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The newsletter in hand documents the proliferation of swimming pools since 2017, presenting

them as an indirect yet meaningful indicator of tourism carrying capacity and environmental
strain in the island of Rhodes, Greece. Through the use of Artificial Intelligence (GeoAl) and
machine learning techniques, this innovative empirical study attempts to monitor the spatial
transition that the island undergoes as a result of touristification. At the end of the current
newsletter, a very brief Technical Summary is included as an annex, outlining the methods
used for the detection of swimming pools.
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Map 1: Swimming facilities (2017) and new swimming facilities, Rhodes, 2017-2024
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Over recent years, Rhodes has experienced a notable rise in accommodation demand,
followed by an extensive hotel development and a growing number of short-term rental
accommodations. This trend has significantly influenced the island’s coastal zones, reflecting
the broader transformation of areas with high touristic activity, as well as an increasing
pressure on the availability of natural resources such as water.

-

Soroni;

Legend
3 \ e Short-term rentals
o 5 5 10 i} LABOUR s Hotel facilites
A Km 1 GEOGRAPHY New swimming facilities, 2017 - 2024
== RESEARCH LAB

Low concentration
High concentration

Map 2: New swimming facilities in areas of high concentration (i.e., lalysos, Faliraki, Afandou, Lindos, and Lardos-Gennadi),
Rhodes, 2017-2024

Methodologically, the study employs an innovative combination of machine learning and
artificial intelligence to achieve large-scale spatial identification of swimming facilities. High-
resolution satellite imagery was processed in ArcGIS Pro using pre-trained and custom
YOLOv3-based detection models, optimized for small objects like private pools. The workflow
included data collection, detection, manual verification, dataset enrichment, and model
retraining. Lastly, sources such as Inside Airbnb and Overpass APl were used to explore
swimming pools’ spatial link with hotels and short-term rentals.
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Table 1: Number and percentage of change in swimming facilities, 2017-2024

Our results show a substantial numerical increase and geographic expansion of swimming
facilities between 2017 and 2024. Specifically, their number has increased from 1,622 to 2,439
(50.3% rise), corresponding with intensified tourism-related construction. In 2024, a
comprehensive mapping of accommodation units on the island highlighted notable variations
in tourism infrastructure. The distribution patterns indicate distinct spatial dynamics between
the main urban area and the island’s peripheral coastal zones, reflecting the contrasting

development trends shaped by urban tourism.
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Map 3: Case Study: New swimming facilities as a result of hotel construction, comparison between 2017 (left) and 2024
(right), Southern Rhodes

Overall, our analysis highlights two key drivers that lead to the increase of the swimming pools
on the island. The most significant one is the development of large-scale hotel
accommodations and complexes, which include extensive pool infrastructure, even near the
coastal line of the island. The secondary driver is the constantly growing number of short-
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term rental accommodations, where pools are considered a unique feature enhancing the
marketability and booking rates. This tendency is not limited to established touristic zones; in
fact it is expanding into semi rural and not conventionally touristic areas.

While a detailed assessment of water use is being presented separately in the following
analysis, preliminary calculations suggest that the cumulative water demand associated with
pools, represents a significant share of local consumption, adding intense pressure to the
limited resources of freshwater.

Concluding, we must emphasize the broader methodological and policy implications of this
work. Specifically, the application of Artificial Intelligence and Machine Learning to
geospatial data allows for efficient, replicable, and cost-effective monitoring of tourism-
related transitions. Such approaches and tools can inform integrated and evidence-based
planning strategies aimed at promoting sustainable tourism, mitigating the ecological
pressures arising from uncontrolled expansion, and regulating the limits of touristic carrying
capacity.
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EvhuepwTtikO AgAtio

IxvnAatwvtog eVaAAAKTIKOUC SELKTEG TOUPLOTIKAG
dbépovoag tkavotntag: Eviomiopnog KoOAVpBNTIkwy
6e€apevwv otnv Podo pe Mnxaviky Madnon ko Texvnti
Nonpoouvn.

