOAV-
KéAvym Aappdvovtag voyn TOAVES ATMOAELES OO KOTUGTPOPES, SIVOVTUG ELLPACT] OTOV GYESOGUO
VTOJOUMV UE EMLYVMGT] KIVOLVOV.

[Iépa amd 11 KhaoKES Tpooeyyioels PeAtioTomoinong, tpdopates peréteg abtomoinoay tn Pabdid
EVIOYLTIKN pabnon vy 1 dayeipion Tupkayidv. [o mapdderypa, ot Murray et al. [[18] avéntuéav éva
mA0ic10 yuo T BEATIOTN TOTOOETNON AVTITLPIK®OV {OVOV GTNV TPOANYN SAGIKOV TUPKOYIDV, dElYVO-
VTOG OTL OTPATIYIKEG BOCIGUEVEG TNV TEXVNTI] VOT|LOGHVI] UTTOPOVV VO DTTEPEYOVY TOV TOPAIOC UKDV
EVPETIKOV, LOVTEAOTOUDVTOG OTOTEAEGUATIKG TN YOPIKY EEATAMON TNG TLPKOYLAS Kol TOVG TEPPAA-
AOVTIKOUG TOPAYOVTEG HECH TPOGOUOINGTC.

YUVOMKGE, o1 peAéteg aVTEG avadelkvoouy pia petdpaon and khaowkég npooeyyiceic MILP kot
TPOGOLOIMONG TPOG L0 SEGOUEVOKEVTPIKA Kol EvalcOnTOTOMUEVA MG TTPOG TOV Kivouvo povtéda. H
GUYYPOVN EPELVO. EVOOUATMVEL OAOEVA KOL TEPICCOTEPO TPOYVIOOTIKY LOVTIEAOTOINGT|, TPOTLTA V-
Opdmvng KvnTikodTTOG Kot {TNOMG, GTOYACTIKEG TPOCOLOIMGELS KOL TEXVIKES TEXVITNG VONUOGHVNG
Yo TV EVIGYLON TNG AMOTEAEGLOTIKOTITOS KO TNG TPOGOPHOGTIKOTITAG TV GTPUTNYIKOV KOTAVO-
UG TUPOGPESTIKAV TOPWV.

1.3 H Xvvero@opad pog
H ovveiopopd g mapovcos Simhmpatikng epyaciog cuvoyiletotl og e€Nc:

Avanticcovpie £vo OAOKANP®UEVO GVOTNILO VTOGTHPIENG ATOPAGEWDY amd AKPOo o€ Gkpo (end-
to-end) Y10, GTATIKY KATOVOUT OXYNUATOV KOl OUVALLKT] OTOGTOAN 6€ TupKayléc. To mhaiclo gv-
COUATOVEL GLAAOYN SESOUEV®V, YEOYPOPIKT OLOOOTOINOT), ETIA0YT VIOYNPLOV BEcE®V, VTTO-
AOYIOUO 0mOoTAcE®Y PAcel 001K0D SIKTOOV, BEATIGTONOINGT YPALLULKOD TPOYPULLLATICUOD KOt
a&10AGYN O GEVOPIOV GE L TATPOG CUTOLUTOTOMEVT], OVOTTALPOYDYLT KOL YEDYPOPLKE, OlyVm-
oTIKN ahvoida eneEepyacioc. Anod 6o yvopilovpe, avtd amoteiel T0 TPAOTO TANPOG EVOTTOU)-
HEVO GUGTNIO QVTOV TOL €id0Vg ot PifAtoypaeia.

Evoopatdvovpe dpeca tnv epmelpia tov mopocsPestav otn dwudikocia fedtioTonoinong, emt-
TPEMOVTOG OTOVS YPNOTES VA TPooapuolovv Pactkois deikteg Aol KOPIKOV cuvinK®V, Yem-
YPOPIKOV II0LTEPOTHTOV KOl ETLYELPTCLOKNG EUTEPIOG. AVTO EMTPENEL GLYKPIGELS OVTITOPO-
Oetikdv (counterfactual) cevapiov peta&d EVOALAKTIKGOV GTPATNYIKAOV KoL YEPUPAOVEL TO YOG
peta&h BemPNTIKNG LOVTEAOTTOINGNG KOl TTPAYLLOTIKNG AYNG OTOQAGE®V, YAGHLO TOL EENKOAOV-
Oel va voiotatal og peydAo HEPog g veloTauevng PiAoypapiag.

1.4 T'evikn] ApyrtekToviKi
H opyrrextovikn tov cvotipatog Baciletol og Tpelg kopleg poég epyaciag (pipelines). H por] de-

dopévav dlayepiletar T cLALOYT Kol TPOETMEEEPYACIO YOPIKOV TANPOPOPLOV, 1 PO1] EKTELEONG
TOPAYEL OTUTIKEG 1] OUVOLUKEG KOTAVOLEG OYNUATOV LEG® alyopiBumy PerTiotomoinong, Kot 1 pon
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aELoLOYNGG EMTPETEL T1 GVYKPLOT TOV AVGEDV KOl TOV VITOAOYIGUO TOL KOGTOVG UETAPaoNG e-
ta&d Toug. O €leyy0g TV Asttovpyldv Tpaypatonoleital péom evog web client (Flask [[19]), o omoiog
TPOGPEPEL S1EMOPT GTOVC YPNoTEG-TLPocPéctec (ZyAua [L.1)).

Yympa 1.1: Tevikr| 0pyITEKTOVIKT GLUGTILOTOG

1.4.1 Pon Agdopévev (Data Pipeline)
H pon dedopévav (Zyxiua [[.2) tepthapfaver to e£hg otddio:

Ewayoyn: Zvlioyn yeoyopikdv dedopévov (deikteg KvoOvov, VYOLETPO, LETEMPOAOYIKES
TpoPAEYELS).

Mpoeneepyoosio: Kabopiopoc kot kavovikomoinon dedoUEVmY.

Yvotaoomoinen (Clustering): Opodomoinorn ce oUOl0YEVEIC TEPLOYES Y10 LEIMOT] TG VTTOAO-
YIGTIKNG TOAVTAOKOTNTOG.

Emloyi Yroyneiov Enpeiov: Eviomicpog Bértictov Bécemv 6Ta0ELGNG KOVTA GTO 001KO
diktvo péow Overpass Turbo API [20].

Ynohoyiopnég Amootacewv: [lopaymyn mvakov ypovoamostacewv pécw tov OpenRouteService
APL

Yyfqna 1.2: Pon enefepyaciog dedopévav
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1.4.2 Awenognq Xpnotn (Web Client)

H gpappoyn emrpénel otov ¥pnot TV OXTIKOTOINGN TOV dES0UEVOV VA TEPLOYN, TNV TAPOLE-
Tpomoinomn TV aAyopiOumy kol v extédeon cevapiov. Ot kbpleg Aettovpyieg mepthappdvovy tnv
EMAOYT TEPLOYNG EVOLLPEPOVTOC, TPOTOTOINGT TUPOUETP®V, TNV TPOPOAT TV VIOYNGIimV onueimV
Kot 1 Onpovpyic/chyKpiorn KOTovoudv oxnuitoy.

1.4.3 Pon Extéheong (Execution Pipeline)
H ponj extédeong petooynuotilel To dedopéva 16000V G PEATIOTEG KOTUVOUES YPTOLLOTOIDVTOGC
tov emAvt] Gurobi [21] (Léow g PPAodNKNg gur obi py).

XraTiko ko Avvapiké Movtého

To otatké povréro (Zyfpa [I.3) vroloyilet Tig apyticéc Bécelc v oyMudtmv Pacet SeikTdv on-
povTikdm™To Kot Stodéciuav opov. To duvapké povréro (Zyqua [[.4) afomoeiton kotd ™y ex-
ONA®OT TVPKAYLAS, AVOKOATAVELOVTOS TO VTOAOUTO, OYNLOTO Y10, T SLOTPNOT TG UEYIGTNG SVVATNG
KAALYTG OTIV TEPLOYT).

Yympa 1.3: Ponj extéleong - Xtatikd povtédo

Yympa 1.4: Pon extéleong - Avvapukod HoviELo

1.4.4 Pon A&wroynong (Evaluation Pipeline)

H pon a&ordynone (Exiua [.9) cvykpiver SlapopeTikéc KOTAVOLEC YPIOILOTOLOVTOS 1GTOPLKH
dedopéva cupPdviov. Ymoroyilel 6eikTec 0mOdOTIKOTNTOG KOl OTTTIKOTOLEL TO TAGVO BEATIOTNG pETa-
@opag (optimal transport) TV oyNUATOV HETAED dVDO SIUPOPETIKMY KATUVOLDV.
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Yyqpa 1.5: Pon a&loAdynong Kot cOyKpiong

1.5 Asgdopéva

Ta dedopéva g peréng yopilovial o€ 600 KOPIEG KOTNYOPIES: TEMYMPUKA OE0UEVA F0PLPOPOV
KoLl EMYELPNOLOKEA dEd0NEVE TVPOSPECTIKIG.
1.5.1 Teoyopwka Asdopévo,

H ghAnvikn emkpdreio avamapiototol og mAypo kemov peyébovg 500m  500m. Ta yapoxtnpt-
oTIKG KaOe KeMov Tagivopovvtal og e&Ng:

Katnyopia Heprypaen / XapaxtnproTikd Mopon
YToTIKA Mopoporoyio.  €ddpovg  (vyouetpo, | Raster / Grid
KAion), yxpnon yng (Corine), mAnOv-
OULOKT)/001KT]  TUKVOTNTO, 1GTOPIKO-
TNTO TUPKAYIOV.

Avvopkd Kafnuepwvég petewporoykég petpn- | Raster / Grid
oeg (Bepuokpaocia, Gvepog, vypaocia,
Bpoyomtwon) Kot emoylokol dEIKTEG.
Mpoyvoetikd | Asgiktng emkivdvvotnrag (risk) ma- | Raster (Probability Map)
payouevog omd poviého  Machine
Learning (Random Forest, XGBoost
K.0.).

ivakag 1.1: Katnyoplomoinomn yewywpikmv dedopuévaov

1.5.2 Emyaipnowoxd Agdopéva IMvposPestikig

To dedopéva. o TA YPTNOLOTOLOVVTOL Y10l T LOVTEAOTOIN G TOV TEPLOPICUMY Kot TNV a&loAdYNon
TOV OMOTEAEGUATOV:

Iotopwké Zoppavrov: Asdopéva torobeciag, dS1dpkelog Kot £vTaong TapeABOVI®OY TUPKAYLOV
o€ popon shapefile.

Yrofpoi MupoosPeotikiic: Ot 6T00epEs YemYpapIkég BECELS TV VTOPYOVSHOV VITOSOUMY.
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Hoépor ava Meproépera: O dwbéoipog apBpog oynuatov avd voud, o omoiog kabopilel Tic
TAPOUETPOVS TNG Hadnpatikng Beltiotonoinong.

1.6 Enelepyoaoio Agdopévemv

H mpoetoyacio tav dedopévav viomombnke pécw pag Tpocappocuévng kAaong o€ Python, 1
omoia evomolel etepoyeveig mnyég (raster kot tabular) og pua kown vwoloyiotiky dopn. Ta kdplo 6Tdd10
nephappdvovov:

EvOvypappion Raster: ®optoon unviciov tpofréyeny kivdvvou pe t BiAodnkn ri oxar r ay
Kot yopikn TapepPoin (interpolation) o eviaio TAEypa.

Yuyyovevon XopoktnpeTik@v: Evomoinon mivékewv CSV (NDVI, DEM, tAnfucopdc) e ta
Ye@Y®PIKA dedopéva Kot amddoon kdbe KeMov oty avtictolyn SownTik) evotnta (vopd)
péow geopandas [22].

Kavovikoroinon: Khpdkmon 6lav tov cuveymv petofintov oto dtdotmpua [0; 1].

Telkn Mop@omoinon: Metatpont) Tov Guvorov dedopévav og mivaka numpy popefg (Nx; Ny; Nieatures +
2), 6mov o1 800 TeELeVTaiEC OTAAEG OVATAPIGTOVV TIG YEWYPUPIKEG GCUVTETUYUEVEG,

H Sadikacio oot dtoc@arilel 6Tt Ta dedopéva givatl ETOLUN VIO TNV EQOPLOYN TOV 0AYopiOuwmy
oLoTAdOTOINoNG Kot BeATIoTOTOINOTG OV 0KoAOVOOVV.

1.7 Tewypoagiki Xvotadomoinon

Adyo Tov peydiov TARB0VC TOV YOpKdY kehov (dve tov 10°), ) dueon enilvon Tov TpoPAfuo-
TOG KOTAVOUNG oyNUdToV gtvor vTtoAoyiotikd avépiktr. H cvetadomoinon (clustering) amookonel otn
UElmoT TV SL0GTAGEMY TOL TPOPANLATOC, OLASOTOIDOVTOS TO KEALN GE EVPVTEPEC EMOMTIKEC TEPLOYEG

ue ta NG KprthpoL:
Xopwkn Zvvoyt]: Alac@dAion KuptdTNTOS KoL OTOPLYT OTMV 1) GUUTAEYUEVOV Opimv.

E&wooppiénnon Poptiov: Aviiotpdomg avdioyn oyéon peyéboug-kivovvov (vymidg kivouvog
GUVETAYETAL LUKPATEPT] GLOTAOA).

Avotkn Tk Aopn: [eplopiopodg v cueTddmy eviog Tav opinv tng id1ag [eprpépetog.

Kat ot 000 wpotevopevotl aryopiBpol acifovror ot etaduicpévn Evkieideia ardctaon (Lo)
EML TOV KOVOVIKOTOMIEV®VY Yopaktnplotikdv (NDVI, khion, minbuouog k.a.).

1.7.1 AkyopOpog IMreoyn@iog (BFS-based)

O alyop1Buoc emekteiveTal oo Evo KeEAM-Tupnva xpnolorolovtag avalitnon kotd tidtog (BES).
‘Evo. ye1tovikd kel evoouat@veTOL ov gival Topopolo pe évo. tpokabopiouévo tocoatd (Majority
Percentage) tov 1M vaapyovc®v KEM®V TNg GLOTAdAG KOl EQOGOV 1) TPOKVTTOVGH GLGTAS dEV
eivar g~ U3bGasaY vymiov kvdHvov yio to TpokvmToV PEYENoG.

IMolvrhokotnta: O(C w nm), 6mov C 1o péyioto péyebog cvotadog kot W o TAR00¢ Tmv
YOPOKTNPIOTIKDV.
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1.7.2  Iepapykog AhyoprOpog (Kruskal-based)

Baociletor otn Aoyikn Tov eAdytotov cuvdetikov dévipov (MST), EekivdvTag amd NM cveTddeg
Ko suyyovevovtag drinota (greedy) o “98 Opota yertovikd Lebyr, EpOGOV 1] TPOKVITOVGH GVGTAS
pel Evav ELeyyo KupTéTNTOG.

P~ P~
Molvrhokotnta: O(Nm ~ C (w+log(nm C))+nm C) Aoéyw tng xpriong doung cmpov
(min-heap).

1.7.3 Ipoxtui Xoykpion

Evd o aiyopBpog BFS, Bdaoetl amotelecpdtov, TpocseEépel KOADTEPT) OLOLOYEVELN LE KOTAAANAES
TOPAPETPOVG, O XPOVOG EKTELEOTG YO TTPOKTIKES EQUPHOYES eivar peyoldtepoc. ‘Etotl o 1epapyucdg
aAyopOpog Kruskal emihéyOnke g katoAANAOTEPOG Y10 TV ETXLXEIPNCIOKT TPOETOAGIO TV ded0-
UEVOV, PETAED GAA®Y AOY® TNG TTLO0 YPNYOPTG OAOKANP®GOTG G TPAKTIKO entinedo. H avmtepdtntd Tov
£yKeTaL EM{ONG KO GTIV TOPAYMYY| YEOUETPIKA GUUTAYMV KOl KUPTMOV GLGTAO®MV, Ol OTOIEG O1EVKO-
ADVOLV TOV LETEMELTA YPOLLUIKO TPOYPOUUATIGHO KoL TNV KAADTEPT] OPYAVOGCT] TV ETOTTIKMOV TOUEMV
gvbvvnc.

1.8 Emioyq Yroynouov Ofcemv

Metd 1 cvotadomoinon, ivol amapaitnToc 0 TPOGIOPIGUAIC CUYKEKPILEV®Y, EPIKTOV CNUEIDV
OTAOLEVONG TMV TVPOGPESTIKMV OYNUATOV EVTOG KAOe cvuatddac. H emloyn avth anrookomne:

Yt peioon TS ToOATAOKOTNTOG: AVTI Y10 EKOTOUUDPLN KEALE, TO LOVTELD PeATIoTOTOINONG
eEetdlel évav Teploptopévo apliid avVIITPOCOTEVTIKMY CNUEIWDV.

Yy emyepnotokn epiktotyra: Ta onpeio mpénetl va eivar tposfaoipa amd to 0d1kd dikTvo,
amokAgiovtag duafoatec mePloyEs (6Aon, KOPLPES) 1 TOVVEA.

Yt yemypagiky dwacmopa: To onueia Tpénel va KOAOTTOUV OLOIOLOPPO TNV £KTOOT KAOE
oLOTANG.

1.8.1 Me0Oodoroyio kot API Overpass Turbo

[N v evpeon Tov onueiov ypnoyomolodpe to Overpass Turbo API yio tnv dvtinomn dedopévmv
an6 to OpenStreetMap.
H pebBodoroyia meptroppavet ta €€1g otddio avd cuotdda peyéboug Nn;:

P
(1) Ymoroyiopog Axtivag Avelitnong: Opiletar po Suvopikn axtiva Sry = % g”‘ YOp® omd T0

KEVIPO TG GLGTASG I, DOTE VO ATOPELYOVTOL Ol EMKAADWYELS LUE YELTOVIKEG GVOTASEG.

