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Streszczenie

Postgpujaca urbanizacja oraz zmiany klimatyczne znaczaco intensyfikuja presj¢ na
systemy kanalizacji deszczowej, obnizajac ich niezawodno$¢ oraz ograniczajac
mozliwosci skutecznego prognozowania. Wzrost udziatu powierzchni
nieprzepuszczalnych, w potaczeniu z rosngca czgstotliwoscia wystepowania opadow
ekstremalnych, prowadzi do przecigzen sieci odwodnieniowej. W efekcie niezbgdne staje
si¢ wdrazanie nowoczesnych narzg¢dzi analitycznych wspierajacych procesy planowania i
optymalizacji tego typu infrastruktury.

Celem niniejszej rozprawy bylo opracowanie zintegrowanego modelu
obliczeniowego umozliwiajacego oceng¢ i usprawnienie funkcjonowania sieci kanalizacji
deszczowej w warunkach zlewni miejskich, z uwzglednieniem uwarunkowan
planistycznych 1 przestrzennych. Zastosowano podejscie holistyczne, taczace
modelowanie hydrodynamiczne z technikami uczenia maszynowego.

W wyniku przeprowadzonych badan powstata autorska aplikacja obliczeniowa
wspomagajaca projektowanie elementdw zielonej infrastruktury, takich jak ogrody
deszczowe, rowy infiltracyjne oraz zbiorniki retencyjne z mozliwos$cig regulacji odptywu.
Narzedzie zostalo zaprojektowane z mys$lag o matych zlewniach miejskich, w ktérych
lokalne uwarunkowania topograficzne oraz sposob zagospodarowania terenu majg istotny
wpltyw na efektywno$¢ gospodarowania wodami opadowymi. Aplikacja umozliwia
szybkie przeprowadzanie analiz z uwzglgdnieniem kluczowych danych fizyczno-
geograficznych, tym samym wspierajac procesy decyzyjne na etapie projektowania i
modernizacji systemoéw odwodnieniowych.

Jako rozszerzenie podjetej tematyki badawczej opracowano uproszczone modele
predykcyjne do identyfikacji wylania §ciekéw i1 prognozy przeptywu maksymalnego w
matej nichomogenicznej zlewni miejskiej wykorzystujac techniki uczenia maszynowego.
Opracowane narze¢dzia umozliwiaja identyfikacj¢ dziatania sieci kanalizacyjnej w oparciu
o dane opadowe, topologi¢ sieci kanalizacyjnej, retencj¢ terenowa i kanalowa, jako
rozwigzania alternatywne do powszechnie stosowanych modeli mechanistycznych —
SWMM (Storm Water Management Model).

Rozprawa wnosi istotny wklad w rozw6j metod planowania i zarzadzania systemami
odwodnienia w $rodowisku zurbanizowanym. Zastosowane podejscie stanowi podstawe
do projektowania infrastruktury odpornej na skutki zmian klimatycznych oraz zgodnej z

zasadami zrOwnowazonego rozwoju przestrzennego.



Abstract

Progressive urbanization and climate change are exerting increasing pressure on
stormwater systems, reducing their reliability and limiting the capacity for effective
performance forecasting. The growing extent of impervious surfaces, combined with the
rising frequency of extreme rainfall events, often results in the overloading of drainage
networks. Consequently, there is a pressing need to implement advanced analytical tools
that can support the planning, design, and optimization of such infrastructure.

The objective of this dissertation was to develop an integrated computational model
for evaluating and enhancing the performance of stormwater systems in urban catchments,
with explicit consideration of spatial planning conditions. A holistic approach was adopted,
integrating hydrodynamic modelling with machine learning techniques.

The research resulted in the development of an original computational application
designed to support the planning and design of green infrastructure elements, including
rain gardens, infiltration trenches, and retention tanks with controlled outflow. The tool is
particularly suited to small urban catchments, where local topographic characteristics and
land-use patterns exert a significant influence on stormwater management efficiency. By
incorporating key physical and geographical data, the application enables rapid analysis
and facilitates informed decision-making in the design and modernization of stormwater
systems.

As an extension of this research, simplified predictive models were developed to
identify sewer overflows and forecast peak flows in small, heterogeneous urban catchments
using machine learning methods. These models allow the assessment of stormwater system
performance based on rainfall data, sewer network topology, and both surface and channel
retention, providing an alternative to commonly used mechanistic approaches such as the
Storm Water Management Model (SWMM).

This dissertation makes a substantive contribution to the advancement of planning
and management methodologies for stormwater systems in urbanized environments. The
proposed approach lays the groundwork for designing infrastructure that is both resilient
to the impacts of climate change and aligned with the principles of sustainable spatial

development.
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Autoreferat
1. WPROWADZENIE

Wspolczesne miasta coraz czesciej] zmagajg si¢ z narastajgcymi zagrozeniami
hydrologicznymi, wynikajacymi z jednoczesnego oddzialywania dwoch kluczowych
czynnikow: zmian klimatycznych oraz intensywnej urbanizacji (Ruan i in., 2024; Long &
Duan, 2025). Z jednej strony obserwuje si¢ wzrost czgstotliwosci 1 intensywnosci opadoéw
ekstremalnych, z drugiej — systematyczne zwigkszanie udzialu powierzchni
nieprzepuszczalnych, zwigzane z rozwojem infrastruktury miejskiej. Synergia tych zjawisk
ogranicza mozliwos$ci infiltracji i retencji wod opadowych, zwiekszajac objetos¢ sptywu
powierzchniowego i prowadzac do przecigzenia systemoéw kanalizacji deszczowej (Miller
iin., 2017).

W konsekwencji rosnie ryzyko wystepowania powodzi miejskich 1 lokalnych
podtopien, niosacych ze sobg straty ekonomiczne, zagrozenia dla zdrowia publicznego
oraz zaklocenia w funkcjonowaniu infrastruktury krytycznej (European Commission,
2015; Cea i Costable, 2022). Zmiany w pokryciu terenu, szczegdlnie zwigzane z procesami
urbanizacyjnymi, moga odpowiadac za znaczng cz¢$¢ wzrostu splywu powierzchniowego
— w niektorych przypadkach ich wptyw przewyzsza znaczenie czynnikow klimatycznych.
Dodatkowo, nasilone zrzuty burzowe oraz zwigzany z nimi transport zanieczyszczen
przyczyniaja si¢ do pogorszenia jakosci wod powierzchniowych (Fletcher 1 in., 2015;
Kumar i in., 2024).

W odpowiedzi na rosngce wyzwania hydrologiczne projektowanie systemow
kanalizacji deszczowej skupia si¢ na efektywnym odprowadzaniu wod opadowych oraz
minimalizacji ryzyka przecigzen hydraulicznych, szczegélnie podczas intensywnych
opadow. Kluczowym elementem tego procesu jest analiza hydrologiczno-hydrauliczna
zlewni, uwzgledniajaca takie parametry jak: powierzchnia czynna, stopien uszczelnienia,
wspotczynnik sptywu, intensywno$¢ opadu miarodajnego oraz czas koncentracji. W Polsce
projektowanie odbywa si¢ zgodnie z normami PN-EN 752 i PN-EN 16933, z
wykorzystaniem danych opadowych Instytutu Meteorologii i Gospodarki Wodne;j
(IMGW).

Weryfikacja dziatania systeméw kanalizacji deszczowej prowadzona jest z
zastosowaniem dynamicznych modeli numerycznych, takich jak: SWMM (Storm Water
Management Model), MIKE URBAN (Modeling Integrated Urban Water Systems), MIKE
FLOOD (Integrated 1D and 2D Flood Modeling System), InfoWorks ICM (Integrated
Catchment Modeling) oraz HEC-HMS (Hydrologic Engineering Center — Hydrologic

8



Modeling System). Narzedzia te umozliwiajg symulacje¢ przeplywow, procesoéw retencji i
infiltracji, a takze ocen¢ ryzyka wystgpienia lokalnych podtopien (Guo i in., 2021; Zhang
i in., 2022). Mimo to modele te sa ztozone i wymagaja wielu szczegdtowych danych,
ktorych pozyskanie jest kosztowne, czasochtonne 1 nie zawsze mozliwe z odpowiednig
doktadnoscig. Prowadzi to do spadku wiarygodno$ci prognoz oraz trudnosci w
podejmowaniu decyzji w warunkach niepewnos$ci. Dlatego istnieje potrzeba tworzenia
inzynierskich aplikacji obliczeniowych wspierajacych prognozowanie zjawisk odptywu
oraz projektowanie obiektow opartych na rozwigzaniach opartych na przyrodzie (Nature-
Based Solutions).

Aby zminimalizowa¢ negatywny wplyw intensyfikujacej si¢ urbanizacji oraz
zmieniajacych si¢ warunkéw klimatycznych, wspotczesne systemy kanalizacji deszczowej
coraz czesciej integruja tradycyjne rozwigzania inzynieryjne — takie jak osadniki,
separatory czy piaskowniki — z elementami zielonej infrastruktury (Green Infrastructure,
GI), obejmujacymi m.in. ogrody deszczowe, rowy infiltracyjne oraz zbiorniki retencyjno-
infiltracyjne. Zintegrowane podejscie projektowe, zgodne z wytycznymi CIRIA (2015) i
US EPA (2021), taczy konwencjonalne systemy kanalizacyjne z rozproszonymi formami
retencji, co przyczynia si¢ do zwigkszenia odpornosci infrastruktury, poprawy bilansu
wodnego zlewni oraz podniesienia jakosci odplywow (Chan i in., 2018; Jiang i in., 2018;
Boogaard i in., 2024).