Amo tnv gpeuvnTikn opada tou Epyaotnpiou yia tn lrewypadia tng Epyaciog

Kupiog Epeuvntig: Anuntpnc WapoAoyog
ErmuéAcia: Avva Zapoukou & Kwotag Nouplnc

Erotnuovika Yrieuduvog: EteAtog MkiaAng

To vnoi tng P6dou BplokeTal 0TO ETKEVIPO ONUAVIIKWY XWPLKWY KOL KOLVWVLKOOLKOVOLLKWV
pHeTaBoAwv ta TeAeutala xpovia. H evtewvopevn Intnon yla katalvpoata ¢ploeviag, onwg
gevodoyela kal BpayuxpoVvieg LLOBWOELG, £XEL 08NYNOEL OE UL AVOPOPPWON Tou GuCLKoU Kal
avBpwroyevoug Ttomiou, olaitepa ot mapaAlakég {WVeg Tou vnolol, Mpoodidovtag oe
TOAMEG TomoBeoie¢ €vav €viova TOUPLOTLKOTIOWNUEVO xapaktipo. MapdAAnAa, ot
KOAUUPBNTLKEG EYKATAOTACELG OVASELKVUOVTAL WG EUUECOG —TIANV XAPAKTNPLOTIKOG— SElKTNG
TOUPLOTIKAG dEpoucag Lkavotntag, kabwg moAl neplocdtepo anod “ocupBolo moAutéAelag”,
amoTeAOUV TTAEOV EVOELEN OLKOVOULKNG ETTEVOUONG, OUENUEVOU aVTAyWVLOHOU, CUPPLKVWONG
vdatikol amoB£patog kKot aAAayng Tou tomiou. Avtikatomtpilouv, 6, T petafaocn amod
napadoolakeG LopdEG TOUPLOTLKAG PpLAoeviag oe Eva TILO AVTOYWVLOTLKO Kal dteBvomolnpuévo
TMPOTUTIO TOUPLOMOU, HE ONUAVTIKO TEPLBOANOVTIKO QTMOTUMWHA, ELSIKA OE VNOLWTLKEC
TLEPLOXEC UE TIEPLOPLOEVOUG HUOLKOUC TIOPOUC.

210 MAQLOLO QUTO, TO TOPOV SEATIO ETIXELPEL VO TTAPOUGLACEL KATIOLX TIPWTA EVPNHATA YUPW
oo TN XWPOXPOVLKA €EEALEN TWV KOAUUPBNTIKWY EYKATACTACEWY OTO vnol tng Podou tnv
nieplodo 2017-2024. To AeAtio emixelpel pa amod Tig eAdyLoteg otnv EAAAda —pe Bdon tnv
ovalAtnon HOC O OXETIKA EMIOTNUOVIKA N AAAa SnUOCLEVUOTO— OTOMELPEG EHAPUOYAG
neBodwv Texvntng Nonuoouvng (GeoAl) kat Mnxavikig Mabnong (machine learning) yia tov
EVTOTILOUO KOAUUBNTLKWY EYKATAOTACEWV UE HAKO KOL AUTOOTOTOLNEVO TPOTIO.

O &evIOMIOMOG €ylve HE OUVOUOOTIKA XPNON YEWXWPLKWY SeSOUEVWY KAl CUYKEKPLUEVA
Sopudopkwv elkovwv uPNARG avaAluonc, ol omnoleg emetpePav akpifela avixveuong akoun
Kal O UIKpoU peyéBoug muoivec.! Katomv, n B€on twv KOAUUBNTIKWVY EYKATACTACEWV
HEAETAONKE 0 aVTISLAOTOAN HE QUTH TWV KOTOAUHATWY Bpaxuxpoviag picbwong kat twv
€eVOSOXELOKWY HOVASWV?, KATL TTOU EMETPEPE TNV TTOOOTIKN KoL YEWYPADLKA ATOTIHNCN TNG
TOUPLOTLKAG avadlapBpwong oto vnot.
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Ta amoteAéopata NG Mopoloos OVAAUCNC TPOCEAKUCAV TO evdlopEpov Tou TUTOU,
odnywvtag otn dnuocieuon oxetkol apBpou otnv edbnuepida “H KabBnuepwvn” (to apbpo
elvat SLaBgopo matwvtag e6w). Zto ApOBpo auTO TOPOUCLALOVTOL T EVPH AT TNG AVAAUONG
OXETIKA HE TNV al&non Twv KOAUUBNTIKWV EYKATAOTACEWV OTO VNOl, €vw TapAdAAnAa
Sladopol Tomikol mapayovteg tonoBeTouvTal 6To {NTNUA TNG KATAVAAWONG USATIVWY TTOPWV
aro TLG KOAUMBNTIKEG EYKATAOTACELG TWV EEVOSOXELAKWY LOVASWV.