(il) PuTpapiopo Odikod AikTvov: Avaktdvial udévo dpduot katrnyopiag primary, secondary 1
tertiary ue kotdAAnAn emedaveia (paved), eEapd@VTOC YOUOTOSPOLOVS KOl GHPAYYEC.

(i) Apywé Xnpeio: EmAéyeton o 001ko6g kOpPog mov Ppicketal TANGIESTEPO GTO YEOUETPIKO KE-
VIPO TNG GLOTAJOC.

(iv) Xopwn Awapoporoinon (Max-Min Heuristic): To endpeva onueio emAéyoviot emavoin-
TTIKG £TGL MOTE VO LEYIGTOTOLELTAL 1] EAAYIOTN OMOGTAGT TOVG OO T O EMAEYUEVO, ONULELQL.
Av10 e€acpalrilel T péyiomn duvarty doToPa.
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1.8.2 Ewwéc legpumrtdoeis ko Yrodopsg

O vrdpyovteg IMvpoosPeotikoi Xrabpoi evoopatdvovior avtdpoTa ¢ oTadepd vIOYNEL oN-
peia, dwucparifovroc 0Tt To povtédo AapPavel vtowT TIG TpEYOLGEG VITOdouUES. To TeMKO cVUVOAO
dedopévov TEPIAAUPAVEL TIC CUVTETAYUEVES KOl T GLOYETION KAOE onpeiov pe T GuoTAda Kol TV
[Teprpépeta oTnv omoia OVIKEL, ATOTEADVTOG TV IGO0 Y10 TO LOVTEAO YPUUUIKOD TPOYPOULLATICLLOV.

1.9 Ymoloyiopog ATooTAGEMV

Ytov enyelpnolakd oxedaoud g TupdoPeong, o ¥poOvog avtamokpiong eival kpiocyog. H yew-
ypaown (Haversine) andotaor dev amoterel aidmioto deikn, kabmg dev Aappdvel vdyn ) doun
TOV 001KOV OIKTLOV, TO, OPLoL TAYVTNTAG, TIG LOVOSPOUNGELS KOl TIC KUKAOQOPLOKES puBpicels. Xuve-
OGS ELVOL YPNOLLOG O VITOAOYIGHOG AKPIPDOV TIVAK®OV YPOVOUTOCTAGEDY LETAED OAMV TWV VITOYNPI®V
onueiov, dtucearifovtag 0tL Ta poviéha Pedtiotonoinong foaciloviol 6 peaAoTikég cLVONKES Le-
takivnong.

1.9.1 OpenRouteService (ORS)

I'o tov vmoloyiopud ypnoiponoteitor 1o OpenRouteService API [23], (o mAat@Oppo avolkTon
Kkddwka ov Pacileton oto dedopéva tov OpenStreetMap. Emiéybnke 1o mpopil odnynongdri vi ng-
car, To 0moio TPOCOUOIDVEL LE aKpifela TNV Kivion TV TUPOGPESTIKOV OYNUATOV GE OGTIKO KoL
emopyLoKd SikTvo.

1.9.2 Me0Ooodoroyio YToroyiopov

H mapoywyn tov avdkov andstaong Kot ¥povov akoAovbet pia Sopnuévn dadikoocior:

(1) Hpoetopacio Asdopévmv: EEaymyn TV YEOYPOOIKOV CUVTETAYUEVOV TOV VTOYNQI®V O1)-
peiov mov Tposdiopictniay 6to Kepdhato 7.

(i1) Katarpnon Xvvretaypévov: Adyo tov nepropiopuomv tov AP otov apBud tov onueiov avd
aitnuo, To GOVOAO TV dedoUEveV yopiletat o€ pKpdTepa vItocvvora (batches).

(iii) Matrix API Queries: ExtéAeon aurtnudtmv npog v vanpecio Distance Matrix tov ORS yia
TOV VTOAOYIGHO TOV OTOCTACE®V (G€ HUETPO) KOl TV YPOVIKMV SlopK®V (G€ OEVTEPOAETTA) Y10l
kd0e (ehyog onpeimv.

(iv) Xvvévoon kol AroOikevon: Olempépoug tivakes evoopat@vovtal o€ vay kafoiud (global)
mivaka 0ToeTAGE®DY, 0 0m0i0g amodnkeveTal oe popery CSV yio yprion amd To HOVTEAO YPaL-
KOO TPOYPAUHOTIGLOV.

H yprion avtdv tov mivakov eEaceolilel 0Tt 1 TeEMKN Katavoun Tov oxnudtov 0o sival Beiti-
GTOTOMNUEVT] LE PAOT TOV TPAYLOTIKO XpOVO TPOSPacn 6Ta GUUPAVTa, EVIGYVOVTOS TV 0E10TIoTIO
TOV OTOTEAECUATOV TNG LEAETNG,.

1.10 Asgiktng Inpovtikotnrog

Mo ™ BéATioT KoTavoun TV duvapemy, eival amapaitnTo va Tpocdloplotel | oyetikn “aéio”
KkéOe vroymeiov onueiov. Kabmg dev ouufaiiovv 6Aeg ot tonobeciec e€icov oTov kivovvo 1| OTIg
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EMTTOGELG P0G TUPKAYLAS, EICAYOVUE VOV OETKTI CIUOVTIKOTNTOS TTOV EMITPENEL GTO LOVTEAO Per-
TIGTOTOIN O™ VO SIVEL TPOTEPULOTNTA, GE TEPLOYES VYNAOD PIGKOL 1 HEYAANG KOIVMVIKOOIKOVOLUIKTG
a&lag.

1.10.1 Emaoyn xou Kavovikonmoinon XopoaktnpioTik@v

O deikTng cvvTiBeTO OO L0 GEWPA ETEPOYEVMV YOPUKTIPICTIKMV TTOL eXnpedlovv TV Evapén Kot
™V e£AmAmon TG POTIAC:

Metemporoykd: Méyiom Beppokpocion Kot ToyOTNTO AVELOL.
Kowovikoowovopka: ITainbuopiokn mokvotnta kot To60oTd AoTIKNG KAALYNC.

Heprparroviika/Tewypaika: ITukvotnto PAAGTNONG, TOGOGTO dUGIKOV EKTAGEMV KOl KAIOT
€04.povC.

Hpoyvootikd: O deiktng emtKvouvoTNTOG TOL TPOKVTTEL 0d PovTELD Mryovikng Mdbnong.

AOY® TOV SLOQOPETIKOV LOVAd®V LETPNONG, EPaPUOLETOL MiN-MAaX KAVOVIKOTTOiNG1) G ENINESO
Teprpéperag, petatpémoviog OAo Ta YopaKTNPLoTikd 610 didotnue [0; 1].

1.10.2 MoaOnpotiki Avetotmon ko Eveopdatoon

O deiktng onpavrikomrog 1j yio kdOe onpeio j vroloyiletar wg 0 GTAOUIGUEVOG YPOUUIKOG GVV-
SVAGHOC TV ETAEYHEVOV YAPOKTNPIOTIKAOV:
x X
|j = Wi Xjk, He Wk = 1

OmOV Xjk M TN TOV XAPOKTNPLETIKOV K Kot Wi T0 Bapog mov amodidetat amd Tov xpiot.

1.11 T'poppkd Movtéra

Metd tov TpoSdIopIoUd TV VTOYNPIOY GNUEIDV Kol TOV EIKTI OTILAVTIKOTNTOS, TO TAIGLO TPO-
Y@pa otn Pertiotonoinon g katavouns. O otdyog gival SuTAog:

(1) Xrorwn Koatavopi: Kabopiopog tov apyikdv 8écemv meputoriag tov oynpdtov Bacel Tov
OVOAILEVOLLEVOD KIVODVOU (TTpy TV évapén g Papdtag).

(i) Avvopwn Katavopi): Avokatavoun tov evamopueivaviov oxnpdtov dtav KEmolo anrodecey-
OVTOL Y10 TV KOTAGPEST TLUPKAYIAS, DGTE Vo dtaTnpnOel  KAALYT GTIC VTTOLOITES TEPLOYES.
1.11.1 Xratwkoé Movtého Katavopung

To TPOPANLA SATVTOVETAL MG UEIKTOG OKEPALOG YPUUUKOC Tpoypoupatiopog (MILP) e otoyo
TNV EAOYLOTOTTOINGT TOL YPOVOL OTOKPLONG OTIC TEPLOYES VYNANG OTLLOGTOC.
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Xopporo Ieprypaon

Hapauetpor (Parameters)

N [T 00g vroynmelov onueiov

Si Agilkng onpavTIKOTNTAG TOV GNUEIOV |

dij Amootaon petald tov onueiov I kat j

K Yvvoikd TAn0og dubéciumv oxnudtov

u [Mopdpetpog e€icoppomnong (trade-off parameter)
z PuBuotikd gpdypo yevikevévng amdoToonG

Metafiintég (471,'0'(1)am1g (Decision Variables)

v 1; av tonobenBei dynuo oto onueio i
' (0; SLopopETIKA

» 1; av 1o onpeio J avatebei 6to Gynua ToL GNUEIOV |
ij .
! 0; dwpopetikd

Hivaxag 1.2: TTapdpetpot Kot LETAPANTEG TOV GTATIKOV HLOVTEAOL

O oyéoerc:
, }OX
)1(11;1; N v z+_ Sj Xij dij
j=1 i=1
X X
st. (1) x5=1 8j; (2) x5 Nyj 8i
X N )
G vi K @sj  xdij oz, 8)
i=1 i=1

Gyi=1 8i2F; (6)xij;yi2f0;1g;z 0

Eppnveia: H petafint) z eAéyyetr m yepdtepn mepintwon (worst-case scenario), evd o 0pog
SjXijdij PertioTomotel T cuvokikn amédoon. H mapdpetpog v e&icoppomnel avtovg tovg 9o 6to-
YOVG.

1.11.2  Avvopiko Movtérho Avakatavoprg

Otov T oynuotoa aroywpovv and to cuvoro A yia £va cupPav, To VTOAOITH TPETEL VO, LLETOKIV-
Bovv e 10 eAdy1oTO SLVATO AEITOLPYIKO KOGTOG.

Onwg mponyovuévag X 2 F0; 1gN N

otV Béon i kakvmtel v Béon j.

etvor o1 petafAntég kdivyng, 6mov Xjj = 1 av to Oynuo(vehicle)

Todpo opwc, y 2 F0;1gN N givar o1 petopintég avaxtovopnic, 6mov Vi j = 1 av o oynuo omv
0éon 1 petortomiletan oty Béon J.
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_ XK o
min Novezew o (g™ i
i=1j=1
X X X
st. (1) Xij =1, (@ Xij N Ypi
i=1 j=1 p=1
X X )
@ v L (4 vyj=1 8i2A
i=1 j=1
X ) X )
B) vij=0, 8iZA;, (©)s; xjdij z; 8j
i=1 i=1

Eppnveia: O ekBétnc m eléyyel v gvaioOnoio otig petakvioelg peydAwv onootdoemv. [a
m > 1, 10 LoVTEAO TPOTIULE TOALEC LUKPEC LETAKIVIOELS avTi Yl pio ToAD pokpvi, dtacparilovog
TNV EMYEPTOIOKT] ETOUOTNTO TWV OYNUATOV.

1.11.3 Ylomoinon

To povtédo emidOnkav pe tov Gurobi Optimizer. Ta amoteAéopota (uetafAnTés Yij kot Xij)
TAPEYOVY GUEGH VAOTOMGIO TAGVA 0vOdLITAENG TV SUVALE®MY GTOV YEOYPAPIKO YDPO.

1.12  A&wohdynon

Metd 10 6YEOOUO TOV GLGTAUATOG, 1] ALOAdYN O Elval OTAPAITNTY YO TOV EAEYYO TNG EMLYELPT)-
GLOKNG ATOTEAEGUOTIKOTNTOC. XP1OLLOTOOVVTOL EUTIGTEVTIKG LGTOPIKE OEOONUEVE, TUPKAYLDY TNG
IMvpooPeotikng Ynpeoiag, Ta omoia dev xpnoipomodnkay Katd tnv EKmaidgvon Tov povtéiov (out-
of-sample evaluation), yiwa v amopuyn pepoinyiag (look-ahead bias).

1.12.1 Awbvoopo Anékpiong kor METpo ATTOTELEGPOTIKOTNTOS

o k6Oe 16T0pIKH TOPKAyLd i, opiletar To Sravvopa amékpiong r(t), to omoio petpd moca
OYNUOTO, LTOPOVV VO, PTAGOVY GTO GLUPAV EVTOG YpoOvov t.

rOM) =jfj:dij  tgj; t2F0; ;2 ;g

It 60YKPIeT SLOPOPETIKMY GTPUTNYIK®Y KOTOVOUNG, opilovue T cuvaptnoen kdioyng Fi (t),
1 0mOi0, AVTITPOGMREVEL TO TOGOGTO TOV TVPKAYIDV TOV KOAVTTOVTOL 0t TovAdytotov K oyfuota
€vtog ypodvov t:
fi:r®O) kg
M
H ypagwn tapdctacn g Fk (t) Aettovpyel og epmeipikn abpototikn cuvaptnon kotovopurg (CDF).

100%

Fe() =

Oco o “amdtopun” gival 1 KapmbdAN TPOG TO APIGTEPH, TOGO TOYVTEPT] KOl ATOTEAECUATIKOTEPT) Oe-
opeitor 1 Katavoun.
1.12.2 Béhtiotn Avtistoiyion (Optimal Matching)

I'o va mocotikoromBel | Tpoonddeia petdafaong omd o katavoun A o o véo katoavoun B,
eMADETOL TO TPOPANpa Ypappikig avadeong (linear assignment problem). Xpnoipomoldviog tov



aAyopiOpo Hungarian, Bpickovpe tnv avTiotoiyion mov EA0YIGTOTOEL TO GUVOAIKO KOGTOG LETEYKO-
tdoTaong TOV oxNUATOV: >
min  dist(aj; bj)?

1.12.3 Avdivon Opatétnroeg (Visibility Analysis)

H a&oidynon cvuminpovetan pe tn petpikn| viewshed visibility. Kafe oynua Oewpeiton mapa-
TNPNTAG UE GLYKEKPLUEVO VYOG Kot akTiva opatotntog (.. 5 km). Xpnoiponoidvog 1o Yneloko
Movtéro Eddpovg (DEM), voroyi{ovpe oo TUAROTO TG TEPLOYNG EVOL 0paTA At TVPOSPETTEG
pe v Pprodnkn xar ray- spati al [24].
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CHAPTER 2

Introduction

2.1 Facility Location

The facility location problem [1]] is a branch of operations research that involves studying the optimal
placement of a given set of facilities, in order to maximize demand coverage and minimize operational
costs. In particular, we define a metric space (F [ C; d), where F is the set of locations of the facilities,
C is the set of locations of the clientsandd : (F [C) (F [C) ¥ R ¢ is a distance function that
satisfies the triangle inequality, is non-negative and symmetric. For each location i 2 F, we define an
opening cost f; 0. The objective is to open a subset of facilities S~ F and consider an assignment
from facilities to clients in order to minimize cost of opening the facilities and the connection cost.
Connecting a client i to a facility J costs d(i; j). The objective function can be expressed as
o 1
X
min @f(S)+  d(j;S)A
j2c

, where S is the non empty set of facilities that we choose to be in operation and d(j; S) = mingos d(j; S)
is defined as the smallest distance between client j and any facility of S. This function, therefore, at-
tempts to express the lowest cost solution between choosing the cheapest to open facilities, which may
be too far from the clients and choosing the facilities which are generally closer to the clients, but may
be more expensive to put in operation.

The aforementioned facility location problem formulation and similar static variants, where the
client and facility sets are fixed, even with more complex constraints expressing covering capacity for
each facility and minimum coverage demand for each client, can all be solved using Mixed-Integer
Linear Programming methods (MLIP) [2]. Static facility location can be a powerful tool in real life
problems, where high quality data collected in the past is enough to establish a static allocation to
satiate demand in the present or the future [3]. In this setting, the static allocation holds a complimen-
tary role to the main dynamic decision making that will occur once demand and clients change with
time. It is therefore left to the actors (facilities) to on the fly decide when and which clients to server
thereafter.

To deal with the uncertainty arising from dynamically changing system parameters, dynamic fa-
cility location in the online setting is extensively used ([4], [[l]). In this framework, clients arrive
sequentially over time rather than being known in advance. Decisions must therefore be taken incre-
mentally, based only on the information revealed so far. Facilities that are selected to operate typically
remain open for a significant time period, since opening, closing, or relocating a facility incurs sub-
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stantial fixed costs.

At each time step, upon the arrival of a client, the decision maker must determine whether to assign
the client to an already open facility or to open (or relocate) another facility. The total cost over the
planning horizon generally consists of facility opening costs, client assignment costs (often modeled as
distances in a metric space), and relocation or switching costs. Because facilities cannot be frequently
reconfigured without incurring high expenses, the solution must balance responsiveness to changing
demand with stability of the facility configuration.

The objective is to minimize the cumulative cost over time, and performance is typically evaluated
by comparing the online solution to an optimal (or approximately optimal) offline solution that has
full knowledge of the entire arrival sequence.

The facility location problem has been extensively studied and has seen many applications in di-
verse fields involving resource allocation and optimal demand satiation like waste management [5],
mobility data [(], urban service planning [[7], as well as taxi hailing applications [§].