Coraz wigksze znaczenie zyskuja zintegrowane podejscia obliczeniowe, ktore tacza
klasyczne modele hydrodynamiczne, takie jak SWMM (Storm Water Management
Model), z narzgdziami sztucznej inteligencji Al (Artificial Intelligence), metodami
statystycznymi oraz systemami informacji geograficznej GIS (Geographic Information
Systems) (Jato-Espino 1 in., 2018; Li 1 Willems, 2020; Perdikaki i in., 2022; Addison-
Atkinson 1 in., 2022; Amiri 1 in., 2022; Rodriguez i in., 2024). Szczeg6lne znaczenie
zyskuja modele hybrydowe, integrujace deterministyczne podejscia hydrologiczne z
algorytmami uczenia maszynowego (Machine Learning, ML), takimi jak sieci neuronowe,
drzewa regresyjne oraz ich zaawansowane modyfikacje, w tym LSTM (Long Short-Term
Memory), CNN (Convolutional Neural Networks) i XGBoost (Extreme Gradient
Boosting). Przyktadowo, model LSTM — SWMM osiaggnat bardzo wysoka doktadnos¢
predykcji przepltywow (R? = 0,969; NSE = 0,967) (Yang i Chui, 2020), a system CNN —
LSTM, wdrozony w miescie Zhoukou, pozwala na btyskawiczne prognozowanie

glebokosci zalewania przy $rednim btedzie ponizej 6,5% (Chen i in., 2023).



Tego rodzaju podejscia zwigkszaja skutecznos$¢ prognoz oraz wspierajg adaptacyjne
planowanie przestrzenne w kontekscie zrbwnowazonego zarzadzania wodami opadowymi.
Pomimo dynamicznego rozwoju technologii, wiele proponowanych rozwigzan nadal
pozostaje dostosowanych do pojedynczych zlewni, co ogranicza ich uniwersalnos$¢ i
wymaga czasochtonnej kalibracji. Opracowanie skalowalnych, uniwersalnych narzedzi,
mozliwych do tatwego wdrozenia w réznych warunkach hydrologicznych i
urbanistycznych, stanowi istotne wyzwanie. Integracja modelowania hydrodynamicznego
z technikami uczenia maszynowego w ramach spojnego srodowiska obliczeniowego
otwiera nowe perspektywy dla projektowania odpornych systemoéw kanalizacji

deszczowej, zgodnych z zasadami zrownowazonego rozwoju i adaptacji do zmian klimatu.

2. CELIZAKRES ROZPRAWY

Glownym celem niniejszej rozprawy bylo opracowanie uniwersalnego,
skalowalnego narzedzia obliczeniowego umozliwiajacego kompleksowg oceng oraz
optymalizacje funkcjonowania systemoéw kanalizacji deszczowej w maloskalowych
zlewniach miejskich, z uwzglednieniem zmiennych warunkéw klimatycznych,
urbanistycznych 1 przestrzennych, w kontekécie zroéwnowazonego planowania
przestrzennego.

Zakres badan obejmowal analiz¢ mechanizméw prowadzacych do przecigzen
hydraulicznych ~w  systemach kanalizacyjnych, w tym proceséw splywu
powierzchniowego, retencji powierzchniowej i kanatowej, a takze ich wzajemnych
interakcji, ktore w warunkach intensywnych opadéw moga skutkowa¢ kumulacjg zjawisk
krytycznych. W tym konteks$cie przeprowadzono oceng skutecznosci rozwigzan opartych
na przyrodzie (NBS), majacych na celu zwigkszenie retencji i infiltracji (Pons 1 in., 2023).
Implementacja takich rozwigzan przyczynia si¢ do ograniczenia obcigzenia sieci
kanalizacji deszczowej w czasie opadow nawalnych.

Zaproponowane w pracy podejscie obejmuje dwa niezalezne modele:

(1) model mechanistyczny, wykorzystany do prognozowania przeptywow oraz oceny
efektywnos$ci zastosowania elementow zielonej infrastruktury w zlewniach
miejskich. Zostal zaimplementowany w formie aplikacji obliczeniowe;,
umozliwiajgcej zarowno prognozowanie przeplywow, jak 1 ocene skutkow
wdrazania rozproszonych form retencji w warunkach matych zlewni miejskich;

(i) model oparty na technikach uczenia maszynowego, zastosowany do analizy

zalezno$ci opad — odpltyw oraz predykcji zachowania systemow kanalizacji
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deszczowe] na podstawie danych opadowych i fizyczno-geograficznych cech
zlewni. W ramach tego modelu przeanalizowano wplyw wysokosci retencji
terenowej 1 kanatowej, wspotczynnika szorstkosci Manninga, udziatu powierzchni
nieprzepuszczalnych oraz parametrow kanatéw deszczowych. Analiza zostala
przeprowadzona z pomini¢ciem danych wysokosciowych dotyczacych sieci

kanalizacyjnej oraz przestrzennego zrdznicowania zagospodarowania terenu.

Realizacja gldwnego celu rozprawy zostata osiagni¢ta poprzez opracowanie:

(1)

)

aplikacji obliczeniowe] stanowigcej narzedzie inzynierskie wspomagajace
projektowanie systemoéw retencyjnych z wykorzystaniem elementéw zielonej
infrastruktury (GI);

zintegrowanego modelu obejmujacego ocene zastosowania modeli uczenia
maszynowego do identyfikacji dziatania sieci kanalizacyjnej w warunkach
przecigzenia hydraulicznego (wylania) oraz prognozy przeplywu maksymalnego
w kontekscie analizy przepustowosci istniejacych i projektowanych kanatow

deszczowych, z mozliwo$cig adaptacji do zmian klimatycznych.

W ramach realizacji celu (1) wykonano nastepujgce zadania:

Opracowano aplikacje obliczeniowg Calculator NBS, wspierajaca projektowanie 1
analiz¢ rozwigzan opartych na zielonej infrastrukturze, takich jak ogrody
deszczowe 1 rowy rozsaczajace. Narzedzie zostato dostosowane do specyfiki
malych zlewni miejskich oraz zmieniajacych si¢ warunkéw opadowych, w tym
okresow bezdeszczowych. Umozliwia ocen¢ dziatania istniejacych systemow
odwodnienia oraz wspomaga proces ich projektowania i modernizacji. Aplikacje
wykorzystano takze do analizy regionalnych uwarunkowan retencyjnych na
obszarze Polski.

Podjeto proby sformutowania wytycznych projektowych do wymiarowania
ogrodow deszczowych, uwzgledniajacych dobor lokalizacji, okreslenie wymaganej
objetosci ztoza oraz zaprojektowanie systemu regulacji odptywu z warstwy
infiltracyjne;.

Przeprowadzono regionalizacj¢ warunkow hydrologicznych w Polsce na podstawie
danych opadowych oraz objetosci ztoza infiltracyjnego rowow rozsaczajacych,
wykorzystujac nienadzorowang analize skupien (k - means clustering)
wykorzystujac wyniki obliczen uzyskane dla 21 miast na terenie Polski za pomoca
aplikacji Calculator NBS. Analiza umozliwita pogrupowanie obszarow w klastry
o zblizonych parametrach opadowych 1 retencyjnych, co pozwolilo na
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wyodrebnienie jednorodnych regionow pod wzgledem statystycznych whasciwosci
opadu ($rednia, wariancja) oraz zdolnosci retencyjnej podtoza. W celu identyfikacji
zalezno$ci przestrzennych pomig¢dzy zmiennymi geograficznymi (np. dlugos$cia

geograficzng) a objetoscig retencji obliczono wspotczynniki korelacji Pearsona.

W ramach celu (2) zrealizowano nast¢pujace zadania:

Opracowano modele regresji logistycznej do identyfikacji przecigzenia kanalizacji
deszczowej uwzgledniajac jednostkowa objetos¢ wylania $ciekow i udzial studni
przepelnionych na bazie danych opadowych, wysoko$ci retencji terenowej i
kanatowej odnoszac si¢ do granicznych warto$ci podanych przez Siekmann i
Pinnekamp (2011).

Opracowano uniwersalny zintegrowany model do identyfikacji objetosci wylania 1
kalibracji modelu w systemach kanalizacji deszczowej, bazujacy na analizie
struktury geometrycznej i topologicznej sieci oraz parametrach: dlugosci kolektora
glownego, objetosci kanatéw, spadkach podtuznych, réznicy rzednych dna i
stosunku objetosci retencji do objetosci sieci.

Opracowano modele predykcyjne przeplywow maksymalnych, opracowane z
wykorzystaniem metody MARS (Multivariate Adaptive Regression Splines),
uwzgledniajace topologie sieci kanalizacyjnej oraz zmienne morfologiczne i
hydrauliczne matej zlewni miejskiej. W modelach uwzglgdniono m.in. sposob
zagospodarowania terenu (powierzchnie przepuszczalne i1 nieprzepuszczalne),
retencj¢ kanatowa, retencj¢ terenowg oraz topologie sieci kanalizacyjne;.
Opracowano analize¢ ryzyka dziatania kanatéw deszczowych, oparta na
zaproponowanym wspotczynniku rezerwy przepustowosci. Analiza ta miata na
celu oceng mozliwosci poprawy funkcjonowania systemu w warunkach
niepewno$ci zwigzanych ze zmianami klimatu oraz ograniczong dostg¢pnos$cia i

wiarygodno$cia danych pomiarowych.