O &VTOTILOUOC TWV KOAUUPBNTIKWY EYKOTOOTACEWV Kateypae TouAdylotov 2.439 mioiveg To
2024, évavtl 1.622 to 2017. H petaBoAn autr avtiotolxel o av§non tng tagng tov 50.3%
(BA. Mivaka 1). Ot véeg —BavaA UTO-EKTIUNUEVEG WG TIPOG TOV TIPAYHUATIKO aplBud toug—
EVKATAOTAOCELS, OUVOEOVTAL AUECA HE TN Aswtoupyia VEWV KOTOAUUATWY PBpaxuxpoviag
HioBwong kal TNV avéyepon VEWV EeVOSOXELOKWY HOVAOWY EVIOG TNEG OKTAETOUG TEPLOSOU

HeAETNG (BA. Xapteg 1 & 2).
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Xaptng 1: KoAvuBntikéc eykataotaoels (2017) kot véeg KOAUUBNTIKEG eykaTaoTaoeLg, Podog, 2017-2024
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MO0 CUYKEKPLUEVQ, N KATAOKEUN VEWV KOAUUPBNTIKWY EYKATAOTACEWV daivetal va cuppadilel
XWPLKA KoL XPOVIKA UE TNV avénon twv umodopwv ¢prrofeviag. ZUVOAIKA, 0 aplOpog Twv
KatoAupdtwy prdofeviag otn POSo avépyetal og 6.496, ek Twv omolwv 650 eivat Eevodoyeia
(amoteAwvtag to 29,7% Tou cuvolou Twv Eevodoxeiwv otnv nepidpépeta Notiou Atyaiou) kat
5.846 kataAupata Bpoaxuxpoviag picBwong (amoteAwvtag to 15,8% TOU OXETIKOU GUVOAOU
otnv neplpépeta Notiou Ayaiou). Mlewypadikd, n cUYKEVTPWON Toug eival Wlaitepa vPnAn
oto BOpelo TUAUA TOu vnowou (m.y. laAvodg, Kpepaotn, 1€d, Movte ZuB), aAAd akoun
TIEPLOCOTEPO OTO VOTLO KAl AVATOALKO TUAMA TNG TtapaAtakis {wvng (r.x. @ainpadkt, Adpavtou,
KoAUpmia, Mevkol Kk.d.). Emonuaivetal Slaitepa n  avéyepon MeYAANG  KALHAKOG
Eevoboxelakwv povadwy oA Kal EEOXIKWV KOTOLKLWY, e Tipoetapyouaoa tn Notia Podo (PA.
napadelypo otov Xaptn 3).