2.2 Firefighting Resource Allocation

2.2.1 Importance

Effective allocation of firefighting resources is critical for minimizing response times, reducing prop-
erty damage, and saving lives. Firefighting services face inherent challenges such as limited personnel
and equipment, spatially distributed demand, and unpredictable incident locations. Optimal placement
of fire stations and dynamic allocation of firefighting units can significantly improve service coverage
and operational efficiency. This placement should ideally account for the morphology of the area of
interest, prevailing human activity and mobility patterns, and factors such as seasonality and weather,
all of which influence both the likelihood of fire ignition and the rate at which a fire can spread and
cause damage [9].

With increasing urbanization and complex city layouts, traditional ad hoc placement of resources
is often insufficient. Strategic planning and systematic allocation ensure that emergency response
is timely, reliable, and capable of meeting the needs of high-risk areas, ultimately enhancing public
safety and resource utilization.

As is evident, achieving operational efficiency in firefighting requires the integration of multiple
disciplines. This includes the collection and analysis of real-time data from satellites, sensors, and
historical incident records; feature extraction and generation for predictive modeling; application of
machine learning and optimization techniques to support decision-making; incorporation of firefighter
expertise; and the effective communication of actionable insights to operational teams. Together,
these components form a pipeline from raw data to informed decisions, enabling timely and efficient
responses to emergencies.

2.2.2 Problem Formulation

The firefighting resource allocation problem can be formulated as a facility location and assignment
problem, where the goal is to optimally place fire stations with patrolling vehicles (units) of potentially
distinct firefighting capabilities and allocate units to cover potential incidents. Let F denote the set
of candidate locations for fire stations, and C the set of potential incident locations (clients). Each
facility ¥ 2 F has an associated opening cost, capacity constraints, and a set of units available for
deployment. Each client ¢ 2 C has a demand representing the expected service requirement, and a
maximum allowable response time.
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The objective is to minimize the total operational cost, which typically includes:
Facility opening or operational costs,
Assignment or connection costs (e.g., travel time from stations to incidents),
Penalties for uncovered demand or exceeding response time thresholds.

Mathematically, this problem can be modeled using Mixed-Integer Linear Programming (MILP)
or other combinatorial optimization methods, depending on the constraints and scale of the system.
Extensions to dynamic or online settings consider sequential incident arrivals and allow for adaptive
relocation of units while respecting operational and logistical limitations .

2.2.3 Related Work

A significant body of research has focused on the optimal allocation of firefighting resources through
facility location and related optimization models. Work by Rodriguez et al. [[10, [11]] introduced mixed-
integer programming and simulation-optimization frameworks to jointly decide the placement of fire
stations and the assignment of vehicles, maximizing expected coverage while considering vehicle uti-
lization and stochastic emergency arrival patterns. Their studies applied these models to the Concep-
cion province in Chile, demonstrating substantial improvements in coverage and response efficiency
compared to existing deployments.

Other research has extended traditional facility location methods by incorporating predictive mod-
eling and operational performance metrics. For example, Dey et al. [[12] developed a machine
learning-based approach to predict urban fire demand and define a quality-of-service index, using
travel-time clustering and optimization to select fire station locations. Similarly, Takedomi et al.
[13] proposed a p-median [[14, [15] facility location model with a waiting time prediction function to
account for both travel and dispatch delays in emergency road services. Both studies highlight the im-
portance of integrating predictive modeling and operational factors into facility location optimization
to improve coverage and response efficiency.

Facility location studies in logistics and emergency services have also considered broader per-
spectives. Wang et al. [[L6] provide a comprehensive review of emergency facility location problems,
discussing modeling techniques, solution approaches, and practical considerations, such as multi-
covering and capacity constraints. Zhou and Li [[1 7] examined multi-covering emergency service fa-
cility location problems while considering potential disaster losses, emphasizing risk-aware planning
for critical infrastructure.

Beyond classical optimization approaches, recent studies have leveraged deep reinforcement learn-
ing for fire management. For example, Murray et al. [[18] developed a framework for optimal fire-
break placement in forest fire prevention, showing that Al-driven strategies can outperform traditional
heuristics by effectively modeling spatial fire spread and environmental factors in simulation.

Collectively, these studies highlight a progression from classical MILP and simulation-based ap-
proaches toward more data-driven and risk-aware models. Modern research increasingly integrates
predictive modeling, human mobility and demand patterns, stochastic simulations, and Al techniques
to enhance the effectiveness and responsiveness of firefighting resource allocation strategies.

2.3 Our Contribution

The contributions of this thesis are summarized as follows:
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We develop an end-to-end, data-driven decision-support system for static vehicle allocation
and dynamic fire dispatch. The framework integrates data ingestion, geographical clustering,
candidate selection, network-based distance calculation, linear programming optimization, and
scenario evaluation into a fully automated, reproducible, and geographically agnostic pipeline.
To the best of our knowledge, this is the first fully integrated, end-to-end system of its kind in
the literature.

We integrate firefighter expertise directly into the optimization process, allowing users to adjust
key indicators based on weather conditions, geographic specificities, and operational experi-
ence. This enables counterfactual comparisons across alternative strategies and bridges the gap
between theoretical modeling and real-world decision-making, a gap that persists in much of
the existing literature.

2.4 Methodology Overview

The proposed system provides a comprehensive, data-driven framework for both static and dynamic
allocation of firefighting vehicles. The methodology is organized into three interconnected pipelines:
data processing, execution, and evaluation.

The data pipeline aggregates heterogeneous information from multiple sources, including geospa-
tial, environmental, and operational data. Features include predictive fire risk indicators, static geo-
graphical information such as altitude and administrative boundaries, and dynamic environmental
variables like wind, temperature, and recent incident history. The pipeline performs preprocessing
to ensure consistency and reliability, followed by geospatial clustering that groups granular cells into
spatially coherent regions. Within each cluster, candidate deployment locations are identified based on
road network accessibility and uniform coverage, and pairwise distances between candidates are com-
puted to reflect realistic travel times along the road network. This stage ensures that the optimization
models operate on representative, computationally tractable decision units while maintaining opera-
tional fidelity.

The execution pipeline implements two complementary optimization models. In the static allo-
cation model, vehicles are optimally assigned to candidate locations to maximize coverage according
to a weighted combination of significance indicators, constrained by vehicle availability and cover-
age requirements. The dynamic allocation model supports real-time reallocation in response to fire
incidents, preserving territorial coverage while dispatching vehicles to active events. Both models
are formulated as linear programming problems, and their structure allows for practitioner-guided
adjustments of feature weights and significance parameters.

The evaluation pipeline quantitatively compares alternative allocations using historical fire data.
Metrics include coverage efficiency, response distance, and risk-weighted performance, while tran-
sition analysis computes the optimal movement of vehicles required to shift from one allocation to
another. This facilitates both performance assessment and actionable insight into the operational trade-
offs between different strategies.

A distinguishing feature of the system is the seamless integration of firefighter expertise and the
flexibility provided at every stage of the pipeline. From data preprocessing to the definition of sig-
nificance indicators, all components are tunable. Users can adjust clustering parameters, significance
weights, and explore counterfactual scenarios, thereby embedding operational knowledge directly into
the data-driven optimization framework and enabling informed, context-aware decision-making.
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CHAPTER 3

System Overview

3.1 General Architecture

The general architecture consists of three main pipelines. The data pipeline handles all data-related
operations, including ingestion, preprocessing, geospatial clustering and candidate point selection.
The execution pipeline takes input from both the data pipeline and the web client operated by fire-
fighters, and produces vehicle allocations, either static or dynamic. Finally, the evaluation pipeline
facilitates the comparison of different allocations, supports transitions between them, and exposes key
performance characteristics. Detailed descriptions of each pipeline along with their architectures are
provided in the following sections. The general architecture diagram can be seen in Figure B.1].

Figure 3.1: Overall architecture
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3.2

Data Pipeline

The data pipeline as shown in the Figure B.2 consists of the following stages:

(@)

(i)

(iii)

(iv)

™)

(vi)

Ingestion of geospatial data at both granular cell level and territorial scale. This data (as seen
in Chapter §) includes machine-learning-generated predictive features (e.g., fire risk indicators),
static features (e.g., altitude and administrative boundary polygons) that change infrequently,
and dynamic features (e.g., wind direction and temperature) that may vary on a daily basis.

Preprocessing of the collected data (as seen in Chapter ), including normalization, cleaning,
and consistency checks, to ensure suitability for subsequent analytical tasks.

Geospatial clustering of granular cells into larger regions exhibiting homogeneous feature
distributions, enabling more compact and computationally efficient representations. Different
clustering algorithms are described in Chapter .

Selection of candidate locations within each cluster based on proximity to the road network
and uniform spatial coverage. For this purpose, the Overpass Turbo API is utilized, as described
in Chapter f7.

Computation of pairwise distances (either in time or in road network distance) between can-
didate locations, incorporating road network structure, traffic conditions, and accessibility con-
straints, using the OpenRouteService API, as described in Chapter §.

Export of the aggregated dataset for all candidate locations, together with historical fire-
fighting data, including fixed station locations and recorded incidents, for use in the execution
and evaluation pipelines.

The data supplied to this pipeline is intended for training and operational decision support in fire

incident response. Consequently, it is constrained to a short temporal horizon, typically containing

recent observations from the preceding days, and may instead incorporate predictive estimates for the

period of interest, or even past values for the same time period, utilizing seasonality.

3.3

Figure 3.2: Data Pipeline

Web Client

To facilitate data visualization, execution of allocation algorithms, and evaluation of generated so-

lutions, a web-based client interface was developed using Flask [19]. The application provides a
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server-side rendered graphical user interface through which users can interact with the system, con-
figure analysis parameters, initiate computational processes, and inspect the resulting outputs.

The data generated by the data pipeline are organized on a per-region basis (per prefecture in
our case) and subsequently stored in designated local directories of the service, where they are made
available for downstream processing and analysis. All available operations are served through corre-
sponding RESTful API endpoints and exposed in appropriate Ul pages. In particular the user can:

Select a region of interest.

Visualize the candidate locations generated during the data pipeline stage.

Visualize cluster boundaries.

Visualize different combinations of significance indicators, as described in Chapter P.

Generate static allocations by specifying a set of fixed deployment locations, the number of
available vehicles, a linear combination of features representing significance (see Chapter [),
and the fire incident dataset used for subsequent evaluation. This process invokes the execution
pipeline and produces an allocation that is stored for further analysis.

Generate dynamic allocations by selecting an initial static allocation, specifying the location of
a simulated fire incident, and defining the number of vehicles dispatched for response, thereby
producing a reallocation of the remaining vehicles as explained in Section [10.4.

Visualize all generated allocation configurations, compare pairs of them, and evaluate based on
provided visualizations.

3.4 Execution Pipeline

The execution pipeline receives the preprocessed data generated by the data pipeline, along with the
Web Client user input, and produces static and dynamic vehicle allocations, depending on the selected
use case.

3.4.1 Static Linear Programming Model

In the static setting (Figure B.3), the optimization model receives as input the aggregated candidate
location data, the fixed firefighting station locations, and user-defined parameters, including the se-
lected significance indicators, the number of available vehicles and some linear programming model
weights.

After extracting the required constants and parameters to formulate the linear programming model
(see Section [10.3)), the gur obi py library is employed to interface with the Gurobi optimizer [21].
The solver computes an optimal solution subject to predefined sensitivity parameters and time limits,
which can be adjusted depending on the application requirements.

The resulting allocation includes the geographic coordinates of assigned vehicles, the user-selected
significance parameters, and the mapping between supervising vehicles and candidate locations. This
information is subsequently stored and made available for evaluation and further analysis in JSON and CSV
format, inside a new allocation folder.
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Figure 3.3: Execution Pipeline - Static LP

3.4.2 Dynamic Linear Programming Model

In the dynamic setting (Figure B.4)), the optimization model receives as input an existing allocation and
user-defined parameters, including some linear programming model coefficients, the geographic co-
ordinates of the fire incident and the number of vehicles that are reassigned from the current allocation
to respond to the fire. The remaining vehicles are tasked to be reallocated.

After extracting the required constants and parameters to formulate the linear programming model
(see Section [10.4)), the gur obi py library is employed to interface with the Gurobi optimizer in a similar
way like in the static case.

The resulting solution preserves the same data structure and format as the static allocation outputs,
with the assigned vehicles, thereby enabling seamless integration with the evaluation pipeline that
follows.

Figure 3.4: Execution Pipeline - Dynamic LP

3.5 Evaluation Pipeline

The evaluation pipeline (Figure B.3) takes as input a pair of allocation datasets corresponding to the
same region, historical fire incident data for that region, and a set of user-defined parameters, such as
the number of vehicles to consider from each allocation. It then executes a series of evaluation algo-
rithms, as described in Chapter [L1], and generates visualizations that quantify the relative efficiency of
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each allocation. Additionally, the pipeline computes and visualizes the optimal transport of vehicles
required to transition from one allocation to the other.

Figure 3.5: Evaluation Pipeline
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CHAPTER 4

Data

The datasets employed in this study for clustering, candidate allocation point construction, linear pro-
gramming model formulation, and evaluation comprise two primary categories: geospatial satellite
data and firefighting data. A detailed description of each category is provided below.

4.1 Geospatial Data

Geospatial datasets at a daily granularity, were provided to us by the National Observatory of Athens
[25]. In those, the Greek territory, represented as a rectangular grid, is divided into cells of side length
equal to 500 meters. Each cell is assigned a set of static, dynamic and predictive features depending
on the daily snapshot being examined.

The static features involve characteristics of geographical regions that are not expected to go
through significant change with time and can thus be sampled annually, such as slope, altitude, aspect,
population density, vegetation index, road density, geomorphological synthesis, fire frequency based
on historical results and prefecture of the particular region. These features can be used to infer spatial
variations in fire susceptibility, with vegetated zones generally presenting greater ignition and spread
potential than non-flammable surfaces such as water bodies.

The dynamic features are characteristics that are sampled daily such as minimum and maximum
daily temperature, dominant wind direction and the wind velocity. Their knowledge can act as a
predictive mechanism on when and how a potential fire may spread and can thus facilitate firefighters
on allocating their efforts dynamically.

The predictive features are derived from the aforementioned static and dynamic features using
machine learning techniques. Within this general framework, they are designed to predict a fire-
related property for a specific day, relying solely on data available up to the previous day. These
features capture underlying patterns in the dynamic and static data and can support a data-driven
allocation of firefighting vehicles from the start of the day. In this study, we utilize the risk indicator
as proposed in [26]. Nevertheless, the proposed implementations are agnostic to the specific types of
indicators used and can be adapted to various use cases and operational contexts.

In the following, each feature is described in detail.

4.1.1 Static Features

Vegetation Indices. In the context of this study, we made use of the Normalized Difference Vegetation
Index (NDVI) and the Enhanced Vegetation Index (EVI) to capture vegetation conditions within the
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study area. NDVI provides a measure of vegetation greenness based on the difference between near-
infrared and red reflectance [27], while EVI improves upon NDVI by reducing atmospheric and soil
background influences [2§]. Together, these indices offer a reliable means of monitoring vegetation
health, which itself is of great influence on the outcome of fire incidents.

DEM. The Digital Elevation Model (DEM) represents the elevation of the terrain, with each raster
cell containing a numeric value corresponding to the height of that location in meters above sea level.
DEM data provide the basis for deriving other terrain attributes, such as slope and aspect, which are
important for understanding fire behavior and assessing risk across the landscape.

Slope. Slope represents the steepness of a given point, expressed in degrees, and is derived from
the local gradient of the DEM. Steeper slopes can influence fire behavior by facilitating faster uphill
fire spread, affecting both fire intensity and direction. Slope is therefore an important factor in fire
risk modeling and emergency response planning.

Aspect. Aspect, derived from the Sope, is measured in degrees and represents the compass di-
rection that a slope faces, with 0° corresponding to north. Different aspects result in varying sun
exposure, which can influence vegetation dryness and the likelihood of fire ignition.

Population Density. Population density is a numerical measure that indicates how many people
inhabit a given geographical area relative to its size. Higher values represent more densely populated
regions, which can influence resource allocation, human activity patterns, and, in the context of this
study, the potential impact and risk associated with fire incidents. Population density data is typically
derived from census records or gridded population datasets and can be used to prioritize monitoring
and emergency response planning.

Road Density. Road density is a numerical measure representing the total length of roads within
a given geographical area relative to its size. Higher values indicate regions with more extensive road
networks, which can influence accessibility, human activity, and emergency response capabilities. In
the context of fire management, road density helps assess how easily firefighting teams can reach
affected areas and how human presence may contribute to fire ignition risk. Road network data is
typically derived from national or regional GIS databases.

Corine - Land Cover. The corine feature provides a standardized classification of land use and
land cover across Europe. Each spatial unit is assigned a category representing its predominant land
cover type, such as forest, cropland, urban areas, artificial surfaces or water bodies. In our case, each
cell is assigned a percentage for each type of corine, based on the number of the pixels included in
that cell are of that type. In the context of fire risk assessment, land cover information is crucial for
identifying fuel types, evaluating vegetation flammability, classifying wildfires [29] and understand-
ing how different landscapes may influence fire spread and intensity. In this study, corine has been
extensively utilized due to its intuitive representation and applicability into heuristic environments,
requiring simple but effective rules.

Prefecture. The prefecture of each cell is used to structure the analysis, both for clustering and
for decision-making, at a level that aligns with the operational scale of the real firefighting system.
Specifically, resources are assumed to be allocated per prefecture; however, this feature is flexible,
and any other spatial grouping could be applied in the analysis conducted in this study.