3. PROBLEM BADAWCZY I HIPOTEZA

W niniejszej rozprawie postawiono hipoteze:

Integracja modeli mechanistycznych dla malych zlewni miejskich wspomaganych

modelami uczenia maszynowego dostarcza niezawodnych narzedzi do oceny

dzialania i projektowania sieciami kanalizacyjnymi w warunkach niepewnosci

obejmujacych zr6znicowane warunki opadowe, zmiany klimatyczne, urbanizacje i

wiarygodnos¢ danych pomiarowych.
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Weryfikacja tej hipotezy opierata si¢ na podejsciu wieloskalowym (Tabela 1) —

obejmujagcym modelowanie hydrodynamiczne w skali calej zlewni miejskiej oraz

szczegblowa analiz¢ wybranej zlewni czastkowej. Tabela 1 zestawia gtoéwne zagadnienia

badawcze i odpowiadajace im zatozenia, podkreslajac ztozono$¢ 1 interdyscyplinarny

charakter badan.
Tabela 1 Problemy badawcze i zalozenia

Nr | Autorzy (rok) Problem badawczy Zalozenia

Al | Biatek A.1i Brakuje dedykowanego narzgdzia | Narzedzie obliczeniowe
Musz-Pomorska | obliczeniowego wspierajacego uwzgledniajgce lokalne warunki
A. (2025) projektowanie systemoéw opadowe, topograficzne i

odwodnienia w matych zlewniach | uzytkowanie terenu umozliwia
miejskich, uwzgledniajacego projektowanie systemow

lokalne uwarunkowania opadowe, | odwodnienia w matych zlewniach
przestrzenne i hydrologiczne. miejskich.

A2 | Biatek A. i Brak uwzglednienia regionalnego Warunki fizycznogeograficzne
Lagdd G. zréznicowania warunkow istotnie wptywajg na wymiarowanie
(2025) fizycznogeograficznych w ogrodoéw deszczowych.

projektowaniu ogrodow
deszczowych.
A3 | Szelagg B.iin. Kompleksowa ocena mozliwosci W warunkach miejskich retencja

A4

AS

(2024)

Szelag B. i in.
(2023)

Barbusinski K.
iin. (2025)

opracowania narzedzi do szybkiej
identyfikacji wylania §ciekow w
zlewni.

Brak uniwersalnego narze¢dzia
umozliwiajgcego szybkie i
wiarygodne oszacowanie objgtosci
powodziowej w zlewniach
miejskich przy ograniczonej ilosci
danych wejsciowych, z
uwzglednieniem topologii sieci
kanalizacyjne;j.

Brak uniwersalnych metod analizy
ryzyka wykorzystujacych
przepltywy maksymalne w
systemach kanalizacji deszczowe;.

przyczynowo - skutkowym.

Etap 1 — Uniwersalna aplikacja inzynierska

terenu, zwlaszcza z obszarow
przepuszczalnych, ma dominujacy
wplyw na ograniczenie przecigzen
sieci kanalizacyjnej i objetosci
wylan.

Uproszczony model obliczeniowy
obejmujacy dane retencji
terenowej, kanatowej i topologii
sieci kanalizacyjnej umozliwia
wiarygodng prognoze¢ osiggajac
doktadno$¢ poréwnywalng z
modelem SWMM.

Mozliwe jest zarzadzanie i
projektowanie sieci
kanalizacyjnych w warunkach
niepewnosci retencji kanalowej i
terenowe;.

Weryfikacja hipotezy przebiegata w trzech etapach, realizowanych w uktadzie

Opracowano autorskg aplikacj¢ obliczeniowa do projektowania i optymalizacji

obiektow zielonej infrastruktury w rzeczywistych warunkach eksploatacyjnych. Aplikacja

opiera si¢ na rownaniu fali kinematycznej, bilansie objetosci oraz modelach przeptywu

(Darcy—Weisbach, Manning) — szczegoétowo opisanych w rozdziale 4.1.1 — 1 moze by¢
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stosowana na roznych etapach procesu inwestycyjnego: od koncepcji, przez projekt, az po
jego weryfikacje. Moduty obliczeniowe umozliwiajg dobér geometrii i pojemnosci dla
ogrodow deszczowych, niecek infiltracyjnych, rowdéw rozsaczajacych oraz zbiornikow
detencyjnych. Walidacja aplikacji, oparta na danych z miast w Polsce, potwierdzita
zarowno wysoka doktadno$¢ odwzorowania proceséw odplywu, jak i duzg wydajnosc
obliczeniows.

Etap 2 — Studium przypadku: przepbywy maksymalne i zjawiska wylania

W drugim etapie, majagcym charakter studium przypadku, oceniono mozliwos¢
wiarygodnego odwzorowania przeplywow 1 zjawisk wylania w rzeczywistej sieci
kanalizacyjnej przy ograniczonym dost¢gpie do danych wejsciowych. Wykorzystano
uproszczone modele hydrauliczne, dane przestrzenne z GIS, informacje o
zagospodarowaniu terenu, wskazniki uszczelnienia oraz dane opadowe z punktowych
stacji meteorologicznych. Opracowano dwa komplementarne narzg¢dzia:

(i) model logitowy oparty na regresji logistycznej, uwzgledniajacy charakterystyki
opaddw oraz parametry morfologiczne i hydrauliczne zlewni,

(i1)) skalibrowany model SWMM, oparty m.in. na wysokosci retencji, wspotczynnikach
szorstkosci Manninga 1 wskaznikach topologicznych sieci. Dla oceny
funkcjonowania systemu zastosowano wskazniki A1 (jednostkowa objetosé
wylania) i A2 (udzial przepetionych studni w sieci kanalizacyjnej), dla ktorych
okreslono progi krytyczne.

Etap 3 — System do kalibracji i uniwersalne narzedzie do szybkiej identvfikacji przecigzen

hvdraulicznych

W trzecim etapie opracowano narz¢dzie do szybkiej identyfikacji przecigzen
hydraulicznych, definiowanych jako przekroczenie jednostkowej objetosci wylania (k> 13
m?/ha), bez koniecznosci przeprowadzania pelnych symulacji w §rodowisku SWMM.
Zastosowano podejscie hybrydowe:

(1) opracowano model regresji logistycznej (Etap 2);

(i1) stosujac techniki uczenia maszynowego RF (Random Forest) opracowano
symulator w celu redukcji niepewnosci prognoz odptywu 1 wylan ze zlewni,
optymalizacji  doboru  parametrow  kalibracyjnych  oraz  identyfikacji

najistotniejszych zmiennych.
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3.1. Aktualny stan wiedzy i luka badawcza

Miejskie systemy odwodnienia coraz cz¢$ciej ulegaja przecigzeniom hydraulicznym,
co skutkuje lokalnymi podtopieniami oraz pogorszeniem jakosci wod odbiornikow.
Zjawiska te sg wynikiem intensytfikacji zjawisk opadowych, obserwowanych w zwigzku
ze zmianami klimatycznymi, oraz wzrostu udzialu powierzchni nieprzepuszczalnych w
zurbanizowanej przestrzeni miejskie;j.

W odpowiedzi na te wyzwania w inzynierii wodnej szeroko stosowane s3
deterministyczne modele hydrodynamiczne, takie jak SWMM (Storm Water Management
Model), MIKE URBAN (Modelling Integrated Urban Drainage and Water Distribution
System) oraz HEC-RAS (Hydrologic Engineering Center — River Analysis System) (Barco
iin., 2008; De Martino i in., 2010; Pons i in., 2023). Modele te, bazujace na uproszczonych
formach rownan Saint-Venanta, umozliwiajg szczegélowe odwzorowanie transformacji
opadu w odptyw oraz analiz¢ przeptywow w kanatach otwartych i zamkni¢tych. Pomimo
wysokiej doktadnosci, ich stosowanie wymaga petnych danych wejsciowych, precyzyjnej
kalibracji oraz dostgpu do infrastruktury monitorujacej. W warunkach ograniczonej
dostepnosci danych ich zastosowanie moze by¢ istotnie utrudnione (Barco i in., 2008;
Szelag i in., 2024).

Modelowanie obiektéw typu NBS, takich jak ogrody deszczowe, zbiorniki
infiltracyjne, zielone dachy czy nawierzchnie przepuszczalne, wigze si¢ ze szczegdlnymi
trudno$ciami (CIRIA, 2015; Chan i in., 2018; Boogaard i Kondratenko, 2024; Rodriguez i
in., 2024). Ich implementacja w modelach hydrologicznych wymaga szczegotowe;j
parametryzacji szerokiego zakresu zmiennych: intensywno$¢ i czas trwania opadu,
przewodnos$¢ hydrauliczng gruntu w stanie nasycenia, efektywna pojemno$¢ retencyjna,
wspotczynnik szorstkosci hydraulicznej, czas koncentracji oraz wilgotno$¢ poczatkowa
podioza. Znaczna liczba parametréw, a takze ich przestrzenna i czasowa zmiennosc¢,
przektadajg si¢ na wysoki poziom niepewnos$ci obliczeniowej oraz znaczace utrudnienia w
procesie kalibracji modeli (Beven i Binley, 2014; Fraga i in., 2016).

Model SWMM, mimo ze zawiera komponenty LID (Low Impact Development),
zostal zaprojektowany do analizy zlewni czastkowych o jednorodnych warunkach
fizycznych 1 hydraulicznych. Ogranicza to jego zdolno$¢ do odwzorowania wpltywu
pojedynczych obiektow NBS na odptyw calkowity z wigkszych, niejednorodnych
przestrzennie zlewni miejskich. Konieczno§¢ agregacji parametrow 1 uproszczen
przestrzennych skutkuje spadkiem doktadnosci wynikéw oraz utrudnia wykorzystanie tych

narzedzi do planowania strategicznego (Barco 1 in., 2008; Zhang i in., 2022).
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W kontekscie powyzszych ograniczen ujawnia si¢ wyrazna luka badawcza. Obecnie
dostepne modele sa zoptymalizowane gtéwnie do zastosowan w skali makro — systemow
kanalizacyjnych obejmujacych cate dzielnice lub miasta. Brakuje natomiast narzg¢dzi
dedykowanych do modelowania w skali mikro (<1 ha), obejmujacej lokalne uktady
retencyjne (Akan, 1993; Pons 1 in., 2023). W takich przypadkach stosowanie
zaawansowanych modeli hydrodynamicznych, takich jak SWMM, jest nieefektywne, gdyz
wymaga wysokiej jako$ci danych wejsciowych oraz zaawansowanej wiedzy z zakresu
hydrologii 1 hydrauliki, ktora nie jest niezbedna w tak ograniczonej skali.