Ye avtiBeon pe To LOTOPIKO KEVTPO (Anpotikn Evotnta Podou), 6mou n uPnAn cuykévipwon
gevobdoyxelwv kal Bpaxuxpoviwv Hobwoewv &g ouvdéetal PE HEYAAN OUYKEVIPpWON
KOAUUPBNTIKWY  EYKOTOOTACEWV, Ol €fWAOTIKEG TAPOOAAACOLEG KOL  TOUPLOTIKA
OVOTTTUCOOUEVEG TIEPLOXEC OUVOUATOUV OAEC TIC tpoavadepBOeioeg ouykevpwaoelg (BA. Xaptn
2). JUYKEKPLUEVA, ONMOVTIIKEG OUYKEVIPWOELS Tapatnpouvtal oe laAuco, DaAnpakt Kat
Adavtou, VW XOPAKTNPLOTIKA €lval kal n avénon oto NOTLO TUAUA Tou vnoloU (TLY. Katd
UNKOC TNG OKTOYPOAUMNG HeTafl MAnuuupiou kat Mevvadiou, oto Kiotdapt, otn Aivéo k.d.).
MNapdAAnAa, n ayopd tn¢ Bpaxuxpoviog picBwaong ¢aivetal va €xeL cUPBAAEL otV €amAwon
TOUG OKON KoL O€ TIEPLOXEG TToU Sev BewpolvTal EVToVa TOUPLOTLKOTIOLNMEVEG (TT.X. ZAAAKOC).
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Xaptng 2: Néeg KOAUUBNTIKEG EYKATAOTAOELG OE UTTO-TIEPLOXEG UE UYNAN cuykévipwan (laAuodg, QaAnpdki, Apavtou,
Aivéoc kat Aapbdog-Tevvadt), Podocg, 2017-2024
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Xaptne 3: MeAétn nepintwong: NEsg KOAUUBNTIKEG EYKATAOTAOELG AOYyw QVEYEPONG EEVOSOXELAKIG Lovadac, CUYKPLON
2017 (aptotepa) pe 2024 (Seéia), Notia Podog
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Me Baon ™ xwpoB£tnaon Kal Tov aplOpo Twv KATaAUUATWVY PLhofeviag kot Twv KOAU UBNTIKWV
EVKATAOTACEWV TIoU epdavilovtal Katd tnv mepiodo HeEAETNG, daivetal OTL n avénon Twv
televtaiwv odpeiletal o SUO KUPLOUG TOPAYOVTEG:

a) Katd KUPLo AGYO, OTNV QVEYEPON VEWV UEYAAWV EEVOSOXELOKWY Hovadwy, ota omoia
napatnpeital pla avaduopevn mPooEyyLon mou BEAEL “peyaleg mioilveg akopn kat SimAa oto
KOpa”.

B) o pkpotepo Babuo, otnv kataAvpata Bpaxuxpoviag nicbwong (tTwv omoiwv o aplBuog
gemepva €wg Kal TEooEPELS POPEG TOV avTioToLyo aplBuo Twy Eevodoyeiwv), yla Ta onola pia
muolva amoteAel mMapAyovTa QVIAYWVLOTIKOTNTOG Kol Sladopomoinong kot cuvOpapel
amodAGCLOTIKA OTNV AUENCN TWV KPATHOEWV.

Kplowo epwtnua, mou Sev pmopet va StepeuvnBel evoelexws oto mapov AgAtio, amoteAel n
EMMTwon ota uvdatikd omoBEpata Tou vnowU, OAWV OQUTWV TWV KOAUUBNTIKWY
EYKATAOTACEWV, 0TO BaBuo mou tpododotouvtal amno to diktuo LEPEVONG A ATIO YEWTPHOELC.
JUYKEKPLUEVQ, N €PEUVA HaG EVIOTILOE 2.439 KOAUUPNTIKEG EYKATAOTACELG O0TO Vot tng Podou
yla to £€tog 2025. Edv 0Aec AndBolv umoPv wg oLklakoU peyéBoug (He péoco péyebog Ta
60.000 Aitpa) kat oxL Eevodoxetakou (500.000 Aitpa), TOTE N CUVOALKH KATAVAAWGCN VEPOU,
urtoAoyilovtag éva YEULOA GUV TNV AVATTARPWON TWV anMwAELwY (cUVOAo 165% mepimou TG
XWPNTLKOTNTAG TOUC), AvEPXETAL OTa 242 eKATOMUUPLA AlTpa, HLOVO yLa TOUG TPELG BepLvolg
UNVEC. MNa éva PETPO CUYKPLONG, OUTA N KATAVAAWON QVTLOTOLXEL OTNV €TOLA KATAVAAWON
1.200 vowokuplwv (pue pE€on etnola  katavaAwon 200.000 Aitpa kaB' €kaoto).