Fire History. The fire history of each cell is represented both as a normalized number of O to 1
based on the raw number of incidents during the period 1984-2024 and as a spatially smoothed version
using an 81 81 kernel. The smoothing, equivalent to applying a low-pass [26] linear filter, accounts
for neighboring regions that may not have experienced a fire themselves but are close to areas that did,
providing a more continuous representation of fire frequency across the landscape. As a feature, it
provides insights into human activities and historical fire patterns that are not captured by other static
features.
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Cell Coordinates. The X (longitude) and y (latitude) coordinates of each cell specify its loca-
tion. These coordinates serve as spatial references, allowing the alignment of different datasets and
supporting spatial analyses such as clustering, distance calculations, and neighborhood-based feature
derivation.

4.1.2 Dynamic Features

Temperature. Temperature-related features, including minimum temperature, maximum tempera-
ture, mean temperature, and dewpoint temperature, were obtained from the ERAS5 reanalysis dataset
provided by the European Centre for Medium-Range Weather Forecasts (ECMWF) [30]. The dew-
point temperature represents the temperature at which air becomes saturated and water vapor begins
to condense into dew. It provides an indirect measure of atmospheric moisture, which, together with
air temperature, influences vegetation dryness and therefore the likelihood of fire ignition and spread.

Wind. Wind-related variables were derived from the ERAS reanalysis dataset provided by the
European Centre for Medium-Range Weather Forecasts (ECMWF) [30]. These include the dominant
wind direction (dom di r), representing the most frequent wind direction over the study period; the
dominant wind velocity (dom vel ), indicating the average speed associated with that prevailing direc-
tion; and the maximum wind direction (di r _max), which corresponds to the direction of the strongest
recorded wind. Wind plays a crucial role in fire behavior, as both its speed and direction strongly
influence the rate and path of fire spread, as well as flame intensity and spotting distance.

Land Surface Temperature (LST). The daytime (I st _day) and nighttime (I st _ni ght ) Land Sur-
face Temperature values were obtained from the MODIS [B 1] (Moderate Resolution Imaging Spectro-
radiometer) products provided by NASA. LST represents the radiative skin temperature of the Earth’s
surface as measured by satellite sensors. Unlike air temperature, which describes conditions near the
ground, LST reflects how different land cover types absorb and emit thermal energy. Variations be-
tween day and night LST provide insights into surface heating and cooling dynamics, which influence
vegetation stress, soil moisture, and consequently, fire susceptibility.

Seasonal Features. Temporal variables such as weekday and month were included to capture the
seasonal and temporal dynamics of fire occurrence. Seasonality plays a critical role in fire behavior, as
climatic conditions, vegetation dryness, and human activities vary significantly throughout the year.
For instance, higher fire incidence is often observed during the dry summer months, while weekday
patterns may reflect differences in human presence and land use activities. Incorporating these features
allows the model to account for periodic variations that influence both the likelihood and intensity of
fire events.

Seven-day Accumulated Precipitation. The r ai n_7_days feature represents the total precipita-
tion accumulated over the previous seven days, derived from the ERAS land total precipitation dataset
[B0]. Regions that have recently received rainfall typically exhibit higher soil moisture and humidity,
which reduce the probability of fire ignition. By accumulating precipitation over a week, this feature
captures short-term moisture conditions that influence vegetation dryness and the likelihood of fire
occurrence.

4.1.3 Predictive Features

Risk. For the predictive component of this work, we adopt the wildfire risk indicator introduced
in [26]. The indicator is based on machine-learning fire occurrence models—specifically Random
Forest, Extra Trees, XGBoost, and shallow Neural Networks—trained to estimate the probability of
next-day fire occurrence using meteorological, vegetation, topographic, and historical features avail-
able up to the previous day.
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Fire risk is defined following a disaster-risk formulation as the combination of fire occurrence prob-
ability and potential impact, resulting in a continuous, spatially resolved risk value at grid-cell level.
The effectiveness of the indicator has been extensively validated at country scale, achieving sensitiv-
ities exceeding 90% while maintaining specificities above 50-65%, demonstrating strong capability
in identifying the majority of fire events without excessively over-classifying the territory.

Within the context of this research, the indicator is used in two stages. First, it is employed during
the preprocessing and clustering phase to identify areas of elevated predicted fire risk and to ensure
that resulting clusters are sufficiently small to be realistically serviced by a single firefighting vehicle.
Second, it is incorporated in the allocation stage as a potential component, where each candidate
location is assigned a significance index reflecting the operational importance of proximity to high-
risk areas.

4.2 Firefighter Data

Beyond geospatial features, domain-specific data are required to strengthen the evaluation of candidate
allocations.

Fire Incident Dataset. A confidential dataset in shapefile form of historical wildfire incidents
was made available for this study, including information on event location, duration and fire intensity.
These data provide critical context on fire behavior and operational demand. Their integration enables
systematic assessment of alternative allocation scenarios in terms of incident serviceability, allowing
the identification of configurations that achieve a superior operational fit.

Physical Station Locations. Another key objective of this work is to propose a scalable solution
that aligns with the existing structure and operational practices of the firefighting system. To this end,
the locations of current firefighting stations are incorporated into the analysis and treated as points
of interest, ensuring that the proposed methodology remains compatible with established regional
firefighting infrastructure.

Resources Per Prefecture. We were also provided with the number of available resources per
prefecture, which were of help in the first stages of development as an estimate in the finetuning of
cluster sizes and the total number of candidate point that are then served to the linear programming
model.



33

CHAPTER 5

Data Handling

The spatial and feature data were processed using a custom Python class, designed to handle raster

and tabular datasets and to prepare them for subsequent analysis. The main steps of the data handling

workflow are summarized below:

(@)

(ii)

(iii)

(iv)

™)

(vi)

Loading and aligning raster predictions: Monthly raster prediction files were loaded using
the ri oxarray library [32]. All rasters were interpolated to the same spatial grid to ensure
consistency across time steps. The datasets were then concatenated along a temporal dimension
to form a 3D array, and the mean risk for the target month was computed.

Joining with feature data: Tabular feature data (e.g., NDVI, population density, slope, road
density, DEM, land cover classes) were loaded from CSV files. These features were converted
to an xar r ay object and interpolated to match the raster grid. The merged dataset was cleaned
by removing irrelevant or redundant columns.

Integration with administrative boundaries: The processed dataset was spatially joined with
prefecture boundaries using geopandas [22]. Each grid cell was associated with the corre-
sponding administrative unit, enabling analysis at the prefecture level.

Normalization and feature scaling: Continuous features were normalized to the range [0; 1]
to ensure comparability across variables and facilitate downstream analysis.

Conversion to array format: The normalized dataset was converted to a nunpy [33]] array with
dimensions (Ny; Ny; Ngeatures + 2), Where the last two channels correspond to the spatial coordi-
nates (longitude and latitude). An attribute-to-index mapping was stored for easy reference to
each feature.

Exporting processed data: The final NumPy array and the attribute mapping were saved to
disk for subsequent modeling and analysis.

This workflow ensures that raster predictions, tabular features, and spatial administrative data are

consistently aligned, normalized, and prepared in a format suitable for data-driven geospatial alloca-

tion.
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CHAPTER O

Clustering

6.1

Motivation

In the dataset described in Chapter d, the number of spatial cells exceeds one million, which is more

than three orders of magnitude larger than the realistically available fleet of firefighting vehicles in

Greece. This pronounced disparity in scale renders a direct assignment of individual vehicles to fine-

grained spatial cells computationally impractical within a linear programming framework, as it would

lead to an excessive number of decision variables and constraints. To address this limitation and en-

hance model tractability, we introduce two distinct geospatial clustering methodologies that aggregate

spatial cells into larger supervisory regions, thereby reducing the dimensionality and complexity of

the allocation problem. Those algorithms are designed to:

(@)
(i)

(iii)

(iv)

™)

Ensure that each cell is assigned to exactly one cluster.

Enforce convexity and spatial coherence constraints on each cluster in order to guarantee con-
tinuity, prevent the formation of holes within clusters, avoid interlocking or entanglement be-
tween neighboring clusters, and ensure clearly distinguishable boundaries. These properties
facilitate subsequent linear programming formulations and enable the application of spatial
heuristics for distance-based calculations.

Balance cluster size and risk by enforcing an inverse relationship between the two: large clus-
ters should exhibit relatively low average risk, while clusters with high average risk should be
comparatively small. Since all clusters are treated uniformly in later stages of the framework,
this load-balancing mechanism is essential to prevent the formation of large, high-risk clusters
that would be impractical for supervision by a single firefighting vehicle.

Limit the total number of clusters to at most one order of magnitude greater than the number
of available firefighting vehicles within the territory of interest (in this study Greece), thereby
ensuring that the resulting problem remains computationally tractable and operationally man-
ageable.

Each cluster contains cells from a single administrative region, ensuring that it can be indepen-
dently managed by the same authority.

We note that several of the above constraints require careful tuning to the specific spatial, environ-

mental, and operational characteristics of the country or prefecture to which the proposed methodology

is applied.
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In the following, we propose two geospatial clustering approaches: a Breadth-First Search (BFS)-
based majority clustering algorithm and a hierarchical clustering algorithm based on Kruskal’s
minimum spanning tree.

6.2 Distance Measure

Both of the proposed clustering algorithms rely on the computation of a distance measure between
the feature vectors associated with individual spatial cells. This distance metric constitutes a funda-
mental component of the clustering process, as it directly determines the notion of similarity between
cells and, consequently, influences the formation and composition of clusters. In the present work,
similarity between cells is quantified using a weighted Euclidean (L) distance applied to a set of
normalized feature variables. The considered feature vector for each cell consists of the following
attributes: ndvi; pop; slope; road_dens; dem; f81 and corine.

All features are normalized prior to distance computation in order to ensure numerical compara-
bility and to prevent attributes with larger numerical ranges from disproportionately influencing the
distance calculation.

The selected features collectively capture two key dimensions that are critical to wildfire behavior
and risk assessment. First, human activity and exposure are represented through population den-
sity (pop), road density (road_dens), and historical fire frequency (f81). These variables reflect
anthropogenic ignition likelihood, accessibility, and historical patterns of fire occurrence. Second,
geographical and environmental characteristics are captured through the normalized difference veg-
etation index (ndvi), terrain slope (slope), digital elevation model (dem), and land-use classification
encoded via the corine index. These features characterize vegetation density, topography, altitude,
and terrain type, all of which significantly affect fire propagation dynamics.

Formally, given two cells i and j with normalized feature vectors X; and xj, the weighted L,
distance between them is defined as

V.
ul

b ¢
d@i;j) = € Wk (Xik  Xjk)% (6.1)
k=1

where K denotes the total number of features and wy represents the weight assigned to the K-th feature.
The adopted weighting scheme allows the clustering process to emphasize features that are consid-
ered more influential for wildfire risk assessment or operational decision-making, while reducing the
impact of less critical attributes.

The use of a weighted Euclidean distance offers a favorable balance between interpretability, com-
putational efficiency, and flexibility. In particular, it enables the explicit incorporation of domain
knowledge through feature weighting and integrates naturally with the spatial constraints imposed
by the clustering algorithms. Moreover, when applied to normalized feature vectors, the proposed
distance metric ensures stable and consistent behavior across different geographic regions and data
scales.

Overall, the adopted distance measure provides a principled and effective mechanism for quanti-
fying similarity between spatial cells, thereby supporting the formation of coherent, interpretable, and
operationally meaningful clusters that align with the objectives outlined in the previous section.
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6.3 Weight Choice

In our approach, the weights assigned to each feature in the feature distance computation were set
to a uniform value of 1. This choice ensures that each feature contributes equally to the overall dis-
tance measure, avoiding any implicit bias towards a particular feature dimension. While setting equal
weights simplifies the model, it may not always yield the optimal performance, especially when cer-
tain features are inherently more informative than others. The choice of weights is left for operators
to decide.

The evaluation of our system is particularly challenging due to its multi-stage architecture, where
the output of one component serves as the input for subsequent components. In such systems, errors
can propagate through the pipeline, complicating the assessment of individual feature contributions
and overall system performance. To address this, systematic weight optimization techniques can be
employed.

When dealing with clustering or similarity-based tasks, native clustering metrics [34] such as the
Silhouette index [35] can be leveraged to guide the selection of weights. The last one, in fact, has
been shown to produce more consistent results compared to other traditional cluster quality indexes in
a recent study [36] applied for k-means [37] clustering with k = 2. By optimizing weights to achieve
optimally valued metrics, the system can be tuned to better capture the inherent structure of the data,
leading to improved clustering performance.

Another, more intuitive method—particularly suited to our case of mapping known Greek territories—
is to use manual region labeling. By identifying geographic regions that are expected to cluster to-
gether, such as small forests, mountain peaks, or agricultural areas, one can empirically estimate the
percentage of region parts that actually end up in the same cluster. This approach provides a domain-
specific validation mechanism, allowing us to assess whether the chosen feature weights align with
human expectations and known spatial patterns. For example, if most parts of a labeled forest region
consistently cluster together, it suggests that the feature weighting is effectively capturing the relevant
spatial and environmental characteristics.

In summary, while equal weighting offers simplicity, both automated methods (cross-validation
and clustering metrics) and manual, domain-driven strategies provide complementary ways to deter-
mine optimal feature weights. Combining these approaches allows for a balance between statistical
rigor and practical intuition, enhancing both the robustness and interpretability of the system.

6.4 Common Algorithm Definitions

Definition 6.4.1 (Maximum Cluster Size Function). A maximum size function RiskToSize maps the
risk level of a cluster to its maximum allowed size. The function RiskToSize is monotonically de-
creasing, ensuring that clusters with higher mean risk are smaller, while clusters with low risk may be
larger. The function can be fine-tuned based on size requirements and the average available resources
in the geographic territory under consideration.

6.5 Breadth-First Search Based Majority Algorithm

We propose a Breadth-First Search (BFS) [38] based algorithm that incorporates a majority voting
component to cluster cells in the area of interest (Greek map). The map is modeled asan m grid
of nm cells.
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Algorithm Definitions

Definition 6.5.1 (Neighboring Cells). Two cells are considered neighboring if and only if they share
a common edge. Consequently, each cell has at most four neighbors: two vertical and two horizontal.

Definition 6.5.2 (Cell Distance). The distance between two cells i and j is defined as the weighted
L2 distance d(i; J), as introduced in the previous sections.

Definition 6.5.3 (Similarity Threshold). A similarity threshold SimThresh is a value such that if
d(i;j) < SimThresh, the cells i and j are considered similar enough to pair. This threshold can
be determined either from an initial statistical analysis of the distribution of distances between all
neighboring cells or computed regionally based on local distance distributions.

Definition 6.5.4 (Majority Percentage). A majority percentage MajPercentage specifies that if Maj-
ercentage% or more of an open cluster is similar enough to a candidate cell, the cell can be merged
into the cluster. Higher values of MajPercentage enforce stricter homogeneity, which may result in
smaller clusters, whereas lower values allow larger but potentially more heterogeneous clusters. The
parameter MajPercentage can be adjusted according to the application needs.
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Algorithm Overview

Algorithm 1 BFS-Based Majority Clustering

Require: Grid map of N m cells each with a mean risk value and a feature vector
Require: Similarity threshold SimThresh, majority percentage MajPercentage, maximum cluster size
function RiskToSize
1: Initialize all cells as unvisited
2: cluster index 0
3: for each cell (X;Y) in the grid do

4: if cell (X;y) is unvisited and is not in water body then
5: Initialize new cluster C ~ (X;y)g
6: cluster sum risk  mean risk of (X;y)
7 cluster size 1
8: Mark (X;y) as visited
9: Initialize queue Q  [(X;Y)]
10: while Q is not empty do
11: Pop (i;j) from Q
12: for each neighbor (i’; j°) of (i; j) do
13: if neighbor is valid (not water), unvisited and of the same region then
14: Compute number of cells in C with distance ~ SimThresh to (i’; j*)
15: if count MajPercentage cluster size then
16: Compute potential mean risk if (i’; j°) is added
17: if potential cluster size  RiskToSize(potential mean risk) then
18: Add (i’ jHto C
19: Update cluster sum_risk and cluster size
20: Mark (i’; j°) as visited
21: Append (i% j%) to Q
22: end if
23: end if
24: end if
25: end for
26: end while
27: Assign cluster C the current cluster_index
28: cluster index  cluster index + 1
29: end if
30: end for
Algorithm Motivation

The primary motivation behind the algorithm is that, under our specified requirements, each cell has a
relatively small set of candidate cells with which it can be clustered, and these candidates are typically
located in close geographic proximity to the cell itself.

The algorithm is designed to balance local homogeneity with global constraints, providing a flex-
ible framework for clustering in diverse geographic and operational contexts. Local homogeneity is
achieved through the majority voting mechanism, which ensures that each element within a cluster
shares a high degree of similarity with the remaining cells of the cluster. At the same time, global
constraints, such as the enforcement of a maximum cluster size based on the predictive average risk,
prevent the formation of disproportionately large clusters with high risk and maintain overall struc-
tural consistency. The algorithm employs a neighbor-to-neighbor traversal strategy, systematically
exploring adjacent elements to construct spatially continuous clusters.
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Overall, this combination of local and global considerations allows for the creation of clusters that
are both cohesive and constrained, supporting robust and interpretable clustering outcomes across
different scenarios.

Complexity Analysis

We analyze both the space and time complexity of the proposed BFS-based majority clustering algo-
rithm.

Space Complexity
The algorithm requires the following data structures:

A feature tensor of dimensionsn M w, where w denotes the total number of features used by
the algorithm, including both risk-related attributes and auxiliary feature vectors. This structure
requires O(NmMw) space.

A visited-status matrix that stores whether each cell has been processed. This matrix contains
one boolean value per grid cell, resulting in a space complexity of O(nm).