Alternatywe dla klasycznych modeli deterministycznych stanowiag metody ML
(Machine Learning), ktore umozliwiaja modelowanie nieliniowych zaleznosci bez
koniecznosci bezposredniego odwzorowania mechanizmoéow fizycznych (Friedman, 1991;
Breiman, 2001; Fisher i in., 2019). W literaturze wykazano skutecznos$¢ wielu algorytmow
uczenia maszynowego, w tym: RF (Random Forest), XGBoost, MLP (Multi-Layer
Perceptron), SVM (Support Vector Machines), MARS (Multivariate Adaptive Regression
Splines) oraz LSTM (Long Short-Term Memory). Szczegoélnie sieci LSTM, nalezace do
klasy RNN (Recurrent Neural Networks), wykazuja wysoka skutecznos¢ w
krétkoterminowym prognozowaniu zmiennych hydrologicznych na podstawie danych
szeregow czasowych (Kratzert i in., 2019; Yang i Chui, 2020; Palmitessa i in., 2022; Zhang
iin., 2022; Zhao i in., 2023).

Badania Teweldebrhana i in. (2020) oraz Wolfs 1 Willemsa (2016) opisuja podejscia
hybrydowe, w ktorych modele ML pehig funkcje emulatorow wynikow analiz Monte
Carlo, opartych na ograniczonej liczbie symulacji deterministycznych. Rozwigzanie to
znaczaco obniza koszty obliczeniowe, umozliwiajac efektywna analiz¢ niepewnosci bez
koniecznosci wielokrotnego uruchamiania ztozonych modeli.

Pomimo rosnacej dostgpnosci narzedzi opartych na ML oraz postgpu
technologicznego w modelowaniu hydrologicznym, luka badawcza wciaz pozostaje
otwarta. Brakuje zintegrowanych modeli obliczeniowych umozliwiajacych oceng
skutecznosci obiektow NBS w warunkach ograniczonej dost¢pnosci danych, wysokiej
zmienno$ci przestrzennej oraz strukturalnej ztozonos$ci miejskich systeméw odwodnienia.
Istniejace narzedzia rzadko integruja dane czasowe z informacjami przestrzennymi i
topologicznymi, takimi jak struktura sieci kanalizacyjnej czy rozmieszczenie obiektow
retencyjnych (Gires i in., 2017; Ichiba i in., 2018; Guo i in., 2021; Li 1 Willems, 2020).

Nowelizacja Dyrektywy UE 2024/3019, wprowadzajaca obowigzek monitorowania

i redukcji zrzutéw burzowych w aglomeracjach powyzej 10 000 RLM (ré6wnowazna liczba

16



mieszkancow), jednoznacznie wskazuje na konieczno$¢ rozwoju narzedzi modelowych,
ktére beda skalowalne, obliczeniowo efektywne i mozliwe do praktycznego wykorzystania
réwniez w matej skali (PN-EN 752:2017; PN-EN 16933-1:2022; Zhou, 2014).
Zidentyfikowana luka badawcza odnosi si¢ do ograniczonej uzytecznosci dostepnych
narzedzi modelowych w kontekscie analiz prowadzonych w skali lokalnej. Wigkszos$¢
istniejagcych modeli charakteryzuje si¢ wysokim zapotrzebowaniem na dane wejsciowe i
zasoby obliczeniowe, co znaczaco utrudnia ich zastosowanie w praktyce, zwlaszcza przy
projektowaniu i ocenie rozwigzan opartych na przyrodzie. Ponadto, modele te cz¢sto nie
uwzgledniaja zmiennos$ci lokalnych warunkow $rodowiskowych ani specyfiki matych
zlewni miejskich. W zwiazku z tym istnieje potrzeba opracowania narzedzi o uproszczonej
strukturze, wysokiej elastyczno$ci adaptacyjnej oraz mozliwo$ci operacyjnego
wykorzystania w warunkach ograniczonej dostepnosci danych. Rozwdj takich modeli
stanowi istotne wyzwanie dla wspotczesnej inzynierii wodnej 1 planowania

zrdbwnowazonego rozwoju w srodowisku zurbanizowanym.

3.2.  Struktura rozprawy doktorskiej

Rozprawa zostala przygotowana w formie cyklu pigciu recenzowanych publikacji
naukowych, ktére sg ze sobg $cisle powigzane tematycznie 1 merytorycznie (Wykaz
publikacji wchodzacych w sktad rozprawy doktorskiej). Kazda z publikacji rozwija
odrebny, lecz komplementarny komponent badawczy, umozliwiajac kompleksowa 1
interdyscyplinarng analiz¢ funkcjonowania systemow kanalizacji deszczowej oraz zielonej
infrastruktury w miejskich zlewniach. Cykl ten speinia formalne wymagania okreslone w
§13 ust. 1 pkt 1 Rozporzadzenia Ministra Nauki i Szkolnictwa Wyzszego z dnia 22 lutego
2019 r. Szczegodtowa analiza wynikéw badan zawartych w poszczego6lnych publikacjach

zostala przedstawiona w rozdziale 6.

4. METODYKA BADAN

4.1. Aplikacja do wymiarowania obiektow zielonej infrastruktury
(zalozenia hydrologiczno — hydrauliczne)

Na potrzeby niniejszych badan opracowatam dedykowang aplikacje obliczeniowa
Calculator NBS, stworzong w jezyku C++ =z wykorzystaniem $rodowiska
programistycznego Ot Creator. Narzg¢dzie to umozliwia wymiarowanie obiektow zielone;j
infrastruktury z  zastosowaniem zaawansowanych algorytmow  hydrologiczno-
hydraulicznych, opartych na rownaniu fali kinematycznej (Akan, 1993) oraz bilansie

objetosciowym.
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Aplikacja zostata zoptymalizowana pod katem systemu operacyjnego Windows, co
pozwala na jej szerokie wykorzystanie w praktyce inzynierskiej. Interfejs uzytkownika
oparty jest na gldownym oknie programu (Rysunek 1), ktore stanowi centralny obszar
interakcji — umozliwia wprowadzanie danych wejSciowych oraz przeprowadzanie

obliczen.
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—
3 - - Epsilor: 044 n
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e
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/
:
/
— Ff.l - = 00 +
/
."f - Dimj: 1,00000 +
1000 - |
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/ — ke 000300 +
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:'.]:I L ||' ‘-\.\
| i = | Alpipel{m*2} 00766 | +
,-"f = Afnnl} [me2) Q01768 ok
/
3 = | Alsgg) Im*2k 030000 |+
4 v f i A L
: = o 0 o GEETTTTEED

Rysunek 1 Okno glowne aplikacji
Interfejs programu podzielony jest na dwa gtowne obszary:

(1) panel parametrow (lewa strona) — zawiera opcje konfiguracji modelu oraz
ustawienia ogdlne;

(2) okno robocze (prawa strona) — umozliwia wprowadzanie szczegoétowych wartosci
parametréw 1 wspotczynnikow dla poszczegolnych elementéw modelu, takich jak
rOw rozsaczajacy, zlewnia, przelew, zloze gruntowe oraz rurociagg odptywowy.

Taka struktura interfejsu pozwala na elastyczne dostosowanie modelu do specyfiki
analizowanego przypadku. Po wprowadzeniu danych uzytkownik ma mozliwos¢
wygenerowania wykresu wynikowego.

Rysunek 2 przedstawia struktur¢ funkcjonalng aplikacji, ze szczegdlnym
uwzglednieniem dostgpnych funkcji uzytkowych. Jednym z kluczowych elementow
programu jest generowanie hydrogramu odptywu, zgodnie z metodyka opisang w

rozdziatach 4.1.1 — 4.1.3.
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Rysunek 2 Okno dialogowe wyswietlajgce dostgpne funkcje narzedzia

Na podstawie przeprowadzonych obliczen program generuje hydrogram odptywu
oraz wykresy strumienia odpltywu, wysokosci zwierciadta wody (h) 1 przeptywu przez
przelew, z mozliwoscig eksportu wynikéw do pliku .csv. Dane wejSciowe mozna
importowa¢ w tym samym formacie (krok czasowy 1 s). Aplikacja umozliwia takze
symulacje wptywu dlugosci 1 szerokos$ci rowu rozsaczajagcego dla roznych wariantow
intensywnosci opadu poczatkowego (io), ktére mogg by¢ wprowadzane rgcznie,
importowane lub wyznaczane automatycznie na podstawie czasu trwania opadu deszczu -
ta 1 regionalnych wspotczynnikow (ao, ai, az).

Program pozwala rowniez na analiz¢ odptywu do odbiornika koncowego (kanalizacji
deszczowej) oraz generowanie wykresow wynikowych w formacie .pdf i pordwnanie
wariantow obliczeniowych. Gloéwnym celem narzedzia jest okreslenie zaleznosci migdzy

parametrami geometrycznymi i obj¢tosciowymi rowu rozsaczajacego (V ztoza).

4.1.1. Model fali kinematycznej

Model odpltywu powierzchniowego oparto na rownaniu fali kinematycznej (1):

St a=if (1)
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gdzie: Z—Z - gradient przeptywu w kierunku przestrzennym, (-); Z—Z - zmiana wysokosci wody
w czasie, (-); 1 - intensywnos$¢ opadu, (mm/hr); f - rzeczywista szybko$¢ infiltracji, (-).
Przy zatozeniu R;, = y, gdzie y to grubo$¢ warstwy wody (m), rownanie (1) pozwala na
modelowanie odptywu powierzchniowego na terenach ptaskich, uwzgledniajac
intensywno$¢ opadu 1 infiltracjg.