Eav AndBel umoPv 8¢, 6Tl HeyAAo TOCOOTO TWV KOAUUPBNTIKWVY EYKATAOTACEWV OTO VNOL TNG
P6dou Bpilokovtal oe Esvodoxela Kal €ival onUAVTIKA HEYAAUTEpOU HeyEOBoug, OTL O
OLUTOUOTOTIOLNEVOC EVTOTILOMOC TOUG apaBAEneL éva mooooto (BA. unoonueiwon 3), 0TL N
Bepvn 0elov otn POS0o unepPaivel oNUAVTIKA TOUG 3 LAVEC, AP KOL OL AVAYKESG AVATIANPWONG
OMWAELWY VEPOU, Kal OTL OTN OXETIKN KatavaAwon O6ev cupmeplAndOnkav oL avAYKEG
kaBaplopou, eival davepo OTL N MaPATIAVW EKTLUNON €lval LAAAOV PETPLOTIOONAG.

JUVOALKQ, N TapakoAoUBNnon Kol MEAETN TNG XWPOXPOVIKNG €£EEAENG KOAUMPBNTIKWVY
EYKATAOTACEWV HE Xprion HeBodwv Texvntng Nonuoouvng kat Mnxavikng Mdabnong pmopet
va cUUPAAEL o€ Evav pLooTtaoTKA SLaOPETLKO KaL TIPAYHATIKA BLwoLpo oXeSLaouo.
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INUELWOELG

1. H peboboloyia evtomiopol Twv KOAUUBNTIKWY EYKATACTACEWV TNS POSou avamtuxBnke os técoepa otadla:
(at) suM\oyn kat tposTolpacia Sopudopikwv dedoutvwy, (B) apxLkn avixveuon e TPo-eKMALSEVUEVO LOVTENO,
(V) KaBaplopdg kat EUMAOUTIOUOG TwV cUVOAWVY Sedopévwy, Kal (8) ekmaibevuon VEwV LovTEAwV, afloAdynan Kal
enavedappoyn tng Stadikaciag. Ev cuvtopia, n Stadikacia eVvIomMoUoU €yLVE E TNV XPrON TOU AOYLOMULKOU
ArcGIS Pro. Ta unoBaBpa mou xpnotpomnotfnkav avtAndnkav anoé to Wayback Imagery tng ESRI, yia 1o 2024
KoL amo 1o EAAnVIkG Ktnpatoloyio yia to 2017. Ma Tov apXLKO EVIOTILOUO XPNOLUOTIOLONKE TTPOEKTALSEUEVO
povtélo tng ESRI, otou omolou amopakplvBnkav ta Peudwg Betikd amoteAéopata (false positives) kat
€VTOTILOTNKOY TEPUTTWOELG 1N avixveuong (false negatives) pe tn xprion tou gpyadeiou Label Objects for Deep
Learning. To oUvolo ekmaibeuong eumAoutiotnke pe mepimou 1.300 véa mapadesiypata, ta omoia
Xpnotuomnottnkav ylo TV ekmaidevon evog véou povtélou apxltektovikng (YOLOV3), katdAAnAou ylo thv
aviYVELUON UKPWV OVTIKELLEVWY 0€ 0pUDOPLKEG ELKOVEG.

2. Ta 6ebopéva avtAnBnkav amno tov Lototorno Inside Airbnb kat to Overpass API, avtictolya.

3. InUEWDVETAL OTL, N aflomotio Twv Tapanmavw HeyeBwv eAEyxBnKe SELYUOTOANTITIKA aLOTMOLWVTAG
eVOANOKTIKEG peBodoloyieg (BA. OMTIKY Ovayvwplon, KAL) O OUYKEKPLUEVEG UTO-TIEPLOXEC TOU VNoLou.
MpoékuPe nMwe évag aplBPOG KOAUUBNTIKWY EYKOTACTACEWY eV KaTtaypAdnKe KOTA THV QUTOUATOTOLNUEVN
Sladikaoia Adyw oAU UikpoU pey€Boug, ouvBnkwv okiaong, UMaPENG OTEYACTPWY i KAAUUUATWY, KATL.