A BFS queue used during cluster expansion. At any point during execution, the queue contains
only unprocessed members of the open cluster. Since the cluster size is constrained by an upper
bound C, determined by the function RiskToSize and bounded by a small constant in practice
(e.g., C < 200), the maximum size of the queue is also bounded by a constant multiple of C.
Consequently, the space required by the BFS queue is O(1).

A cluster assignment array that stores the final cluster index for each valid grid cell. Since each
cell is assigned to exactly one cluster (unless deemed invalid or being a part of a water body),
this structure requires O(nm) space.

Combining all components, the overall space complexity of the algorithm is
O(nmw + nm) = O(nm(w + 1));
which simplifies to O(nmw).

Time Complexity

Let w denote the number of features used in the distance computation, and let C be the maximum
allowable cluster size imposed by the risk-to-size function RiskToSize. The dominant cost of the
algorithm arises from the majority voting step, in which a candidate neighboring cell is compared
against all existing members of the currently open cluster.

For each candidate cell, at most C feature-distance comparisons are performed, one for each cell
already in the cluster. Each such comparison involves the computation of an Ly distance over w
features and therefore has a time complexity of O(w). Consequently, evaluating a single candidate
cell incurs a cost of O(Cw).

A given cell may appear as a candidate neighbor at most four times, corresponding to the case where
each of its four neighboring cells initiates or expands an open cluster. Since a cell is permanently
marked as visited once processed, this scenario can occur only once and cannot be repeated. As a
result, each cell participates in at most 4C feature-distance comparisons overall, yielding a per-cell
time complexity of O(4Cw).



6.6 Kruskal Based Hierarchical Algorithm with Convexity Heuristic 41

Aggregating over alln  m cells in the grid, the total time complexity of the algorithm is therefore
O(4Cwnm);

which simplifies to
Oo(Cwnm):

6.6 Kruskal Based Hierarchical Algorithm with Convexity Heuristic

We propose a Kruskal [39] based algorithm that treats each cell as an individual cluster and on each
step greedily merges the two clusters that are the most similar out of all the remaining neighboring
cluster pairs, as long as convexity and risk-size constraints are satisfied. The map is modeled, like
previously, as an  m grid of Nnm initial cells/clusters. Similar minimum spanning tree (MST) al-
gorithms (involving either merging or cutting) have been widely proposed and applied in geospatial
clustering contexts [40, 41, 42].

Algorithm Definitions

Definition 6.6.1 (Neighboring Clusters). Two clusters are said to be neighboring if and only if there
exist unit cells, one from each cluster, that share a common edge. In the initial configuration, each of
the Nm clusters has at most four neighboring clusters.

Definition 6.6.2 (Generalized Feature Vector). The generalized feature vector of a cluster is defined
as the arithmetic mean of the feature vectors of all unit cells comprising the cluster.

Let clusters A and B contain a and b unit cells, respectively, and let x5 and xg denote their gener-
alized feature vectors. If cluster C is formed by merging A and B, then the generalized feature vector

of C is given by
_ axA+be_
XC_7a+b .

This weighted averaging ensures that the contribution of each cluster is proportional to its size.

Definition 6.6.3 (Cluster Distance). The distance between two clusters X and Yy is defined as the
weighted Euclidean (L2) distance d(X; y) between their corresponding generalized feature vectors.

Definition 6.6.4 (Density Function). A density function DensFunction maps a cluster—represented
by its set of unit cells together with their lattice coordinates—to a real value in the interval [0; 1],
which quantifies how well the cluster approximates a convex shape. Higher values indicate clusters
with more compact and closed shapes.

Definition 6.6.5 (Density Threshold). A density threshold DensThresh 2 [0; 1] specifies the minimum
density value required for a cluster formed after a merge to be accepted into the current set of clusters.
Clusters whose density exceeds this threshold are considered sufficiently convex.

6.6.1 Density Functions

We present two practical density functions that can be integrated into the current algorithmic frame-
work. The first is a bounded box area density heuristic, which quantifies density based on the
proportion of the bounding box area occupied by the cluster. The second is a convex hull area den-
sity heuristic, which measures density as the percentage of the area within the cluster’s convex hull
that is covered by cluster cells.
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Bounded Box Area Density Heuristic

Let C be a cluster consisting of a finite set of unit cells, each identified by its lattice coordinates
(Xi; Vi). Define the axis-aligned bounding box of C by

Xmin = MINXi;  Xmax = MAXXi;  Ymin = MinYi;  Ymax = Maxyi:
The width and height of the bounding box are given by
X = Xmax Xmin + 1; Y = Ymax Ymin T 1

The density function g(C) is defined as

_ _ic .
9(C) = > ¥
where jCj denotes the number of unit cells in the cluster.

This quantity measures the proportion of the bounding box occupied by the cluster. Note therefore
thatg(C) 2 (0; 1], with g(C) = 1ifthe cells form an axis-aligned rectangle. This heuristic is designed
to penalize cluster configurations that contain holes extending in multiple directions, while keeping
the computational complexity of the method low, specifically O(jCj) (O(1) with precomputation),
for the propagation of all coordinate pairs to determine the minimum and maximum on each axis.
However, rhombuses or rotated rectangles cannot theoretically achieve high scores. F orénstance,
rotate an axis aligned square of side length a, 90 degrees clockwise. Then X = y =  2a, and

2
a 1
therefore g(C) = = p= < —. Hence we conclude that this heuristic imposes a

( 2a+1) ( 2a+1) 2

significant bias in the resulting scores in favor of the axis alignment of the cluster shapes that occur.

Convex Hull Area Density Heuristic

Let C be a cluster consisting of unit cells, each represented by the coordinates of its center (Xi;Yi) 2
R2. Let

denote the set of points corresponding to the cluster.

Convex Hull Construction (Andrew’s Monotonic Chain Algorithm) The convex hull H of P is
the smallest convex polygon that contains all points in P. We construct H using Andrew’s monotonic
chain algorithm [43], which operates as follows:

(1) Sort the points lexicographically by X-coordinate (and by Y to break ties).
(i1) Initialize empty lists | ower and upper for the lower and upper hulls.
(iii) For each point p in sorted order:

While the last two points in | ower and p do not make a counter-clockwise turn, remove
the last point from | ower .

Append p to | ower .

(iv) Repeat the above, traversing the sorted list in reverse order to construct upper .
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(v) Concatenate | ower and upper (excluding repeated endpoints) to obtain the convex hull H.

This algorithm runs in O(jCj log jCj) time due to the initial sort, with linear-time hull construction
afterward.

order. The area of H, denoted Ay, is computed in O(jHj) = O(jCj) via the shoelace formula [44]:

1 X

AH=§

XiYi+1  Xi+1Yi)
i=1

where Vi = (Xj; Vi) for each i and (Xk+1; Yxk+1) = (X1;VY1).

Convex Hull Area Density Function We define the convex hull area density of the cluster C as
iCj

C)= ;
9C) = A,

where jCj is the number of unit cells in the cluster, and Ay is the area of its convex hull. Since
Ay jCj (the area of the convex hull cannot be smaller than the sum of the unit cell areas), we have

0<g(C) 1:

Also, g(C) = 1 occurs if and only if the cluster perfectly fills its convex hull with no internal holes,
i.e., it is fully convex and compact, while lower values of g(C) indicate the presence of internal voids,
concavities, or elongated shapes.
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6.6.2 Main Algorithm Overview

Algorithm 2 Kruskal Based Agglomerative Clustering

Require: - Set of initial clusters C, each with a feature vector, size, and mean risk.
1: - Min-heap H containing all pairs of neighboring clusters (belonging to the same region) (X;Y)
keyed by feature distance d(X; y).

2: - Density function DensFunction( ) and risk-size check function RiskToSize( ).
3: - Density threshold DensThresh

4: Initialize all clusters as valid.

5: while H is not empty do

6: Pop (dist; A; B) from H

7: if A or B are invalid then

8: continue

9: end if
10: Compute combined cluster size: S = jAj + jBj
11: Compute weighted mean risk: R = %
12: if RiskToSize(R) < S then
13: continue
14: end if
15: Form new cluster C = A [ B

16: if DensFunction(C) < DensThresh then

17: continue

18: end if

19: Compute generalized feature vector of C:

_ jAjxa + jBixa
jAj + jB]

20: Mark C as valid; mark A and B as invalid
21: Update cluster size, mean risk, and neighbors for C:

Nc = (Na [Ng)nfA;Bg

22: for all neighbor N 2 N¢ do

23: if N is valid then

24: Add C to neighbor set of N

25: Push (d(C;N); C; N) into heap H
26: end if

27 end for

28: end while

Algorithm Motivation

The central idea underlying the algorithm is that, at each step, the pair of neighboring clusters with
the minimum feature distance represents the most natural candidate for merging. By greedily merging
such pairs, the algorithm approximates an optimal agglomerative clustering procedure while keeping
computational complexity manageable.

An important implementation detail is the treatment of stale clusters, i.e., clusters that have already
been merged but still appear in the heap. Rather than removing all edges associated with a merged
cluster immediately, the algorithm allows these “stale” edges to remain in the min-heap. When a stale
edge is eventually popped, it is recognized and skipped. This approach avoids the costly operation
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of updating or removing multiple heap entries at every merge, which would significantly increase
computational overhead.

This lazy invalidation strategy is both efficient and robust. By marking clusters as invalid and
checking their status only when processing edges, the algorithm guarantees correctness while main-
taining the heap operations at O(logn) per edge. Furthermore, this design elegantly handles the
dynamic neighbor relationships resulting from cluster merges, ensuring that the heap always contains
valid candidate pairs without the need for complex bookkeeping.

The convexity check, applied prior to each merge, together with the risk-to-size constraint, ensures
that the resulting clusters are sufficiently convex according to a tunable threshold. At the same time,
this strategy prevents the creation of clusters that are excessively large (due to the bounded nature of the
risk-size function as described in a previous paragraph) or high-risk, making them more manageable
both for practical firefighting operations and for subsequent optimization using linear programming
models.

Improvements

Some potential theoretical improvements to the current clustering algorithm are as follows:

(i) Retain more descriptive information for each cluster, rather than relying solely on a generalized
feature vector. One possible approach is to sample a fixed number of representative unit cells
from each cluster—particularly those on the boundaries—and compute generalized distances
using these representative points. This would preserve more structural information about each
microstructure during merging.

(i1) Introduce a stopping criterion based on a distance threshold, above which no further merges
are performed. While the current greedy approach merges the closest clusters at each step, it is
not strictly consistent: merging two clusters with distance X can produce a larger cluster whose
neighboring distance Yy is smaller than X. Despite that, in general, implementing a stopping
criterion would provide more control over the algorithm’s completion time, making it more
predictable and computationally manageable.

Complexity Analysis

We analyze both the space and time complexity of the proposed hierarchical clustering algorithm.

Space Complexity
The algorithm requires the following data structures:

A feature tensor of dimensionsn M  w, where w denotes the total number of features used by
the algorithm, including both risk-related attributes and auxiliary feature vectors. This structure
requires O(NmMw) space.

A set of cluster properties, including the generalized feature vector (of dimension w), mean risk,
cluster size, and a validity flag. Initially, the algorithm starts with nm singleton clusters. Each
merge operation creates exactly one new cluster entry (removes the previous 2) and reduces the
total number of clusters by 1. Therefore, at most nNm 1 merges can occur and the total number
of cluster entries created throughout the entire execution is O(nm). Consequently, storing gen-
eralized feature vectors requires O(nm W) space, while the associated scalar attributes require
O(nm) space.
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Neighbor sets for each cluster, storing pointers to adjacent clusters. Although new cluster entries
are created during merging and old clusters are retained in the data structures as invalid, the total
number of cluster entries created over the course of the algorithm is linear in the number of grid
cells. Each merge produces one new cluster entry whose number of neighbors is bounded by
O(C), where C denotes the maximum allowed cluster size and may vary depending on the
use case. Since at most N 1 merges (in the case the whole map is a single cluster) are
performed, the total number of cluster entries is O(nm), and the total number of stored neighbor
relationships across all cluster entries is therefore O(nm C).

A min-heap containing candidate cluster pairs for merging, along with their feature distances.
Heap entries are added whenever a valid cluster acquires a new valid neighbor. Since at most
O(nm) cluster entries are created and each cluster may have up to O(C) neighbors, the total
number of heap entries accumulated over the execution of the algorithm is O(nm C). Thus,
the space complexity of the heap is O(nm C).

A cluster assignment array that stores the final cluster index for each valid grid cell. Since each
cell belongs to exactly one cluster, this array requires O(nm) space.

Overall, the total space complexity of the algorithm is dominated by the storage of feature infor-

mation and cluster adjacency data. In particular, the feature tensor and the generalized feature vectors
contribute O(NmMw) space, while the neighbor sets and the min-heap together contribute O(nmC)
space. Combining these terms yields an overall space complexity of

O nm(w+C) :

Time Complexity Let the grid contain N = n m unit cells, each described by a feature vector of
dimension w, and let C denote the maximum allowed cluster size.

The dominant operations of the agglomerative clustering algorithm are as follows:

(@)

(i)

(iii)

Heap operations: A min-heap is maintained containing neighboring cluster pairs and their
associated feature distances. Each pop or push operation on the heap requires O(log H) time,
where H is the current number of heap entries. Since each cluster can have up to O(" C)
neighbors (approximately side length of a square of area C, due to convexity assumption) and
at most O(N) cluster entries are created over the course of the algorithm (at most nm 1 merge
moves, each move creating a new cluster, hence at most nm (initial clustersb+ nm 1=2nm

1 = O(N)) total cluster entities crechE, the heap size is bounded by O(N = C). Consequently,
each heap operati&nﬁtakes OS&g(N C)) time, and the total cost of heap operations across all
merges is O(N ~ Clog(N C)).

Distance computations: For each neighboring cluster pair considered for merging, the algo-
rithm computes the weighted L, distance between their gengralized feature vectors, which re-
quires O(W) time. As each cluster entry generates up to O(' C) neighbor pairs, gld there are
O(N) cluster entries in total, the total cost of all distance computationsis O(N =~ C w).

Cluster property updates: When two clusters are merged, the generalized feature vector and
other scalar properties such as mean risk and cluster size are updated. These updates are per-
formed in O(w) time per merge, contributing O(N W) in total. This term is lower order
compared to the heap and distance computation costs.
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(iv) Density checks: Before a merge is accepted, a density or convexity check is performed to en-
sure the resulting cluster satisfies shape constraints. Each check for the bounding box heuristic
operates in at most C cells, giving O(C) per merge (assuming no clever data structures are
used) and O(N C) in total.

Combining these contributions, the total time complexity of the algorithm is

O(N pé (w+1og(Np6))+N C) = O(nm pE (w+1og(nmp6))+nm C):

6.7 Algorithm Comparison

6.7.1 Theoretical

From a theoretical perspective, the first algorithm exhibits a higher time complexity than the second.
Specifically, its running time is
Oo(nm C w):

whereas the second algorithm runs in
P— P—
O(nm C (w+log(nm C))+nm C):

(each summand is asymptotically smaller than the expression for the first algorithm) In practical set-
tings, C < 1000, w > 10, nm < 10’ and thus the second’s algorithm complexity becomes O(nmC)
which is significantly faster than the first algorithm.

The opposite relationship holds for space complexity: the second algorithm requires

Oo(nm (w+C))

space, compared to
Oo(nm w)

for the first algorithm.

Overall the hierarchical algorithm is more expensive in space due to the neighboring relationships
it stores, which keep updating after each merge. However, it is faster than the first algorithm, since
the latter keeps checking similarity of the candidate cell with each existing cell in the open cluster.

We also expect less false attempts to occur in the second algorithm, while trying to increase cluster
sizes, since the distance is the main measure of similarity and is prioritized globally in the hierarchical
algorithm. In other words, the most similar pair of cluster should also be an optimal candidate for
merging in the whole of the map.

6.7.2 Practical

From a practical standpoint, the second algorithm provides a more robust approach to clustering, as it
requires fewer hard-coded parameters to be specified at initialization. In particular, it relies only on
a density threshold, and does not require prior knowledge of the underlying distribution of distances
across neighboring cells.

By contrast, the first algorithm requires both a density threshold that must be tuned through ex-
ploratory analysis of the data and a majority-percentage parameter, which, if set too restrictively, can
result in overly small clusters. Consequently, the hierarchical approach is more practical in real-world
settings.
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6.8 Post-Clustering Refinement

Algorithm Motivation

As neither clustering algorithm provides guarantees on the minimum size of the resulting clusters, and
we would like to avoid unnecessarily small clusters, to facilitate the candidate point choice and the
linear programming models later on, a post-clustering refinement step is applied to eliminate clusters
that are excessively small or insufficiently coherent.

Algorithm Definitions

Definition 6.8.1 (Stable Cluster). A cluster C is considered stable if
iCi+ r(C) > ;

where jC] denotes cluster size, r(C) its meanrisk, and , ,and are fixed constants, chosen loosely
enough, to make sure really small clusters fail the test. For instance, in our case clusters consisting of
below 8 cells fail the test. We do not wish this test to be strict to the point the clustering is invalidated
through further shuffles that will occur.

The stability criterion combines cluster size and mean risk into a single scalar quantity in order
to balance statistical reliability and domain relevance. The term jCj encourages clusters to contain
a sufficient number of cells, thereby reducing the impact of noise and preventing the formation of
fragmented or degenerate clusters. Conversely, the mean risk r(C) captures the semantic importance
of a cluster: clusters associated with higher risk values are allowed to remain smaller, as they are
inherently more informative.