Zgodnie z rownaniem Darcy-Weisbacha spadek hydrauliczny St liczony jest zgodnie z

rownaniem (2) 1 (3):

_ fav?
;= Lo 2
dla:
C
fa=— (3)

Spadek hydrauliczny Sr wyznacza si¢ na podstawie empirycznego rownania Manninga-
Stricklera (4):
=) 7 @
K

gdzie: St, So — spadek hydrauliczny, (-); Rn — promien hydrauliczny, (m), fq — wspotczynnik
oporu tarcia, obliczany ze wzoru (3), (-); V — $rednia predkos¢ przeptywu, (m/s); C -
wspotczynnik oporu przeptywu laminarnego, (-); g — przy$pieszenie ziemskie, (m/s?); Re
- liczba Reynoldsa, (-); v - kinematyczny wspotczynnik lepkosci $ciekow, (m*/s); n-
wspotczynnik szorstkosci wg Manninga, (m™*-s); Q — nateZenie przeptywu, (m?/s); k -
stala jednostkowa k = 1.0 m'/3/s; A — pole powierzchni przekroju poprzecznego, (m?).

Do obliczen odptywu ze zlewni wykorzystano réwnanie (1), zgodnie z rbwnaniem

Darcy-Weisbacha i1 formutg Manninga (5):

q=a-y" (5)
wspotezynnik o i m zalezg od przyjetego wzoru na opor przeptywu oraz S5 = Sy.
1) dla przeplywu laminarnego m =3, to a = %;

2) dla przeptywu turbulentnego m = g ,toa = (E) : Sé/ %

n

Hydrogram odptywu jest obliczany zgodnie ze wzorem (5), w ktorym maksymalny sptyw

ze zlewni jest okreslony jako rownanie (6):

_ Ll/m
te = i hum (6)
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gdzie: t.— czas szczytowego natezenia, (s); t — czas rOwnowagi, (s); t« — czas trwania opadu
deszczu, (s); L — dlugos¢ odptywu, (m); ip — natgzenie opadu, (mm/hr); ip =1— f = const.
Wzér (6) umozliwia wyznaczenie czasu maksymalnego sptywu powierzchniowego,
uwzgledniajac parametry oporu przeptywu, co pozwala dostosowa¢ model do lokalnych
warunkow hydrologicznych.
Uwzglednienie warunkéw brzegowych dla rozwigzania rownania (1) :
1) t, <ty it <t,,uzywamy q, =a- (ip-t)™

3) gdy, t, <t<ty, uzywamy q; = iy-L

L L aym=1) . 1/
4) gdy,t =t; , uzywamy t = td+( |a -1 m) Yello) dla g, = (ﬂ) m

L
m.a.(io.td)m—l

2) te >tg uzywamy qp = a- (i tg)™ ,gdzie t, =ty — (t_d) +

m

gdzie: q; - 1lo$¢ wody na jednostke szerokos$ci, (mm/hr-m); y; - gtgbokos¢ przeptywu, (m).

4.1.2. Rownanie bilansu dla obiektow zielonej infrastruktury

Roéwnanie bilansu dla obiektow zielonej infrastruktury mozna wyrazi¢ jako (7):
dV = Qaop(t)dt — Qoap(£)dt — Qins(t)dt — ET (t)dt (7)

gdzie: dV - zmiana objetosci zbiornika w danym okresie czasu, (m®); Quop(t) — doptyw
wody do obiektu zielonej infrastruktury w czasie t, (m?*/s); Qodp(t) — odptyw ze ztoza w
czasie t, obejmuje przepltyw do gruntu, (m?®/s); w przypadku przekroczenia dopuszczalne;j
przepustowosci hydraulicznej nastepuje zrzut przelewem (rozdziat 4.1.3), Qin(t) — objgtosée
wody odptywajaca do gruntu w jednostce czasu, (m?*/s); ET(t) - ewapotranspiracja z
warstwy powierzchniowej, (m?/s).

Roéwnanie bilansu wodnego (7) stanowi podstawe modelowania przeptywu wody w
obiektach zielonej infrastruktury, uwzgledniajac doptyw, odptyw, infiltracj¢ oraz
ewapotranspiracj¢. Pozwala ono na analiz¢ zmian objg¢tosci retencyjnej w czasie i wspiera
planowanie systeméw odwodnieniowych w zréznicowanych warunkach.

Rysunek 3 przedstawia schemat obliczeniowy systemu infiltracji wedlug koncepcji

Piazza i Ursino (2022).
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Rysunek 3 Schematyczne przedstawienie systemu infiltracji
Wyjsciowa postac¢ rOwnania:
Qing = fe* (B* L+ h(B + L)) (8)

dh
Qdop_Qodng*B*L*E 9)

Warunki brzegowe (10) i (11) przyjete w zaleznosci zakresu czasu trwania opadu deszczu:
t
Qdop = Qamax * g dlat < ty (10)

1 t
Qdop = Qamax(1+ 1 et ) dlat> ty (11)
P

Do obliczenh rowu rozsaczajacego wykorzystano rownania (12) i (13) po

odpowiednich przeksztalceniach:

Qdmax*é—fc*(B*L+h(B+L))=s*B*L*% (12)

Qdmax(1+l— L)—fc*(B*L+h(B+L))=s*B*L*@ (13)
A A*tp dt

gdzie: Qamax — maksymalny doptyw do rowu rozsaczajacego, (m’/s); f. — wspotczynnik
frakcji op6znienia odptywu, (mm/hr); B — szeroko$¢ rowu rozsaczajacego, (m); L — dlugos¢
rowu rozsgczajacego, (m); h - gtebokos¢ wody w zbiorniku, (m); € - efektywna porowatos¢

zloza, (-); t — czas trwania opadu deszczu, (min); t, — czas do osiggnigcia maksymalnego
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przeplywu, (min); A — wspotczynnik oporéw liniowych, (-); % - zmiana glebokosci wody
w zbiorniku w czasie.

Przyjmujac w réwnaniu (13) warto$¢ € = 1, zaproponowane narze¢dzie mozna
wykorzysta¢ do analizy hydrogramu odptywu ze zbiornika retencyjnego oraz niecki
rozsaczajacej.

Warunki brzegowe w réwnaniu bilansu wodnego (7) zalezg od czasu trwania opadu
1 obejmuja: poczatkowy stan nawodnienia systemu, zmienne w czasie doptywy i odptywy
oraz koncowy stan wodny po opadzie. Ich prawidlowe okreslenie, uwzgledniajace
zmienno$¢ warunkow atmosferycznych, hydrologicznych i topograficznych, pozwala na
doktadniejsze modelowanie funkcjonowania systemow odwodnienia miejskiego.

Roéwnanie bilansu (9) przy zalozeniach odptywu do rurociaggdéw drenarskich (14):

£-B L2 = Quop(t) = Qoap(t) (14)

1) dla strefy saturacji odplyw przewodem drenarskim opisujg zaleznosci (15) 1 (16):

_(h+D )+ (h+D )2+4-N-H

L-B-K L-W-K
= 15
Q Lo (15)
fL 1 CL
T 294, D 2942 2-g-A% ,-62 (16)
‘9 Apipe’ ‘"9 Apipe ‘9 Ain1’Cagyg

gdzie: Qo, — odplyw przy saturacji, (m?/s); D — S$rednica wewngtrzna przewodu
drenarskiego, (m); L — dlugo$¢ rowu, (m); B, W — szeroko$ci warstw zloza, (m); K —
konduktywno$¢ hydrauliczna, (m/s); N — wspotczynnik przeptywu przez rury, (m%/s); H —
grubos¢ zwierciadta wody w ztozu, (m); h — grubo$¢ ztoza nad wierzchotkiem przewodu,
(m); Apipe — pole przekroju poprzecznego przewodu, (m?); Oage — porowatosé ztoza, (-); CL
— wspbtczynnik oporéw miejscowych, (-); g — przyspieszenie ziemskie, (m/s?); A —

wspotczynnik oporow liniowych, (-); obliczany ze wzoru (17):

A=—21
(_Z'lOg(3.7ﬁ~D)) "

w ktorym: k — chropowato$¢ przewodu, (m); D — srednica wewnetrzna przewodu, (m).

2) odptyw rurociggiem drenarskim zaktadajac brak saturacji ztoza:

Qodp = 2N (18)



4.1.3. Obliczenia przelewu burzowego

Do obliczenia przelewu burzowego zastosowano wzor (19):

Qprzelew =p* L\/ 2xgxH3 (19)

Warunki brzegowe opisano rownaniami (20) 1 (21):

h<ho, toQ =0 (20)
h>ho; uxLJ2+g+H?3 toQ >0 (21)

gdzie: H - wysoko$¢ swobodnego przeptywu wody przez przelew, (m); h - wysokos¢
warstwy przelewowej (h = h — ho), (m); ho - wysokos$¢ krawedzi przelewowej nad dnem
kanatu, okreslona gtebokos¢, przy ktérej zachodzi przelew (warunek brzegowy), (m); L -
dhugos¢ krawedzi przelewu, (m); p - wspotczynnik przeptywu (,,wydatku™) przelewu, (-),

dla przelewow czotowych p =(0,6 - 0,8).