Mrnopeite va €EMKOWWVNAOETE MAll MG, OTEAVOVTOG

AvakaAvte neploodtepa yLa to Epyactiplo email oto labourgeolab@gmail.com
rewypadiag g Epyaciag (LGRL) oto 1l kaAwvrag oto 2251036443,
https://Igrl.aegean.gr/ eite okavapovtag to

QR Code:

WapoAdyog.

Mé£An kai ouvepydteg tou LGRL: Adnva ABayiavou,
JTéAlog TkiaAng, Kwotag louplnic, Muptw AaykoUAn-
KuptakoyAou, E@n Euuavound, Baoidikn Kpouuvba,
Ewpnivn  Mnpelétou, Mapia Mamadnuntpiou, Avva
Zapoukou, Mavlog Sepumelng, Mwpyog Zukag, Anuntenc
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Annex

Technical Summary: Detection of Swimming Pools using GeoAl and
ML in ArcGlIS Pro

Introduction

This technical documentation outlines a brief overview of the workflow for the automatic
detection of swimming pools using high-resolution imagery within the ArcGIS Pro. The main
objective of this project was to develop a solid, reproducible methodology for small-object
detection, specifically swimming pools, in the case study Rhodes Island, using imagery from
ESRI Wayback Imagery (2024) and orthophotos from the Greek National Cadastre (2017) to
ensure the complete spatial and temporal coverage.

Figure 1: Wayback imagery for 2024 (left) and Orthophotos for 2017 (right), Rhodes
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Data Collection and Preparation

High-resolution imagery was obtained from ESRI Wayback Imagery to ensure detailed spatial
coverage. The imagery was exported as GeoTIFF files at a scale of 1:1200, which allows for the
identification of small structures such as swimming pools. For the year 2017, where coverage
gaps existed, orthophotos from the National Cadastre were incorporated to ensure complete
spatial continuity.

Detection with the Pre-Trained Model

As a first step, an initial detection phase was conducted using Esri’s pre-trained Pool Object
Detection - USA model. The model was retrieved from the ArcGIS Living Atlas of the World
and applied using the Detect Objects Using Deep Learning tool in ArcGIS Pro. Due to the large
raster mosaic, the study area was subdivided into zones. The results from all zones were
merged using the Merge (Data Management) tool.

Geoprocessing v X
®© Detect Objects Using Deep Leaming *®
If an existing output feature class is selected, this tool will append to the

feature class.

Parameters Environments

Input Raster
Rhodes_all.tif w

Qutput Detected Objects
Rhodes_all_DetectObjectsUsin3

Maodel Definition
Z\PoolDetection_USA.dipk

Arguments
Padding 56
Confidence Threshold 0.5
MNMS Overlap 0.3
Batch Size 16
Exclude Padding Detections | True v
Test Time Augmentation False ~

| Mon Maximum Suppression

Confidence Score Field
Confidence

Class Value Field
Class

Max Overlap Ratio

Use pixel space

B Catalog  &s Geoprocessing v

Figure 2: Sub-divided areas for Object detection (left) and Object detection settings (right) used
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Data Cleaning and Preparation for Training

The initial detections produced by the pre-trained model were manually reviewed to remove
false positives and identify false negatives. This process was carried out using the Label
Objects for Deep Learning tool within ArcGIS Pro. Non-pool detections such as blue rooftops,
sports courts, etc. were removed, while missed pools were manually labelled to improve the
completeness of the dataset. After manual review, all verified, and newly labelled features

were merged into a single, high-quality dataset.