The weighting coefficients and control the relative influence of size and risk, respectively,
while the threshold defines a minimum level of combined significance required for a cluster to
be considered stable. Clusters that fail to satisfy this inequality are deemed insufficiently reliable
and are subject to post-clustering refinement. This formulation provides a flexible and interpretable
mechanism for enforcing minimum cluster quality without imposing hard constraints on size or risk
independently.
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Main Algorithm

Algorithm 3 Post-Clustering Refinement

Require: Set of clusters C, grid cells with risks, neighborhood relation, number of iterations of con-
vergence T
Ensure: Refined set of clusters C
1: Compute mean risk for each cluster
2: Assign each cell to its current cluster
3: fort=1to T do
4 for each cell u do
5 Let Cy, be the cluster containing U
6: if Cy does not satisfy the stability criterion then
7 Identify valid neighboring clusters N
8 if Ny & ; then
9 Select C? 2 Ny minimizing risk difference

10: Reassign U from Cy, to C”
11: else
12: Mark U as problematic
13: end if
14: end if
15: end for
16: end for
17: Remove empty clusters
return C

Following the clustering, clusters are evaluated according to a combined size—risk criterion. Clusters
that do not satisfy this criterion are considered unstable. Individual cells belonging to such clusters
are iteratively reassigned to neighboring clusters that (i) lie within the same administrative region, (ii)
satisty the stability criterion, and (iii) exhibit the smallest difference in mean risk relative to the source
cluster.

This reassignment process is repeated for a fixed number of iterations in order to reduce sensitivity
to local assignment order and to promote convergence. That is, cells in unstable clusters are moved
outwards in each operation till they find a stable cluster to reside in. Cells that cannot be reassigned to
any valid neighboring cluster are marked as problematic and retained for further inspection. Finally,
clusters rendered empty during the refinement process are removed.

This post-processing step improves the robustness and practical interpretability of the clustering
output while preserving spatial adjacency and administrative constraints.

Complexity Analysis

Let N = nm denote the total number of grid cells and let K be the number of clusters obtained after
the clustering phase. The post-clustering refinement procedure consists of a fixed number T of passes
over all cells, where T is a small constant.

During each pass, every cell is evaluated once and may be reassigned by examining its immediate
spatial neighbors. As each cell has at most four neighbors, all checks and reassignment decisions are
performed in constant time. Consequently, each refinement pass has time complexity O(N), and the
overall refinement procedure runs in

O(TN) =0(N)
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time.

Additional operations, such as computing cluster statistics and removing empty clusters, require
linear time in the number of cells or clusters and do not affect the asymptotic complexity.

In terms of space complexity, the refinement step stores cluster memberships, auxiliary mappings,
and per-cluster statistics, all of which require space linear in the number of cells. Therefore, the space
complexity of the post-clustering refinement is

O(N):

6.9 Case Study

We now proceed with an experimental evaluation of the efficacy of the proposed allocation and clus-
tering algorithms across Greece. The analysis considers 55 prefectures of the country: N. Pierias, N.
Dytikis Attikis, N. loanninon, N. Pellas, N. Evrytanias, N. Fokidas, N. Etoloakarnanias, N. Larisas,
N. Lakonias, N. Irakliou, N. Evrou, N. Samou, N. Pireos ke Nison, N. Chalkidikis, N. Serron, N.
Kozanis, N. Imathias, N. Fthiotidas, N. Chiou, N. Achaias, N. Florinas, N. Prevezas, N. Evvias, N.
Grevenon, N. Athinon, N. Anatolikis Attikis, N. Kefallonias, N. Rodopis, N. Korinthou, N. Chan-
ion, N. Lesvou, N. Arkadias, N. Kastorias, N. Zakynthou, N. Dramas, N. Kykladon, N. Lefkadas, N.
Viotias, N. Lasithiou, N. Rethymnou, N. Magnisias, N. Argolidas, N. Kavalas, N. Ilias, N. Kardit-
sas, N. Artas, Agio Oros, N. Thessalonikis, N. Xanthis, N. Dodekanison, N. Kilkis, N. Messinias, N.
Thesprotias, N. Trikalon, N. Kerkyras.

This list captures a wide variety of geographic and environmental contexts, ranging from densely
populated urban regions to sparsely populated rural areas, including islands as well as mainland pre-
fectures.

6.9.1 Algorithm Parameters
All features are given equal weight in the distance calculations and utilize the same post-clustering

constants.

BFS Algorithms We consider six BFS-based clustering algorithms, each defined by a pair of pa-
rameters: the majority percentage and the similarity threshold. Their values have been chosen due to
an analysis conducted on the corresponding distribution of the feature distances between neighboring
cells, and are thus logical. Table summarizes the parameter settings.

Table 6.1: Parameter settings for BFS-based clustering algorithms

Algorithm Majority Percentage (0—1) Similarity Threshold

BFS1 0.5 0.1
BFS2 0.5 0.4
BFS3 0.5 1.0
BFS4 0.7 0.1
BFS5 0.7 0.4
BFS6 0.7 1.0

Hierarchical Algorithms Three hierarchical kruskal-based algorithms are considered using the
bounding-box heuristic, each with a different density threshold. Table summarizes the param-
eter settings.
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Table 6.2: Parameter settings for hierarchical clustering algorithms

Algorithm Density Threshold (0-1)

Hierl 0.5
Hier2 0.6
Hier3 0.7

6.9.2 Metrics

To compare the performance of the different clustering and allocation algorithms, we employ three
complementary evaluation metrics: compactness, number of clusters, and pseudo-F index. Each of
these metrics captures a different aspect of clustering quality and spatial organization within the region
of interest (prefecture).

Compactness Compactness measures the spatial cohesion of each cluster. It is defined as the ratio
between the area occupied by the cluster and the area of its minimum bounding box. Values close to
one indicate that the cluster occupies most of its bounding box and therefore has a regular and dense
spatial shape, whereas lower values correspond to fragmented or elongated clusters. High compact-
ness is desirable, as it implies geographically coherent regions that can be more easily managed in the
optimization stage later on.

Cluster Number The number of clusters reflects the degree of spatial segmentation produced by
each algorithm. A small number of clusters corresponds to coarse partitioning, where large areas are
grouped together, while a large number of clusters indicates finer spatial resolution. Too strict clus-
tering criteria can result in a large number of clusters, which may be difficult to manage operationally.
Conversely, using too few clusters may oversimplify the spatial structure and overlook important local
variations within the study area.

Pseudo-F Index The pseudo-F index, also known as the Calinski-Harabasz index [45] index evalu-
ates the quality of clustering by comparing inter-cluster and intra-cluster variability. It is defined as the
ratio between the variance of feature values across different clusters and the average variance within
clusters. High values indicate that clusters are well separated from each other while remaining inter-
nally homogeneous. Consequently, a higher pseudo-F index suggests a more effective partitioning of
the study area in terms of the selected environmental and risk-related attributes.

6.9.3 Results

We apply the algorithms independently on each prefecture and consider the distributions of the corre-
sponding metrics. We showcase the results in Figures b.1], 6.2, 6.3 and Table 6.3

Remarks The highest pseudo-F values are obtained by the BFS-based algorithms using the low-
est similarity threshold (0.1). This setting ensures that cells grouped within the same cluster exhibit
strong mutual similarity in the majority of cases. In contrast, the hierarchical algorithms rely on a
unified feature representation for open clusters, which appears to capture intra-cluster variability less
effectively. As a result, their pseudo-F values remain comparatively lower.

With respect to compactness, an increase is observed for higher density thresholds in the hierar-
chical algorithms, as expected. Nevertheless, compactness values remain within the range of 0.5-0.6
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for most configurations, indicating that spatial coherence is not a limiting factor in the present set-
ting. Moreover, BFS-based algorithms naturally favor compact cluster shapes without requiring addi-
tional filtering mechanisms, unlike the hierarchical approach. However, for loose similarity thresholds
(equal to 1.0), the pseudo-F index drops significantly below 1, indicating reduced cluster quality.

Increasing the similarity threshold in the BFS algorithms imposes stricter clustering constraints and
leads to the formation of a larger number of clusters. This effect may negatively impact operational
usability due to increased management complexity. Notably, the increase in the number of clusters
when moving from a threshold of 1.0 to 0.4 is less than 10%, compared to an increase of approximately
250% when moving from 0.4 to 0.1. This observation suggests that a threshold value of 0.4 represents
a balanced compromise between strictness and flexibility.

For the hierarchical algorithms, the pseudo-F index remains close to 2 across all density thresholds,
indicating that this parameter has a limited influence on clustering efficiency. On the other hand,
increasing the density threshold results in a higher number of clusters, as expected, due to a greater
number of rejected merge operations.

Increasing the majority percentage from 0.5 to 0.7 leads to a moderate increase in the number
of clusters, while having only a minor effect on the pseudo-F index. This suggests that in the BFS
algorithms, the similarity threshold plays a more significant role in determining clustering quality than
the majority percentage.

From a computational perspective, all BFS-based algorithms required substantially longer execu-
tion times—approximately five times longer than the hierarchical methods. This increased cost can
be attributed to the worse complexity. In practical applications, this slow performance may constitute
a significant limitation.

An analysis of the standard deviations reveals important differences in algorithmic stability across
prefectures. BFS configurations with low similarity thresholds exhibit high variability in both pseudo-
F values and cluster numbers, indicating strong dependence on regional characteristics. In contrast,
BFS3 and BFS6 demonstrate consistently low variance, suggesting more robust behavior at the cost of
reduced clustering quality. Hierarchical methods present moderate variability, offering a compromise
between stability and performance. Furthermore, compactness exhibits uniformly low variance across
all algorithms, implying that spatial coherence is largely insensitive to parameter selection.

Overall, BFS5 (majority percentage 0.7, similarity threshold 0.4) provides the most favorable trade-
off between clustering quality, spatial compactness, computational efficiency, and operational man-
ageability. It achieves a high pseudo-F index while maintaining a reasonable number of clusters.

Table 6.3: Comparison of clustering algorithms across prefectures. Metrics include pseudo-F index,
mean compactness, and number of clusters.

Algorithm Pseudo-F Mean Pseudo-F Std Compactness Mean Compactness Std Clusters Mean Clusters Std

BFS_1 3.254 0.727 0.592 0.031 278.84 149.20
BFS 2 1.642 0.721 0.545 0.025 110.82 60.28
BFS_3 0.777 0.229 0.526 0.025 90.33 49.20
BFS_4 3.084 0.776 0.599 0.031 299.15 163.80
BFS_5 2.187 0.705 0.551 0.028 133.55 71.80
BFS_6 0.782 0.234 0.526 0.024 90.25 48.82
Hier 1 1.944 0.490 0.594 0.019 137.98 74.25
Hier 2 1.913 0.471 0.664 0.012 160.40 85.39

Hier 3 2.078 0.541 0.744 0.010 227.85 121.80
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Average Pseudo-F Across Prefectures
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Figure 6.1: Average pseudo-F index for each clustering algorithm across all prefectures. Higher val-
ues indicate better separation between clusters relative to intra-cluster variance.
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Figure 6.2: Mean compactness of clusters produced by each algorithm across all prefectures. Values
closer to 1 indicate more spatially cohesive and regular clusters.
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Average Number of Clusters Across Prefectures
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Figure 6.3: Average number of clusters generated by each algorithm per prefecture. Fewer clusters
may overlook local variations, while too many clusters may be operationally difficult to
manage.
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CHAPTER /

Candidate Point Selection

7.1 Motivation

Following the clustering stage, each geographical region (a prefecture in our case) is partitioned into
homogeneous clusters, each satisfying predefined size and risk constraints. While this representation
significantly reduces spatial heterogeneity, it is still insufficient for directly formulating an optimiza-
tion model that determines the placement of firefighting vehicles.

In principle, one could consider every available point within the foundational spatial cells as a
potential facility location. However, the number of such points is on the order of millions, rendering
any linear or mixed-integer programming formulation computationally slow. Moreover, many of these
points correspond to impractical, inaccessible or isolated locations (e.g., steep terrain, mountain peaks,
forests, or areas without road access), where the placement of firefighting vehicles is not feasible in
practice.

To address both the computational burden and the practical deployment constraints, it is therefore
necessary to restrict the solution space to a carefully selected subset of feasible and representative
locations. These locations, referred to as candidate points, serve as potential sites for vehicle place-
ment and significantly reduce the dimensionality of the optimization problem while preserving spatial
coverage and operational practicality.

Based on these considerations, we impose the following requirements on the candidate point se-
lection process:

(1) Each cluster is assigned an equal number of candidate points, independently of its dimensions.
This design choice is justified by the clustering methodology, which enforces a risk-to-size
relationship such that higher-risk clusters are geographically smaller, while lower-risk clusters
are larger. As aresult, clusters can be treated in a uniform manner during the candidate selection
and subsequent optimization stages.

(i1) Each candidate point must correspond to a physically accessible and operationally feasible loca-
tion. In particular, candidate points are required to be located in proximity to roads that can ac-
commodate firefighting vehicles, while excluding major highways (motorways) or high-speed
road segments where static vehicle deployment is impractical. This ensures that all selected
points represent realistic patrol or staging locations.

(iii) Candidate points within each cluster should be spatially well distributed. Maximizing their
mutual separation reduces geographical bias, avoids excessive concentration in dense areas, and
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increases the diversity of potential deployment options, both locally within individual clusters
and globally across the entire study region.

(iv) Clusters located in areas with limited or no road accessibility (e.g., mountainous or rugged
terrain) may be exempted from the uniform assignment rule and allowed to contain a reduced
number of candidate points, reflecting practical deployment limitations.

(v) Existing firefighting stations are treated as fixed candidate locations and are incorporated di-
rectly into the candidate set using official fire service datasets provided for this study. Including
these facilities ensures that the optimization model accounts for established infrastructure with
known operational capacity, improves realism, and allows the evaluation of redeployment or
reinforcement strategies without disregarding current response capabilities.

To satisfy the above constraints, we leverage road network and accessibility data obtained from
OpenStreetMap through the Overpass Turbo API [20], which enables programmatic querying of
detailed, user-contributed geospatial information. Similar uses of the Overpass API for extracting
geospatial data from OpenStreetMap have been reported in [[11]]. However, in that study—as in the
majority of the related literature—candidate facility locations are assumed to be known beforehand.
This assumption restricts the feasible solution space and may lead to sub-optimal system configura-
tions compared to approaches that generate candidate locations from spatial data.

7.2 Overpass Turbo API

Overpass Turbo provides a flexible query interface that enables programmatic access to Open Street
Map’s underlying data model, allowing fine-grained spatial and semantic filtering of map features.

7.2.1 Data Representation in OpenStreetMap

In OpenStreetMap, geographical features are represented using three fundamental elements: nodes,
ways, and relations. Nodes correspond to individual geographic points defined by latitude and lon-
gitude coordinates. Ways are ordered sequences of nodes and are typically used to represent linear
features such as roads, paths, and rivers. Relations group nodes and ways together to describe more
complex structures.

Road infrastructure is primarily encoded as ways and annotated using key—value tags. Of particular
importance is the hi ghway tag, which classifies roads according to their functional and structural
characteristics.

7.2.2 Road Categories and Accessibility Constraints

To ensure that candidate points correspond to realistic and operationally feasible vehicle deployment
locations, we restrict our attention to roads suitable for firefighting vehicle access. Specifically, we
consider road segments classified as pri mary, secondary, orterti ary, which generally correspond
to paved roads with sufficient width and load-bearing capacity.

Road segments marked as tunnels (t unnel =yes) are excluded, as they do not permit static vehicle
positioning or patrol operations. Furthermore, roads with unpaved or low-quality surface types (e.g.,
gravel, dirt, sand, grass, or similar) are filtered out to avoid locations that may be unsafe or inaccessible
under emergency response conditions.
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7.2.3 Spatial Query Formulation

For each cluster center, we query the surrounding road network within a predefined radius using the
Overpass Turbo API. The query is expressed in Overpass QL and returns all qualifying road segments
that satisfy both the spatial and semantic constraints described above. The query used in this study is
shown below:

[out:json][tineout:65];

(
way(around: { RADI US}, {center[] lat]]},{center[1lon]})

[ highway ~ ~(primary|secondary|tertiary)$ ]

[ tunnel != yes ]

[ surface !~ ~(unpaved| gravel | dirt]| ground| earth| mud| sand|
pebbl est one| cl ay| gr ass| grass_paver | woodchi ps|
fine_gravel | conpact ed| rock| rocky)$ ];

)
(>
out body;

The ar ound operator restricts the query to a circular area centered at the cluster centroid, with
radius RADI US in meters.

The filtering conditions ensure that only accessible, non-tunneled, and sufficiently paved road
segments are retrieved. The recursive statement (3. =;) requests all nodes associated with the selected
ways, enabling the reconstruction of full road geometries. Results are returned in JSON format and
subsequently processed to extract candidate points along the qualifying road network.

This approach allows for a systematic, reproducible, and scalable identification of feasible candi-
date locations while maintaining strong alignment with real-world operational constraints.

7.3 Methodology

The methodology is designed to balance computational efficiency, spatial coverage, and operational
feasibility, while remaining fully compatible with the optimization model introduced in later sections.

7.3.1 Overview

Given a geographical region of interest (a prefecture), the objective is to generate a limited and repre-
sentative set of candidate points for each cluster produced during the clustering stage. These candidate
points must (i) lie on accessible road infrastructure, (ii) be spatially well distributed within the cluster,
and (iii) reflect practical deployment constraints.