4.1.4. Algorytm dzialania aplikacji i funkcje zadaniowe

Dziatanie aplikacji Calculator NBS przedstawiono w postaci algorytmu (Rysunek
4), ktory zostat zaimplementowany w funkcji solveEquation nalezacej do klasy Calculate,
petniacej role gtdwnego modutu obliczeniowego aplikacji. Funkcja ta, wykorzystujac dane
wejsciowe dostarczone przez obiekt klasy Plot, realizuje kompletng symulacje przeptywu
w analizowanym uktadzie hydrologicznym. Zakres wykonywanych operacji obejmuje
m.in. obliczenie przeptywu jednostkowego, wyznaczanie wysokos$ci zwierciadta wody, a
takze okres$lenie odptywu oraz ewentualnego przelewu. Tak zintegrowane podejScie
umozliwia szczegdlowa analiz¢ dynamiki badanego systemu w zadanych warunkach

brzegowych oraz dla okreslonego zestawu parametrow wejsciowych.
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void Calculate::solveEquation(Plot *plot)

for(int i = @; i < plot->tMax; i++)
{
plot->tVals.push_back(i * plot->dt);
plot->qlvals.push_back(functionQd(plot->tvals.at(i), plot->td, plot->m, plot->1val, plot->alpha, plot->i@, plot->gMax, plot-
>lambda));

if(i == 0)
double tempQ@ = 0.0;
plot->hvals.push_back(functionH(tempQe, plot->qlvals.at(i), plot->eval, plot->1val, plot->bval, plot->dt, plot->fc));

else
plot->hvals.push_back(functionH(plot->hvals.at(i - 1), plot->qlvals.at(i), plot->eval, plot->lval, plot->bval, plot->dt,
plot->fc));

plot->qoVals.push_back(QoEuler(plot->hvals.at(i), plot->1val, plot->bval, plot->fc));

if(plot->saturatedChecked)
plot->qoVals2.push_back(QoSaturated(plot->hvals.at(i), plot->L, plot->bval, plot->h, plot->D, plot->K, plot->N));

if(plot->unsaturatedChecked)
plot->qoVals2.push_back(QoUnsaturated(plot->hvals.at(i), plot->L, plot->h, plot->D, plot->K, plot->N));
plot->overflowvals.push_back(overflowCalc(plot->hvals.at(i), plot->h@, plot->1lOverflow));

if(plot->to@Checked)
valuesLimit(plot->hVvals, plot->overflowvals, plot->qovals, plot->qovals2);

Rysunek 4 Widok okna algorytmu dziatania

Dziatanie funkcji rozpoczyna si¢ od inicjalizacji danych wejsciowych, podczas ktorej
tworzony jest obiekt klasy Plot. Obiekt ten pelni role kontenera parametréw wejsciowych
oraz posrednika w komunikacji z graficznym interfejsem uzytkownika. Nastgpnie obiekt
Plot przekazywany jest jako argument do funkcji solveEquation.

W kolejnym etapie realizowana jest symulacja przeptywu w analizowanym uktadzie
hydrologicznym. Na podstawie zdefiniowanych parametréw wejsciowych, takich jak te. 1,
tq, 10, &, m, obliczane sa warto$ci przeptywu jednostkowego g/Vals. Warto$ci poczatkowe
sa wyznaczane zgodnie z warunkami opisanymi przez parametry te, 1, ts, a nastgpnie
modyfikowane w oparciu o warunki symulacyjne oraz algorytmy zdefiniowane w
metodach pomocniczych solveVariantl (Rysunek 5) 1 solveVariant2 (Rysunek 6).

Wybdr odpowiedniego wariantu obliczeniowego zalezy od relacji pomigdzy te i ta:
dla te < tq wywotywana jest funkcja solveVariantl, natomiast dla te > tq uruchamiana jest
funkcja solveVariant2. Podej$cie to umozliwia dostosowanie symulacji do réznych
scenariuszy przeptywu wynikajacych z warunkéw czasowych analizowanego zdarzenia

opadowego.
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void Calculate::solveVariantl(std::vector<double> &tVals, std::vector<double> &qlvals, double &te, double &1, double &td, double &i@,
double &alpha, double &m)
{

//qDebug()<< "Wariant a: (te < td)";

double gl =0.0;
int i=0;

while(ql >= 0.9)
if(i <= te)
tVals.push_back(i);
glvals.push_back((double)(alpha * std::pow((i@ * tvals.at(i)), m) * 100000.0)); // ql = (alpha * (i@ * t) A m) * 100000.0
else if(te < i & i <= td)

tvals.push_back(i);
glvals.push_back((double)(alpha * std::pow((i@ * te), m) * 100000.0)); // ql = (alpha * (i@ * te) ~ m) * 100000.0

¥
else
{
gl = (double)(qlvals.at(i - 1) - @.001);
if(ql < 0.9)
break;

double yl = std::pow(((ql / 100000.0) / alpha), (1/m)); // yl = (ql / alpha) ~ (1 / m)
qlvals.push_back(ql);
tVals.push_back((double)(td + ((1 / (alpha * std::pow(yl, (m-1)))) - (yl/i@)) / m)); // t = td + ((L / (alpha * yl ~ (m-1)) -
(yl/ie)) / m
¥

it+;

Rysunek 5 Widok okna funkcji solveVariantl

void Calculate::solveVariant2(std::vector<double> &tVals, std::vector<double> &qlVals, double &1, double &td, double &i@, double &alpha,
double &n)
{

//qDebug( )<< "Wariant b: (te > td)";
double gl =0.0;
int i=0;
double tpval = td - (td / m) + (1 / (m * alpha * std::pow((i@ * td), (m-1))));
while(ql >= 0.0)
if(i <= td)
tVals.push_back(i);
qlvals.push_back((double)(alpha * std::pow((i@ * tVals.at(i)), m) * 100000.0)); // ql = (alpha * (i@ * t) ~ m) * 100000.0
else if(td < i & i <= tpval)

tVals.push_back(i);
glvals.push_back((double)(alpha * std::pow((i@ * td), m) * 100000.0)); // ql = (alpha * (i@ * td) ~ m) * 100000.0

else
{
gl = (double)(gqlvals.at(i - 1) - 0.001);
if(ql < 0.0)
break;

double yl = std::pow(((ql / 100000.0) / alpha), (1/m)); // yl = (ql / alpha) ~ (1 / m)
qlvals.push_back(ql);
tVals.push_back((double)(td + ((1 / (alpha * std::pow(yl, (m-1)))) - (yl/ie)) / m)); // t = td + ((L / (alpha * yl ~ (m-1)) -
(yl /1i0)) / m
}

i+4;

Rysunek 6 Widok okna funkcji solveVariant2
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Interpolacja

Funkcja interpolateValues w klasie Calculate realizuje interpolacj¢ liniowa wartosci
przeplywu glVals wzgledem czasu tVals, w celu uzyskania jednostajnej siatki czasowej
oraz odpowiadajacych im wartosci przeptywu.

Dziatanie rozpoczyna si¢ od wyznaczenia minimalnej 1 maksymalnej warto$ci czasu,
a nastgpnie generowana jest nowa siatka czasowa z rownym krokiem. Dla kazdej nowe;j
warto$ci czasu obliczana jest odpowiadajagca wartos¢ przeplywu poprzez interpolacje
miegdzy sgsiednimi punktami z oryginalnych danych. Wyniki zapisywane sg w wektorach

tymczasowych, ktére po zakonczeniu obliczen zastepuja oryginalne ¢Vals 1 glVals.

void Calculate::interpolateValues(std::vector<double> &tVals, std::vector<double> &qlvals)
{

// Znajdz minimalng i maksymalng wartos¢ czasu

double minT = tVals.front();

double maxT = tVals.back();

// Oblicz nowe wartosci czasu z réwnym odstepem
double step = 1.0; // wartos¢ 1.0 jako odstep
int numSteps = std::ceil((maxT - minT) / step);

// Tworzenie tymczasowych wektoréw
std::vector<double> tempTVals(numSteps + 1);
std::vector<double> tempQlVals(numSteps + 1);

double newT = minT;
for (int i = @; i <= numSteps; ++1i)

tempTVals[i] = newT;
newT += step;

}

// Interpoluj wartosci przeptywu na podstawie nowych wartosci czasu
size_t j = 0;
for (int i = @; i <= numSteps; ++1i)
{
double t = tempTVals[i];
while (j < tvals.size() - 1 & t > tVals[j + 1])
++];
if (j < tvals.size() - 1)
double t1 = tVals[j];
double t2 = tVals[j + 1];
double gli1 = qlvals[j];
double ql2 = qlvals[j + 1];
double gl = gql1 + (ql2 - ql1) * (t - t1) / (t2 - t1);
tempQlvals[i] = ql;
}
}

// Skopiuj wartosci z tymczasowych wektoréw do oryginalnych wektoréw
Rysunek 7 Widok okna funkcji Interpolacja
Funkcja functionQd

Funkcja functionQd (Rysunek 8) peini istotng role¢ w modelowaniu przeptywu w
systemie hydrologicznym, umozliwiajagc wyznaczenie chwilowej wartosci przeptywu Qq
w zalezno$ci od czasu t oraz zestawu parametrow modelu opisujacych charakterystyke

zdarzenia hydrologicznego.
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double Calculate::functionQd(double &t, double &td, double &m, double &1, double &alpha, double &i@, double &gMax, double &lambda)
{
double tpval = td - (td / m) + (1 / (m * alpha * std::pow((i@ * td), (m-1))));

if(t < tpval)
return gMax * (t / tpval);

else if(t >= tpval && t <= td)
return gMax;

else
double Qd = gMax * (1.0 + 1.0 / lambda - t / (lambda * td));

if(Qd > 0.0)
return Qd;

else
return 0.0;

Rysunek 8 Widok okna funkcji functionQd
Funkcja functionQd uwzglednia trzy fazy: liniowy wzrost do czasu Zp/a/, stata warto$¢
qMax do czasu tq, oraz liniowy spadek po t¢ zalezny od parametru A. Jesli obliczony

przeplyw jest ujemny, funkcja zwraca wartos¢ 0.