Image Classification ? v 1 X| | Image Classification ? v X
Label Objects : Rhodes_all tif =t Label Objects : Rhodes_all.tif =
Select a tool to start sketching. Training samples cannot contain both Select a tool to start sketching. Training samples cannot contain both
@ point and polygon features. Some tools will be disabled based on the first < €  point and polygon features. Some tools will be disabled based on the first <
selection. selection,
OMOOo® K EevAe .JlOdoow® K EamvB R |
4 New Schema 4 New Schema
M pool I pool
. avl
I . . Labeled Objects} Export Training Data
Labeled Objects Export Training Data —_—
Output Folder ChUsersh ==~ \Documents\ArcGIS\Py =
What are you looking for? P | L, & Mask Palygon Features v
=
i Image Format TIFF Format v
4 Class Pixels %) Tile Size X 256 C
M pool 2518 e
M pool 2242 Tile Size ¥ 256 A
M pool 25.03 Stride X 128 >
M pool 2737 c
Stride ¥ 128 -
Rotation Angle 0 -
Reference System Map space v
Output No Feature Tiles
Meta Data Format PASCAL Visual Object Classes v
Run
Run 2 Catalog Elmageclassif\cation H Geoprocessing ~

Figure 3: Sample of labeling missed pools (left) and Export training data settings used (right)

Training of New Models
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The model training was performed entirely within ArcGIS Pro using the Train Deep Learning
Model tool. Three models were evaluated: a retrained version of the Esri pre-trained model,
a custom YOLOv3 model, and a custom Faster R-CNN model. Both YOLOv3 and Faster R-CNN
were trained on the same dataset, using identical parameters settings as lllustrated in the

Figure 4.

Geoprocessing v X ¥ Data Preparation
; ; Data Augmentation
1G] Train Deep Learning Model * Default .
Parameters Environments Batch Size 16
Input Training Data A Validation % 20
% | LabeledObjects1
! Chip Size 224

OQutput Folder
Training data_DLmodel_DLmodel

Mazx Epochs

Pre-trained Model

Model Type
YOLOv3 (Object detection)

Meodel Arguments
MName

Value

Resize To

v Advanced
Learning Rate 0.001

Backbone Model
Darket-53 v

Monitor Metric

Average precision ~

+| Stop when model stops improving

kI Run

= Catalog B Geoprocessing

Figure 4: Model training settings used

Model Comparison and Selection

Since swimming pool detection involves only one object class, precision was prioritized as the

main evaluation metric. This choice reflects the importance of minimizing false positives, as

incorrectly detected pools increase the time required for manual data cleaning and reduce

operational efficiency.

Model Best Epoch | Precision mAP | Notes
Esri Pre-trained Baseline model trained
— 0.69 0.59 .
(USA) on U.S. imagery
Retrained Esri Fine-tuned with local
27 0.70 0.62
Model data
Highest precision,
YOLOv3 (custom) |45 0.73 0.65 .
lowest false positives
Faster R-CNN Slightly slower inference,
18 0.71 0.64 e
(custom) similar accuracy

Table 1: Evaluation results for Models used
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The YOLOvV3 model was selected as the final operational model for use, due to outperforming
both pre-trained and retrained Faster R-CNN models, by its faster inference times and reliable
accuracy.

Results

The results confirmed that YOLOv3 achieved the most accurate detections, compared to the
Esri pre-trained model and the retrained model. The YOLOv3 model also provided more stable
inference performance across different image tiles and lighting conditions. Common issues
encountered included shadowing from surrounding buildings, reflective pool surfaces, and
false detections (e.g blue rooftops). Despite these challenges, the final detections achieved
high spatial accuracy. The final outputs were validated visually within ArcGIS Pro,
confirming accurate pool delineations and minimal false detections after manual review.

Legend

s k) LABOUR

0 0.05 0.1 0.2 = New swimming facilities, 2017 - 2024
k[ e 7% GEOGRAPHY ALY
2 RESEARCH LAB = Swimming facilities, 2017

Map 1: Case Study: New swimming facilities as a result of hotel construction, comparison between 2017 (left) and 2024
(right), Southern Rhodes
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Conclusions

This documentation demonstrates a methodology for detecting swimming pools directly
within ArcGIS Pro using deep learning. The YOLOv3 model achieved a balance between
accuracy and computational efficiency. The custom Faster R-CNN model also performed well,
confirming that local imagery adaptation improves model generalization compared to pre-
trained models developed in different geographic contexts.
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