The procedure operates independently for each cluster and consists of four main steps:

(1) Determination of a cluster-specific search radius,
(i) Retrieval of feasible road network data using the Overpass API,
(ii1) Selection of an initial feasible road point nearest to the cluster center,

(iv) Iterative selection of additional points using a distance-maximization strategy.
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7.3.2 Cluster-Specific Search Radius

Let nj denote the number of foundational spatial cells belonging to cluster i. Each cell corresponds
to a fixed-area spatial unit, and therefore nj is proportional to the cluster’s area.

To determine an appropriate search radius around the cluster center, we approximate each cluster
as a square of area N;. The side length of such a square is pﬁi, and its diagonal is ~ 2n;. We therefore
define a theoretical radius as half of this diagonal:

ri = anl
11— 2 .
This value is subsequently scaled to account for the spatial resolution of the underlying grid and

reduced by a factor of % to avoid selecting candidate points near cluster boundaries, which could lead
to overlap or ambiguity between neighboring clusters. The search radius is therefore,

2 Pon

The choice for the factor % can be explained geometrically. Consider two neighboring clusters of
equal dimensions with centers A and B. The line segment connecting A and B can be partitioned
into three equal subsegments. The central third corresponds to a region where the influence of both
clusters is comparable, resulting in ambiguity in cluster assignment. By restricting candidate points to
lie within the outer two-thirds of this segment, this ambiguous region is excluded, thereby guaranteeing
a clear separation between neighboring clusters.

This results in a dynamic, cluster-dependent radius that adapts naturally to variations in cluster size
and risk profile. In exceptional cases where not enough points are found within this radius, this radius
is scaled iteratively up to a maximum number of retries. False positive points (belonging to a different
prefecture) are filtered on a later step.

7.3.3 Retrieval of Feasible Road Points

For each cluster center, we query the OpenStreetMap road network within the computed radius using
the Overpass Turbo API. The query retrieves road segments that satisfy the following conditions:

Road type classified as pri mary, secondary,ortertiary,
Exclusion of tunnel segments,

Exclusion of unpaved or low-quality road surfaces.

The result of each query consists of a set of road nodes (points with geographic coordinates) as-
sociated with the qualifying road segments. Only nodes located within the cluster-specific radius are
retained for further processing.

7.3.4 Initial Point Selection

Among all retrieved road nodes, the algorithm first selects the node with the minimum great-circle
(Haversine) distance to the cluster center. This point serves as a natural and representative initial
candidate location, as it lies on accessible infrastructure and is maximally central with respect to the
cluster geometry.

If no feasible road node is found within the initial radius, the search radius is iteratively expanded
by a fixed scaling factor until either suitable points are identified or a predefined maximum number
of attempts is reached.
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7.3.5 Spatial Diversification via Distance Maximization

To select additional candidate points within the same cluster, we employ an iterative distance-maximization
strategy inspired by the farthest-point sampling (Max—Min) heuristic.

Let C denote the set of already selected candidate points for a given cluster. For each remaining
road node v, we compute its minimum distance to the set C:

d(v;C) = rcg%ldlst(v; C):

At each iteration, the node with the maximum value of d(v; C) is selected and added to C. This
process continues until either:

the desired number of candidate points is reached, or
the maximum achievable distance falls below a predefined threshold.

This approach ensures that candidate points are as evenly distributed as possible within the cluster,
avoiding excessive concentration and reducing spatial bias.

7.3.6 Handling Special Cases

Clusters with very small spatial extent or limited road accessibility are assigned a reduced number
of candidate points, reflecting practical deployment limitations. Additionally, known fixed facilities
(e.g., existing fire stations) are incorporated as predefined candidate points and associated with the
nearest cluster center.

Finally, since we used heuristics in the calculations for the cluster radius and the point search, all
candidate points are filtered to ensure they lie within the boundaries of the prefecture under consid-
eration, using either bounding-box checks or polygon-based (geopandas) spatial containment tests,
depending on data availability.

7.3.7 Output for Optimization

The resulting candidate points are compiled into a structured dataset containing spatial coordinates,
cluster associations, and auxiliary parameters required by the optimization model. This dataset par-
tially forms the input to the linear and mixed-integer programming formulations presented in subse-
quent sections.
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CHAPTER 8

Distance Calculation

8.1 Motivation

Since this work deals with geographical data and emergency firefighting response, the time required
for a vehicle to travel from one location to another is a critical factor in both the linear programming
models and the overall system evaluation. In emergency response scenarios, minimizing travel time
directly impacts operational effectiveness and response quality.

Importantly, travel time is not proportional to the geographical (haversine) distance between two
points on the Earth’s surface. Instead, it depends on several factors, including road network structure,
road availability, traffic regulations, and the urban microstructure of cities. These factors are highly
location-dependent and dynamic, making them unsuitable for reliable heuristic modeling.

Consequently, accurate estimation of travel distance and duration requires the use of a routing
service that explicitly accounts for real-world road networks and driving conditions. For this reason,
an external routing API is employed to compute realistic distance and travel time measures between
all relevant point pairs.

8.2 Objective

Given a set of candidate points within a geographical region of interest, the objective is to compute
pairwise distances between all point combinations, measured both in travel time and physical dis-
tance. Distances are computed in both directions, as road networks may contain one-way streets or
asymmetric routing constraints, implying that travel from point A to point B may differ significantly
from travel from B to A.

8.3 OpenRouteService

To obtain accurate routing information, we make use of the OpenRouteService (ORS) API[23]]. Open-
RouteService is an open-source routing platform based on OpenStreetMap data, providing access to
realistic routing information for multiple transportation profiles, including driving, cycling, and walk-
ing.

ORS offers functionality for computing both shortest-path distances and estimated travel durations
while accounting for road topology, speed limits, turn restrictions, and other network constraints. In
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particular, its distance matrix service enables the efficient computation of pairwise distances or travel
times between multiple locations, making it well suited for large-scale optimization problems.

In this study, the dri vi ng- car profile is used, as it best reflects the operational characteristics of
firefighting vehicles operating on urban and interurban road networks.

8.4 Methodology: Distance Matrix Computation

The computation of distance and travel time matrices is carried out using a dedicated distance produc-
tion python module that interfaces directly with the OpenRouteService (ORS) API. The methodology
follows a structured, multi-step procedure to ensure scalability, reproducibility, and compliance with
API constraints.

Step 1: Input Data Preparation The input to the distance production module consists of a set of
geographic coordinates corresponding to road-accessible candidate locations. These coordinates are
extracted from preprocessed road network data, as shown in Chapter [ and represented as latitude—
longitude pairs compatible with the ORS API.

Step 2: Coordinate Partitioning Due to limitations on the maximum number of locations allowed
per ORS distance matrix request, the full coordinate set is partitioned into smaller subsets of fixed size.
This partitioning allows the computation of pairwise distances for large point sets while remaining
within the operational constraints of the API.

Step 3: Distance Matrix Queries For each pair of coordinate subsets, a request is issued to the ORS
distance matrix service using the dri vi ng- car routing profile. Depending on the selected metric, the
API returns either travel distances (in meters) or travel durations (in seconds). To comply with API
rate limits, a short delay is introduced between consecutive requests.

Step 4: Matrix Assembly Each partial distance matrix returned by the API is inserted into its corre-
sponding position within a global distance matrix. This incremental assembly process continues until
all subset combinations have been processed, resulting in a complete pairwise distance or travel time
matrix for all input locations.

Step 5: Data Storage Once the global distance matrix has been fully constructed, it is converted
into a tabular format and stored as a CSV file. This file serves as a persistent and reusable data source
for subsequent optimization models and system evaluation tasks.

The resulting distance matrices provide realistic, network-aware travel distances and durations that
accurately reflect road topology and routing constraints, ensuring that all downstream analyses are
based on real-world travel conditions rather than simplified geometric approximations, thereby en-
hancing the credibility of the final results.
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CHAPTER 9

Significance Indicator

9.1 Motivation

Following the selection of feasible candidate locations and the computation of pairwise distances based
on realistic road network characteristics (e.g., traffic conditions, road density, and travel itineraries),
the framework is prepared for the optimization stage, which determines the optimal placement and
patrol configuration of firefighting vehicles.

At this stage, it is necessary to introduce a systematic mechanism for prioritizing candidate loca-
tions according to their relative importance. Not all locations contribute equally to wildfire disasters;
consequently, treating all candidate points as equally valuable would lead to suboptimal deployment
strategies.

The importance of a location can be quantified using a combination of historical, geographical,
environmental, and socio-economic factors. These include historical fire occurrence and intensity,
land cover characteristics (e.g., forests and protected areas), proximity to residential and industrial
zones, prevailing weather conditions (such as wind patterns and temperature), as well as topographical
features including altitude and terrain slope.

To incorporate these heterogeneous factors into the optimization model, we introduce a significance
indicator that assigns a numerical value to each candidate point. Higher indicator values correspond
to locations with increased wildfire risk or greater potential impact in the event of a fire.

9.2 Selected Features

The construction of the significance indicator is based on a set of environmental, geographical, and
socio-economic features that are known to influence wildfire occurrence, propagation, and potential
impact. These features are selected to capture both the physical drivers of fire behavior and the expo-
sure of human and natural assets.

Specifically, the following numerical features (as explained in Chapter f) are considered for each
candidate location:

Maximum daily temperature
Wind velocity

Population density
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Vegetation coverage

Terrain steepness

Percentage of urban areas within the corresponding cell
Percentage of forested areas within the corresponding cell
Machine learning generated risk indicator

Maximum temperature and wind velocity reflect meteorological conditions that directly affect fire
ignition and spread. Population density and urban area coverage capture potential human and infras-
tructure exposure. Vegetation and forest coverage represent fuel availability, while terrain steepness
influences fire propagation dynamics and accessibility. Finally, the machine learning—based risk pre-
dictor integrates complex spatio-temporal patterns derived from historical data.

All considered features can be computed either from real-time observations on the day of operation
or derived as short-term forecasts based on historical data. This flexibility enables the framework to
support both reactive deployment strategies, driven by current conditions, and proactive planning
approaches.

Together, these features provide a comprehensive and multidimensional representation of wildfire
risk and potential impact at each candidate location.

9.3 Feature Normalization

The raw feature values used to construct the significance indicator exhibit substantial variation in scale,
units, and statistical distribution. For example, temperature is measured in degrees, population density
in inhabitants per unit area, and vegetation coverage in percentages, while machine learning—based
risk scores may follow entirely different numerical ranges. Directly combining such heterogeneous
features would introduce undesirable bias and distort their relative influence in the resulting indicator.

To ensure comparability and balanced contribution, all features are normalized independently for
each geographical region (prefecture) and mapped to the common interval [0; 1]. This regional nor-
malization prevents local significance estimates from being influenced by the overall national distri-
bution of feature values across Greece, which may vary considerably due to climatic, demographic,
and topographical differences.

Let Xﬁ(w denote the raw value of feature k at candidate location j within a given prefecture. The
normalized feature value Xj is computed using min—max scaling:

XY min XIY
Jk R Tk

Xjk =

R R
where R denotes the set of candidate locations within the same prefecture.

In case a feature is constant in R, its value is set to 0 to avoid impact in the linear combination that
follows.

This transformation ensures that, for each feature and each region, the minimum observed value
is mapped to 0 and the maximum to 1, with intermediate values scaled proportionally. As a result, all
normalized features share a common numerical range and contribute comparably to the significance
indicator, independent of regional or national-scale disparities.
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9.4 Integration and Indicator Formulation

Following normalization, the significance indicator is constructed as a weighted linear combination of
the selected features. This formulation provides a flexible mechanism for incorporating both domain
expertise by the firefighter operators and data-driven insights into the prioritization process.

For each candidate location J, the significance indicator I is defined as

X
Ij = Wkak;
k=1
X
we =1
k=1

where Xjk denotes the normalized value of feature K at location j, wix O represents its associated
weight, and K is the total number of features.

The weights wy reflect the relative importance assigned to each feature. Larger weights emphasize
the contribution of specific risk factors, while assigning a weight of zero effectively excludes a feature
from the calculation. This structure allows decision-makers and domain experts to adapt the model to
local conditions, operational priorities, and evolving environmental patterns.

In addition, the inclusion of a machine learning—based risk predictor enables the framework to
capture complex, nonlinear relationships among environmental variables that may not be adequately
represented by individual features alone.

The resulting significance indicator is subsequently incorporated into the objective function of the
linear programming model as a weighting factor that favors strategically important locations. Conse-
quently, the optimization process is guided not only by spatial coverage and operational constraints,
but also by region-specific, risk-aware prioritization. This integrated formulation enhances the adapt-
ability, robustness, and operational relevance of the resulting firefighting patrol strategies.

9.5 Improvements

Collinearity

Several of the features used in the construction of the significance indicator exhibit inherent correla-
tions in practical settings. In particular, the machine learning—based risk predictor is trained using a
subset of the remaining variables, which introduces a direct dependency between this predictor and
the original features. As a result, multicollinearity effects may arise, potentially distorting the relative
influence of individual variables in the weighted aggregation.

Such collinearity can lead to redundant information, reduced interpretability of feature weights,
and biased prioritization outcomes within the optimization framework. To mitigate these effects, a
potential improvement consists in decomposing the feature set into more fundamental, mutually in-
dependent components and restricting the simultaneous use of strongly correlated variables. For in-
stance, the machine learning—based risk indicator could be excluded when its underlying input features
are explicitly included in the model.

Alternatively, dimensionality reduction techniques, such as principal component analysis [46] or
feature decorrelation methods, could be employed to derive orthogonal representations that preserve
most of the informative variance while eliminating redundancy.

Despite these limitations, the current formulation provides valuable insights into the spatial and
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statistical distributions of individual risk factors. The explicit inclusion of separate features facilitates
interpretability and enables domain experts to assess the relative contribution of different environ-
mental and socio-economic drivers. Consequently, the present approach serves as a transparent and
informative baseline.
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cHAPTER 10

Linear Programming Models

10.1 Motivation

Following the selection of feasible candidate locations, the computation of realistic travel distances,
and the assignment of significance indicators to each point, the framework is prepared for the opti-
mization stage. The primary objective of this stage is to determine an effective deployment strategy
for firefighting vehicles that balances responsiveness and operational efficiency.

Specifically, the optimization component pursues two complementary goals. First, it aims to deter-
mine a strategic, data-driven static allocation of vehicles to a subset of candidate locations, ensuring
adequate proximity to high-significance subregions under normal operating conditions. Second, it
seeks to support the efficient redistribution of the remaining available vehicles in response to emerging
fire incidents, thereby maintaining satisfactory coverage and response capability after initial dispatch.

The first objective corresponds to the static allocation problem. This problem is solved prior to the
beginning of each operational period (e.g., daily), using available real-time measurements or short-
term forecasts. Its purpose is to establish a baseline deployment that reflects anticipated risk patterns
and regional characteristics.

The second objective defines the dynamic allocation problem. This problem arises during ongoing
operations, when one or more vehicles are dispatched to active incidents and the remaining fleet must
be repositioned to preserve coverage and minimize vulnerability in unaffected areas. Dynamic alloca-
tion therefore accounts for evolving system states and incorporates updated information as incidents
unfold.

Together, these two optimization components enable a unified framework that supports both proac-
tive planning and reactive response.

10.2 Assumptions and Problem Formulation

Both the static and dynamic allocation problems are formulated within the framework of facility lo-
cation theory [2]. Under this perspective, the deployment of firefighting vehicles is modeled as the
placement of facilities that serve spatially distributed demand points. The formulation is based on the
following assumptions.

(1) All available firefighting vehicles are assumed to have the same operational capabilities, re-
sponse capacity, and equipment. Consequently, individual vehicles are treated as interchange-
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able resources. This assumption is adopted for modeling simplicity and computational tractabil-
ity.
(i) The facilities to be placed are the firefighting vehicles themselves.

(iii) The total number of available facilities is determined by the size of the regional firefighting fleet
and may vary seasonally, reflecting changes in operational capacity (e.g., increased availability
during high-risk summer periods).

(iv) The set of feasible facility locations is defined by the candidate points generated during the
preprocessing stage. Each vehicle may be assigned to any of these predefined locations.

(v) Each candidate location may hold at most 1 vehicle.

(vi) Demand is represented by the same set of candidate points, which serve as representative cus-
tomer locations. Each candidate point captures the aggregated risk and significance of its sur-
rounding area, acting as a representative demand node within the optimization model.

10.3 Static Allocation Model

Consider a geographical region R (e.g., a prefecture) with N candidate locations. LetF  f1;:::; Ng
denote the subset of locations that must be assigned a facility, due to their role as established patrol
bases or refuelling stations.

Let K denote the total number of available firefighting vehicles. Furthermore, letd 2 RN N
be the distance matrix, where djj represents the travel distance from location i to location j, and let
s 2 RN be the significance vector, where each coefficient sj indicates the importance of location j,
as defined in Chapter [.

Let v > 0 be a user-defined balancing parameter that controls the relative importance between
minimizing the maximum generalized distance and minimizing the total significance-weighted travel
distance.

The static allocation problem is formulated as the following mixed-integer linear program:

N X
mn N v z+ Sj Xij dij
Xy;z . .
j=1 i=1
X
st. (1) Xij=1, 8 =1::5;N;
i=1
X
2 Xij  Nyi; 8i=1;::1;N;
i=1
X
3 vi K
i=1
X
4) sj xijdij z; 8 =115 N;
i=1

B) vi=1, 8i2F;
(6) xij 2f0;1g; yi2f0;19; z O
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The decision variables are defined as follows:

Xij = 1ifthe facility located at site i is assigned to serve the demand at location j, and Xjj = 0
otherwise.

yi = 1if a firefighting vehicle is stationed at location 1, and yj = 0 otherwise.

z is an auxiliary continuous variable representing an upper bound on the weighted service dis-
tance for all demand locations.