Funkcja QoEuler

Funkcja QoEuler w klasie Calculate realizuje obliczenia strumienia odptywu Qo w
kanatach otwartych z wykorzystaniem réwnania Eulera, powszechnie stosowanego w
analizie przeptywow powierzchniowych (Rysunek 9). Funkcja bazuje na wymiarach
kanatu (1, b, ht) 1 wspotczynniku f.. Wynik jest zwracany w dm?/s. W implementacji
przyjeto dodatkowe ograniczenie, zgodnie z ktorym wartosci ujemne sg redukowane do

zera, co odpowiada fizycznemu warunkowi braku przeptywu.

double Calculate::QoEuler(double &ht, double &1, double &, double &fc)

{
//Qo= dm~3/s
double Qo = (double)(fc * (b * 1 + 2 * ht * 1 + 2 * b * ht) * 1000.0);

if(Qo > 0.0)
return Qo;

else
return 0.0;

Rysunek 9 Widok okna funkcji Eulera
Funkcje: QoSaturated i QoUnsaturated

Obie funkcje obliczaja przeptyw w warunkach nasyconych (QoSaturated) — rysunek
10 inienasyconych (QoUnsaturated) — rysunek 11.

double Calculate::QoSaturated(double &ht, double &1, double &), double &h, double D, double &K, double &N)
{

double numeratorl = h + D;

double denominatorl = 1 * b * K;

double fraction = numeratorl / denominatorl;
double pow = std::pow(fraction, 2.9);

double sqrt = std::sqrt(pow + 4.0 * N * ht);
double numerator2 = -fraction + sqrt;

double denominator2 = 2.0 * N;

double Qo = (numerator2 / denominator2) * 1000.0;

return Qo;

Rysunek 10 Widok okna funkcji QoSaturated
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double Calculate::QoUnsaturated(double &t, double &1, double &h, double &D, double &K, double &N)
{

double numeratorl = 1;

double denominatorl = (h + (D / 2.9)) * K;
double fraction = numeratorl / denominatoril;
double pow = std::pow(fraction, 2.9);

double sqrt = std::sqrt(pow + 4.0 * N * ht);
double numerator2 = -fraction + sqrt;
double denominator2 = 2.0 * N;

double Qo = (numerator2 / denominator2) * 1000.0;

return Qo;

Rysunek 11 Widok okna funkcji QoUnsaturated

Funkcja przelew

Funkcja overflowCalc (Rysunek 12) w klasie Calculate stuzy do obliczania wartosci
przeplywu przelewowego, ktoéry wystepuje w przypadku przekroczenia poziomu

wysokosci odniesienia 40.

double Calculate::overflowCalc(double &ht, double &h®@, double &lOverflow)
if(ht > he)
{

double mi = 0.6;
double g = 9.80665;
double H = ht - he;

return mi * 1lOverflow * std::sqrt(2.0 * g) * std::pow(H, 3.0/2.90);
}

else
return 0.0;

Rysunek 12 Widok okna funkcji overflowCalc
Jesli aktualna wysokos¢ At jest wicksza niz 40, funkcja wyznacza warto$¢ przelewu na
podstawie réznicy wysokosci H = ht — h0, przyjmujac wspdtczynnik przeptywu p = 0,6
oraz przyspieszenie ziemskie g = 9,80665 m/s>. Obliczenie bazuje na klasycznym wzorze
dla swobodnego przelewu. W przeciwnym razie, gdy At < 40, funkcja zwraca warto$¢ 0,
co oznacza brak przelewu. Funkcja ta znajduje zastosowanie w analizie pracy ogrodow
deszczowych, umozliwiajac identyfikacje sytuacji, w ktérych dochodzi do przepetnienia

systemu retencyjnego i konieczne staje si¢ odprowadzenie nadmiaru wody.

4.2. Model hydrodynamiczny SWMM

W badaniach wykorzystano model hydrodynamiczny SWMM (Storm Water
Management Model), rozwijany od 1971 roku przez Amerykanska Agencje Ochrony
Srodowiska (U.S. EPA), jako narzedzie do symulacji odptywu wéd opadowych oraz
dziatania systemow kanalizacyjnych w warunkach zurbanizowanych. Program umozliwia
kompleksowe modelowanie transformacji opadu w odplyw, odwzorowujac procesy
hydrologiczne zachodzace na powierzchni zlewni (retencja, infiltracja, sptyw
powierzchniowy) oraz przeptyw wod w sieci kanalizacyjnej z uwzglednieniem jej

geometrii, wilasciwos$ci hydraulicznych i struktury topologicznej. Integracja danych
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przestrzennych, opadowych i infrastrukturalnych pozwolila na szczegdétowa analize
dynamiki odptywu w zmiennych warunkach zasilania i zagospodarowania terenu.

W celu uwzglednienia przestrzennego zrdznicowania warunkoéw terenowych i
uzytkowych, zlewni¢ podzielono na jednostki obliczeniowe (subcatchments),
odpowiadajagce obszarom o wzglednie jednorodnych witasciwosciach fizyczno-
przestrzennych. Dla kazdej jednostki obliczeniowej okre§lono zestaw parametréw
hydrologicznych, obejmujacych: powierzchni¢, dtugo$¢ drogi sptywu, nachylenie terenu,
udziat powierzchni nieprzepuszczalnych, wspotczynniki Manninga dla powierzchni
nieprzepuszczalnych 1 przepuszczalnych, gleboko$¢ retencji powierzchniowej oraz
parametry infiltracyjne: przewodno$¢ nasycona, ssanie kapilarne, wilgotno$¢ poczatkowa
1 nasycong. Dane pozyskano na podstawie ortofotomap i warstw GIS.

Model odptywu powierzchniowego oparty jest na bilansie wodnym - rownanie (22):

2 = P(®) - I(t) — E() — Q(1) (22)

gdzie: dS/dt - zmiana objetoéci zgromadzonej wody w czasie t (w zlewni), (m?/s); P(t) —
opad catkowity w czasie t, (m%s); I(t) — infiltracja w czasie t, (m¥s), E(t) —
ewapotranspiracja w czasie t, (m’/s); a Q(t) — odplyw powierzchniowy, (m?/s). Po
wypehieniu retencji poczatkowej generowany jest odptyw powierzchniowy modelowany

jako efekt dziatania zbiornika nieliniowego, funkcja potegowa (23):

Q=a-hm (23)

gdzie: h — wysoko$¢ zwierciadta wody nad powierzchnig zlewni, (m); o — wspotczynnik
odptywu (zalezny od parametrow geometrycznych i szorstkosci), (-); m — wyktadnik
nieliniowosci (zwykle przyjmujacy wartosci od 1 do 2), (-). W przypadkach natezenia

przeplywu (Q) ustalonego w kanatach otwartych stosowane jest rownanie Manninga (24):

Q = - AR?3$1/? (24)

gdzie: A — pole powierzchni przeptywu, (m?); R — promien hydrauliczny, (m); S —
nachylenie terenu, (-); n — wspotczynnik szorstkosci hydraulicznej, (m'3-s).
Dynamika przeptywu w kanatach odwzorowana zostata przy uzyciu nieliniowych

réwnan Saint-Venanta dla przeptywu nieustalonego. Zastosowano réwnanie ciggtosci (25):

0A 0Q
E-I_ a = q1 (25)
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oraz rOwnanie pgdu (26):

20 9 [QZ oh _
2 5(7) + gAZ = qA(So - Sp) (26)

gdzie: ql — doptyw boczny, (m?/s); So— spadek dna kanahu, (-); S¢— spadek hydrauliczny,
(-); g — przyspieszenie ziemskie, (m/s?); t — czas, (s). x — wspotrzedna wzdtuz kanatu, (m).

Do odwzorowania przeplywoéw w warunkach nieustalonych zastosowano modut
EXTRAN, oparty na uproszczonych rownaniach Saint-Venanta, rozwigzywanych metoda
r6éznic skonczonych w schemacie explicite. Model zaktada niesci§liwos$¢ cieczy,
usrednienie parametrow w przekroju poprzecznym oraz uwzglednia straty hydrauliczne
obliczane wedtug wzoréw Manninga lub Colebrooka—White’a.

Studnia kanalizacyjna modelowana jest jako wezet, przy czym wysokos$¢ zwierciadta

wody Huode Wyznaczana jest w kazdym kroku czasowym na podstawie rownania bilansu

masy (27):

5_; = XQaop — Xlopa ~ CQprzetew (27)

Strumien wylania uwzgledniany w bilansie masy wezta (27), pozwala na dynamiczne
odwzorowanie przecigzen hydraulicznych w sieci.

Wylanie nastepuje, gdy Hypge > Herese Strumien wylania obliczany jest w zaleznosci od
geometrii wylotu:

(1) przelew swobodny- rownanie (28):

Qprzelew = Cw “b- 29 : (Hnode - Hcrest)g’/2 (28)
(i) przelew przez otwor — rdwnanie (29):
Qprzelew =Cq-A-2g9- \/(Hnode - Hcrest) (29)

gdzie: V — objetos¢ zgromadzonej wody w studni, (m?); Qqop — suma doptywéw do studni,
(m?/s); Qodp— suma odptywow ze studni, (m?/s); Qprzelew- Strumien wylania przez przelew
lub otwor, (m*s); Cw — wspodtczynnik przelewu (dla przelewu swobodnego), (-); b—
szeroko$¢ przelewu, (m); Hnode — Wysoko$¢ zwierciadta wody w studni, (m); Herest —
wysokos$¢ przelewu (krawedzi), (m); Cq4 — wspotczynnik wyplywu (dla przelewu przez
otwor), (-); A— pole powierzchni otworu odptywowego, (m?).

Przyjeta metodyka modelowania SWMM zapewnita odwzorowanie procesOw
odptywu w Dbadanej zlewni miejskiej, umozliwiajgc przeprowadzenie analiz
diagnostycznych obcigzenia sieci oraz symulacj¢ scenariuszy prognostycznych dla

r6znych wariantow opadoéw i zagospodarowania terenu.
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4.3. Wykorzystywanie technik uczenia maszynowego w modelowaniu
zlewni

Uczenie maszynowe zastosowano do analizy odptywu w zlewni miejskiej,
umozliwiajac identyfikacje nieliniowych zaleznos$ci niewykrywalnych w klasycznym
modelowaniu. Wykorzystano algorytmy: RF (Random Forest), XGBoost (Extreme
Gradient Boosting) oraz MARS (Multivariate Adaptive Regression Splines), ktore
pozwolily na selekcje kluczowych zmiennych oraz precyzyjng estymacj¢ odptywu na
podstawie danych przestrzennych, hydrologicznych i opadowych.