For each location j, we define the generalized distance as

N
GDj =sj Xij dij;
i=1
which captures the weighted distance between location j and its assigned facility.

The constraints enforce the following operational requirements:
(1) ensures that each demand location is assigned to exactly one facility.
(2) guarantees that a location can serve demand only if a vehicle is stationed there.
(3) limits the total number of deployed vehicles to the available fleet size K.

(4) enforces a uniform upper bound on the generalized distances, thereby controlling worst-case
service quality.

(5) ensures that all mandatory locations in F are always assigned a facility.

10.3.1 Analysis

Generalized Distance The model employs a generalized distance metric between a facility located
at site i and a demand location j, defined as Sjdjj, where S; denotes the significance of location
J and djj represents the corresponding travel distance. This weighted formulation assigns greater
importance to serving high-significance locations efficiently, while comparatively de-emphasizing
locations of lower relative importance.

By incorporating significance directly into the distance measure, the model naturally encourages
the placement of facilities in proximity to areas with elevated risk, high population density, or crit-
ical environmental characteristics. As a result, resource allocation decisions are guided not only by
geographical proximity but also by operational relevance.

Objective Function Terms The objective function consists of two complementary components.
The first term penalizes the maximum generalized distance through the auxiliary variable z, thereby
limiting the worst-case weighted service distance across all locations. This component promotes eq-
uitable spatial coverage and prevents the emergence of highly underserved high-risk areas.

The second term minimizes the total generalized distance over all demand locations, encouraging
efficient overall deployment and prioritization of strategically important regions. This term captures
average system performance and supports cost-effective resource utilization.

Both terms are of the same scale N generalized distance, with Vv scaling the first term depending
on the operator needs.

Together, these components balance worst-case guarantees and average performance. Their simul-
taneous inclusion ensures that the resulting deployment achieves satisfactory proximity to all locations
while avoiding excessive vulnerability in high-significance subregions.
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Balancing Parameter The parameter v regulates the relative influence of the two objective com-
ponents. Increasing the value of v places greater emphasis on minimizing the worst-case generalized
distance, thereby strengthening equity and robustness considerations. Conversely, smaller values of
V prioritize the minimization of aggregate weighted distances, favoring efficiency-oriented solutions.

Capacity The current formulation does not impose explicit capacity constraints on individual fa-
cilities, which constitutes a potential direction for future improvement. As a result, each demand
location is assigned to its nearest available facility in terms of network distance, without accounting
for workload limitations or operational saturation.

Moreover, since no load-balancing terms are incorporated into the objective function, the model
does not explicitly regulate the distribution of demand among facilities. While this simplifies the
formulation and improves computational tractability, it may lead to uneven utilization of resources in
practice.

10.3.2 Interpretation

The solution of the static optimization model provides the decision variables Yj, Xij, and z. The vector
yi identifies the locations at which firefighting vehicles are placed, while the variables X;j indicate
which demand locations are assigned to each selected facility. In addition, the auxiliary variable z
represents an upper bound on the generalized service distances across all demand points.

The value of z offers a quantitative measure of the overall service quality of the deployment. By
normalizing z with respect to the corresponding significance indicators, it is possible to estimate the
effective proximity of each demand location to its assigned facility.

Furthermore, the assignment variables Xjj provide complementary information that may support
operational decision-making, such as vehicle dispatching in response to fire incidents. This infor-
mation is not directly exploited in the subsequent (dynamic allocation) stages of this study, since
individual capacity constraints were not directly taken into account on this stage.

10.3.3 Deployment

The optimization models were implemented and solved using the Gurobi Optimizer [21]. Model pa-
rameters and input data were loaded from the CSV files generated during the candidate point selection
stage and the significance indicator calculations (Chapter ). These files contain the necessary dis-
tance matrices, significance indicators, and cluster assignments.

The resulting solutions were subsequently exported to CSV format to facilitate visualization, post-
processing, and manual inspection.

10.4 Dynamic Allocation Model

allocation phase.

When a fire incident occurs, T vehicles are dispatched to respond. These vehicles are selected
greedily (as is the case in real life events) so as to minimize their response time, measured by their travel
distance to the incident location. For notational simplicity, we assume that the dispatched vehicles
have already been removed from the active set A.

The objective of the dynamic model is to redistribute the remaining vehicles in order to preserve
adequate regional coverage while limiting unnecessary relocation costs.
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Let w

0 be a weighting parameter that reflects the importance of reassignment costs, and let

m 2 N be an exponent regulating the sensitivity of the model to long-distance relocations. The

dynamic allocation problem is formulated as the following mixed-integer linear program:

where:
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x 2 0;1gN N are the coverage variables, where Xij = 1 if the facility (vehicle) located at i

serves demand location j.

y 2 0; 1gN N are the reassignment variables, where y; j = 1ifa facility (vehicle) originally

located at i is relocated to location j.

Z
GD;.

The constraints are interpreted as follows:

0 is an auxiliary variable representing an upper bound on the generalized service distances

(1) ensures that each demand location is served by exactly one vehicle.

(2) enforces that a location may serve demand only if a vehicle is assigned to it.

(3) guarantees that each location can receive at most one reassigned vehicle.

(4) requires that every previously active vehicle is reassigned to exactly one location.

(5) prevents reassignments from locations that did not originally have a vehicle.

(6) limits the maximum generalized distance.
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10.4.1 Analysis

Generalized Distance We make use of the same notion of generalized distance as seen in the static
model Section MIZ3. Only now, that is taken into account through the (implicit) minimization of the
worst case scenario expressed in Z of the first term.

Objective Function Terms The objective function of the dynamic allocation model consists of two
complementary components. The first term, as in the static model, penalizes the maximum generalized
distance via the auxiliary variable z, ensuring equitable coverage across all demand locations.

The second term captures the cost of vehicle reallocation. Specifically, it minimizes a monomial
function of the reassignment distances for all vehicles not dispatched to the fire incident. This term
models operational costs associated with relocating vehicles, including fuel consumption, travel time,
and temporary unavailability, and therefore encourages efficient reassignment decisions.

Potential scale mismatches between the two terms can be addressed through the weighting pa-
rameters W and v, which allow the model to balance the trade-off between maintaining coverage and
limiting costly relocations, depending on the specific characteristics of the case study and the choice
of m.

Exponent Parameter

The exponent m controls the sensitivity of the dynamic allocation model to long-distance vehicle re-
locations. Increasing m places greater emphasis on minimizing large reassignment distances, thereby
discouraging moves that would incur excessive operational costs. Conversely, very high values of m
may effectively prevent reassignment altogether, as the model seeks to avoid the penalties associated
with long-distance relocations.

For values of m > 1, the monomial term penalizes long-distance relocations more heavily than
short ones. Consequently, the optimizer tends to favor smaller, incremental reassignments whenever
feasible, while very large relocations become increasingly costly. In contrast, when m is close to 1,
the relocation cost is approximately linear with distance, and large moves are not disproportionately
penalized (assuming the triangle inequality approximately holds on the network). This property can
be leveraged to promote smoother and more operationally efficient vehicle movements in response to
incidents.

10.4.2 Interpretation

The solution of the dynamic allocation model provides three sets of decision variables: Yyjj, Xij, and
z. The reassignment variables Yjj indicate which vehicles are relocated from their original positions
to new locations, while the coverage variables Xijj specify which demand points are served by each
station after reassignment. The auxiliary variable Z represents the maximum generalized distance
across all demand locations, capturing the worst-case coverage in the redeployed system.

The value of z provides a quantitative measure of overall service quality after vehicle reallocation.
By normalizing z with respect to the significance indicators of each demand location, operators can
assess the effective proximity of vehicles to high-priority areas under the dynamic deployment.

The yij assignments offer practical guidance for operational decision-making, showing which ve-
hicles should be relocated to maintain coverage. These assignments also quantify the reallocation
distances, which can be interpreted as the operational cost of redeployment in terms of travel time,
fuel, and temporary unavailability.
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While the model balances coverage (via z) and reallocation cost (via the weighted monomial term),
it provides actionable insights into how vehicles can be dynamically redistributed in response to on-
going incidents, ensuring both efficient and risk-aware deployment across the region.

10.4.3 Deployment

The dynamic allocation model is also implemented and solved using the Gurobi Optimizer, lever-
aging the same data structures and CSV inputs generated during the candidate point selection stage
(Chapter [7).

Once a fire incident occurs, the closest vehicles are dispatched on the scene, and the model deter-
mines which of the remaining vehicles should be reallocated to maintain coverage. The output of the
optimization—consisting of the reassignment variables Yjj, coverage variables Xjj, and the auxiliary
variable z is exported to CSV files. These files enable both visualization and operational inspection
of the dynamic redeployment plan.
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cuapTER 11

Evaluation

11.1 Motivation

Having designed a complete system, from data ingestion to the formulation and solution of linear
programming models for vehicle allocation, it is essential to systematically evaluate the resulting
deployment strategies. Such an evaluation is necessary to assess both their operational effectiveness
and their practical applicability.

In particular, the evaluation process must address the following objectives:

(i) Define quantitative performance measures that capture the efficiency of an allocation over time
in a manner that is meaningful and actionable for firefighting personnel.

(i1) Visualize and analyze vehicle transitions between successive allocations, enabling intuitive
comparison and improved interpretability of different deployment strategies.

(iii) Visualize the operational visibility of the chosen vehicle locations, indicating how much of the
surrounding area can be effectively monitored by a firefighter positioned at each location.

Since the dynamic model is, in essence, a variant of the static model with a subset of vehicles
temporarily removed, and because access to real-time fire spread scenarios lies beyond the scope and
confidentiality constraints of this study, the evaluation focuses primarily on the static allocation model.

11.2 Data

To evaluate a static allocation produced using data from the time period [X;Y ), where X and Y are
timestamps, we make use of confidential historical firefighting records covering the period (Y;Z].
This separation ensures that the evaluation is conducted on unseen data and prevents information
leakage [47] or look-ahead bias [48] from the training phase to the testing phase.

The evaluation dataset consists of georeferenced fire incident records provided by the national fire
service, restricted within the region of interest, which have been filtered based on their duration or
area of impact (small fires are ignored, to emphasize on impactful incidents). Each record contains the
spatial location of a reported fire, its duration and the area affected, represented as a point geometry in a
geographic information system (GIS) format (Shapefile or GeoPackage). These datasets are imported
using Geopandas and transformed to the EPSG:4326 coordinate reference system (WGS 84), which
represents locations in latitude and longitude.
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The locations of deployed vehicles, as produced from Section are obtained from the optimiza-
tion output of the static allocation model. These are stored in structured CSV files and contain the
geographic coordinates of each assigned vehicle.

For each fire incident and vehicle pair, realistic travel distances are computed using the Open-
RouteService API as seen in Section §.

The resulting dataset therefore consists of:

validated fire incident locations
firefighting vehicle placements

travel distances between every incident and every placed vehicle

11.3 Response Vector

For the first requirement, we define a response vector for each historical fire incident. This vector
quantifies the cumulative availability of firefighting vehicles as a function of response distance (or
time).

Using the network-based distances previously computed between incident locations and deployed
vehicles, we sort the distances in ascending order. For a predefined step size , we then evaluate, for
each thresholdt = 0; ;2 ;:::, the number of vehicles that can reach the incident within distance
t. The resulting sequence constitutes the response vector.

Formally, let djj denote the travel distance to get to fire i from the location of vehicle j, and let

> 0 be a discretization parameter. The response vector r") for fire i is defined as

rO@ =jfj :dij  tgj; t2F0; ;2 ;g

Higher values at smaller thresholds indicate faster and more effective coverage.

11.4 General Effectiveness Measure

To compare alternative allocation strategies, we define a coverage-based effectiveness indicator de-
rived from the response vectors. For a fixed integer K, representing the minimum number of vehicles
required for an adequate response, we evaluate how rapidly each allocation provides sufficient cov-
erage to historical fire incidents.

Let r®D(t) denote the response vector of fire i, and let M be the total number of incidents. For
each distance (or time) threshold t, we compute

Cu(t) = fi:r@) kg ;

that is, the number of fires for which at least K vehicles can reach the incident within distance t.
The corresponding coverage function is defined as
Ck()
M

Fe(t) = 100%;

which represents the percentage of incidents that receive an adequate response within distance t. Fy
is increasing with maximum 100% occuring for t big enough so that the required number of cars (k)

can reach all fires in that time.
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By evaluating Fy(t) over increasing thresholds, we obtain an empirical cumulative distribution
function (CDF) describing the system’s responsiveness. Higher and steeper curves indicate faster and
more reliable coverage by an allocation.

Comparisons between allocations are performed by examining the relative position and shape of
their CDFs. If one curve dominates another over all thresholds, the corresponding allocation provides
uniformly better coverage. Additionally, the distances required to reach fixed coverage levels (e.g.,
50%, 80%, or full coverage) serve as intuitive indicators of response speed. More generally, curves
with larger area under the graph correspond to superior average performance.

These properties enable direct comparisons between allocations, without knowledge of the under-
lying choices behind the different stages of the execution pipeline.

11.5 Optimal Matching Between Allocations

To quantify the operational effort required to transition between two different vehicle allocations, we
compute an optimal matching between their respective station locations. Given two allocations A
and B with the same number of deployed vehicles, the objective is to determine the minimum total
relocation cost required to transform A into B.

allocations A and B, respectively. For simplicity, we construct a cost matrix C 2 RK K where each

entry
Cij = kaj bj k%

represents the squared Euclidean distance between locations aj and bj. As an improvement, we could
use the real network-aware distances.

The problem of finding a minimum-cost one-to-one assignment between the two sets of locations is
formulated as a linear assignment problem and can be solved using variants of the Hungarian algorithm
[49]. We make use of the | i near _sum assi gnment routine from the SciPy [50] optimization library.

The resulting matching specifies, for each vehicle in allocation A, the target location in allocation
B to which it should be reassigned, minimizing the total relocation cost. This matching provides an
interpretable estimate of the transition effort between deployment strategies.

11.6 Visibility Analysis

To evaluate the terrain coverage provided by the allocated vehicles, we compute a viewshed-based vis-
ibility metric. Each assigned station is treated as an observer, characterized by its location, eye height
above the ground (default 1.7 m), and a maximum visibility radius (default 5 km). These parameters
can be adjusted to reflect the height of the vehicle or firefighter and the desired observation range. The
analysis uses a digital elevation model (DEM) (height in meters) of the region to account for terrain
effects on visibility. To improve computational efficiency, the DEM is clipped to the bounding box
surrounding the vehicle region with an added margin, and any missing values (NaNs) in the DEM are
treated as zero elevation to ensure robustness.

The vi ewshed computation is performed independently for each observer using xar r ay- spat i al
[24], producing a binary matrix for each station (1 indicates visible, 0 indicates not visible). These
individual matrices are then combined (in OR fashion) to generate a final union visibility map, high-
lighting all locations visible from at least one observer. The underlying viewshed computation is
performed using a raster-based line-of-sight [51]] algorithm using only the height matrix provided in
meters.
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CHAPTER 12

Case Study

12.1 Objective

This chapter demonstrates the application of the proposed system in a real-world setting. Specifically,
the region of interest is the prefecture of Achaia in Greece. The study focuses on the period P,
corresponding to June 2024, during which two static vehicle allocations are produced and compared.

12.2 Data Pipeline

The first step consists of preparing the required data prior to the beginning of the selected period,
ensuring that all stages of the data pipeline shown in Figure 3.2 have been completed.

For the clustering stage, only static data are utilized, in order to account for the duration of P. If
the period were limited to a single day, dynamic features could also be incorporated. Additionally,
an average value of the predicted fire risk, computed over the one-month period, is employed, as
described in Chapter H.

12.2.1 Feature Visualization

We provide visualizations of selected features that are to provide context on the allocations produced
later on. In particular, we consider the mean risk indicator and the vegetation density. Warmer
colors indicate higher relative values, while darker one indicate lower.
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Figure 12.2: Vegetation Index - Achaia

12.2.2 Clustering

We provide visualization of the clustering, utilizing the hierarchical algorithm described in Algorithm
B, with density threshold = 0:6, bounding box heuristic and RiskToSize(r) = 192 30 r (cho-
sen to match the appropriate maximum and minimum cluster sizes, based on available resources in
the prefecture Achaia). All features are weighted equally in the distance vectors. The resulting 256
clusters are visible in Figure [[2.3. As seen the majority of them are convex with minimal number of
entanglement and holes.
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Figure 12.3: Clusters - Achaia

12.2.3 Candidate Points

The candidate points - maximum 3 per cluster, produced in strategic locations based on Chapter [ can
be seen in Figure 12.4. All of them are placed on roads of appropriate type and cover all accessible
areas. Areas in high mountain peaks are on their own excluded, due to inaccessibility, thereby pro-
ducing some patches of no points in the map. The pairwise network-based distances between points
are automatically calculated as explained in Chapter §.
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Figure 12.4: Candidate Points - Achaia
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12.3 Execution Pipeline

Two different allocation strategies are executed: one emphasizing the risk prediction indicator and
another prioritizing the vegetation index, all through the significance indicator, which can be set to be
any linear combination of the available features. The objective is to identify, analyze, and explain the
differences in the resulting vehicle placements.

12.3.1 Risk Based Allocation

For this case the significance indicator is chosen to be the mean_risk of each candidate point, a total
of 25 vehicles are allocated, and the linear programming solver is configured with a timeout of 180
seconds. The coefficient v, as defined in Section , is set to 5. Furthermore, all known firefighter
stations within the region are designated as fixed locations, where vehicles must be placed.

The resulting allocation is seen in Figure [[2.9, along with its coverage visualization in Figure
and its visibility visualization in Figure for observers of height 1.7m and with visibility radius
equal to Skm.
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