RF (Random Forest)

to jedna z najpopularniejszych 1 najskuteczniejszych metod zespotowego uczenia
maszynowego. Opiera si¢ na budowie wielu drzew decyzyjnych i agregacji ich prognoz,
co prowadzi do uzyskania stabilnych wynikéw. Algorytm ten, zaproponowany przez
Breiman (2001), znalazl szerokie zastosowanie m.in. w hydrologii — w prognozowaniu
przeplywow, analizie opadow oraz ocenie ryzyka powodziowego. RF tworzy wiele drzew
na podstawie losowych podzbioréw danych treningowych (bootstrap sampling) oraz
losowych zestawdw cech (feature bagging), co pozwala ograniczy¢ wariancje modelu 1
przeciwdziata¢ przeuczeniu. W przypadku regresji, prognoza dla danej obserwacji x

obliczana jest jako $rednia predykcji wszystkich drzew (30):

yr =TT (%) (30)

gdzie: Ti (x) to predykcja i-tego drzewa, a N oznacza liczbe drzew w lesie.

Algorytm ten wyr6znia si¢ odpornoscig na przeuczenie oraz zdolnoscig modelowania
ztozonych, nieliniowych zaleznos$ci. Dodatkowo umozliwia ocen¢ waznosci cech, co
wspiera interpretacje wynikéw i selekcje zmiennych. Liczne badania (Guo i in., 2021;
Palmitessa 1 in., 2022) potwierdzaja jego wysoka doktadno$¢ w zastosowaniach
hydrologicznych. W niniejszym badaniu uczenie maszynowe zostato uzyte jako
rozwinigcie klasycznej regresji drzewiastej, przy czym liczba drzew zostata ograniczona
do 300 w celu minimalizacji ryzyka nadmiernego dopasowania. Konstrukcj¢ i walidacje
modelu oparto na podej$ciu zaproponowanym przez Fisher i in., (2019).

XGBoost (Extreme Gradient Boosting)

stanowi zaawansowang implementacj¢ metod ensemble opartych na drzewach
decyzyjnych, wykorzystujaca technike gradient boosting. W przeciwienstwie do lasow
losowych (RF), w ktorych poszczegolne drzewa generowane sg rownolegle i niezaleznie,

XGBoost konstruuje model o charakterze addytywnym. Kazde kolejne drzewo
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wprowadzane do struktury modelu minimalizuje resztkowe bledy poprzednich
estymatoréw, co prowadzi do sukcesywnej poprawy jakosci predykcji.

Po t iteracjach, predykcja dla obserwacji xi przyjmuje posta¢ (31):

90 = Shet filx) (31)
gdzie: fi(x) to funkcja przypisana do k-tego drzewa (32):

fie(X) = wgee,w ERT,q:R* > T (32)

gdzie: t - numer iteracji w procedurze uczenia, w - wektor wag przypisanych liSciom
drzewa, q - funkcja przypisujaca obserwacje¢ do konkretnego liscia, d - liczba cech
(zmiennych wejsciowych), T - liczba lisci w danym drzewie.

Na kazdym etapie algorytmu uczenia kolejne drzewo dopasowywane jest do wartosci reszt

(bledow predykeji) z poprzedniego kroku, zgodnie z rownaniem (33):

L(f) = L(f) + 2(f) (33)
gdzie L - funkcja straty, Q - sktadnik regularyzujacy.
W  zadaniach regresyjnych najczegsciej stosowang funkcjg L jest suma bledow
kwadratowych (34):

L(f) = Xi (yi = §)* (34)
gdzie yi to warto$¢ obserwowana zmiennej zaleznej, a yi to jej warto$¢ prognozowana.

Gradient Boosting, stanowigcy podstawe algorytmu XGBoost, wykorzystuje

iteracyjne uczenie stabych klasyfikatorow w celu sukcesywnej redukcji btedow predyke;ji.
Dzigki zastosowaniu mechanizméw regularyzacyjnych oraz zaawansowanej optymalizacji
obliczeniowej, XGBoost charakteryzuje si¢ wysokg doktadnoscia, dobrg skalowalnoscig i
zwiekszong odpornoscia na przeuczenie. Metoda ta okazuje si¢ szczegolnie efektywna w
analizie duzych i ztozonych zbioréw danych, w ktérych tradycyjne techniki statystyczne
bywaja niewystarczajace (Palmitessa i in., 2022).

MARS (Multivariate Adaptive Regression Splines)

to nieliniowa metoda regresji opracowana przez Jerome’a Friedmana w 1991 roku,
nalezaca do technik statystycznych i uczenia maszynowego. Podstawa jej dzialania jest
wykorzystanie funkcji bazowych typu splajn, dobieranych w sposéb adaptacyjny w trakcie
konstruowania modelu. W przeciwienstwie do klasycznej regresji liniowej, w ktorej
stosuje si¢ z gory ustalong posta¢ rownania, MARS konstruuje model z wykorzystaniem
funkcji przycinanych (hinge functions) tworzonych w punktach weztowych (knots). Dzieki

temu mozliwe jest uchwycenie zarowno nieliniowych zaleznosci, jak i interakcji pomi¢dzy
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zmiennymi objasniajgcymi. Metoda ta znajduje szerokie zastosowanie w roznych
dziedzinach, m.in. w prognozowaniu ekonomicznym i finansowym, modelowaniu
procesow $rodowiskowych 1 hydrologicznych, analizie ryzyka, inzynierii oraz w
medycynie 1 biostatystyce. Nalezy podkresli¢, ze MARS jest narzedziem statystycznym
stuzagcym do budowy elastycznych modeli regresyjnych. W prezentowanych badaniach
zastosowano ja do opisu maksymalnych przeptywdéw w kanatach zamykajacych wybrane

podzlewnie. Ogdlna posta¢ modelu wyrazona jest rtownaniem (35):

Qm = ao + Xj-1 h(x}, t)) (35)

gdzie: ao, 0j — empiryczne wspotczynniki estymowane metoda rekurencyjnego podziatu
przestrzeni cech (recursive partitioning of the feature space) wedlug Friedman 1 Rosen
(1995); T — liczba funkcji bazowych h (xi", "), przy zatozeniu liniowej funkcje bazowe

opisano réwnaniem (36):

h(x},t) =

{aj (o =) for xf > ¢] (36)

0forx; <t/
gdzie: tj* — warto$ci progowe dla T; x;*, Qm* — odpowiednio standaryzowane zmienne
niezalezne (dane opadowe, charakterystyki zlewni, sieci kanalizacyjnej, wymiar fraktalny,
parametry SWMM) i przeptyw maksymalny (Qm).

Wspoétczynniki «; interpretowano jako miary wrazliwosci modelu wzgledem
zmiennych niezaleznych, zgodnie z podejsciem SRC (Standard Regression Coefficient).
W przypadku dwoch wartosci progowych t1* < t2*, taczny wplyw zmiennej x;* w danym
przedziale jest rowny ai+a>. Do obliczen liczby weztow (T), warto$ci progowych (t*),
wspotczynnikow o) zastosowano program STATISTICA 10, automatycznie identyfikujac
istotne zmienne.

MARS iteracyjnie buduje model w dwoch etapach: ekspansji (dodawanie par funkcji
bazowych w miejscach najwigkszej poprawy dopasowania) i redukcji (wycinanie
zbednych funkcji metodg selekcji regresji wstecznej). Takie podejscie pozwala na
automatyczne wykrywanie istotnych zmiennych i interakcji mig¢dzy nimi bez koniecznosci

wstepnego definiowania ich postaci.

5. OBIEKT BADAN
5.1. Zlewnia miejska w Kielcach

Zlewnia miejska zlokalizowana w potudniowo-wschodniej czesci Kiele, bedacych

stolica wojewddztwa $Swietokrzyskiego (Polska), stanowita kluczowy obszar badan
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hydrodynamicznych, ktére zostaty wczesniej przeprowadzone 1 wykorzystane do walidacji
tworzonych modeli uczenia maszynowego (Kiczko i in., 2018). Obszar ten, o powierzchni
63 ha, obejmuje gesto zabudowane dzielnice mieszkalne, budynki uzytecznosci publiczne;j
oraz uktad drog gltéwnych i1 bocznych. Udziat powierzchni nieprzepuszczalnych wynosi
40%, natomiast gestos¢ drog, zgodnie z analizg GIS, osigga 108 m-ha™' (Walek, 2019).
Rzezba terenu wykazuje niewielkie roznice wysokosci — rdznica pomigdzy najwyzszym

(271,2 m n.p.m.) a najnizszym punktem (260,0 m n.p.m.) wynosi 11,2 m, co odpowiada

sredniemu spadkowi 0,71%. Lokalizacje badanego obszaru przedstawiono na rysunku 13.

-1 Legeno:
& ] DC-diversion chamber,

M MES] - Mlow meter,

OV - overflow,

51, 52 - outflow/overflow channel,

* 3 " ARE ; N
el ' 4 ;
> : = - e SEP - separator,
™/ D A. - e SETT - settling tank,
* — ] D 2 3 é 4 = | STP- stormwater treatment plant,
< Y 1 - main sewer,
; ‘ :,: 15 ‘-.L .Q'Q WM{{’" )*!p;— if‘ I = ] 2-subchatment boundary,
- & “ " )- % i - B T Pl J "] 3-catchment boundary,
% "’f_'*ij- o, g & g l_ {! o A e ] 4 = subscatchemnt boundary closing section
s o el st Al

Rysunek 13 Zlewnia miejska w Kielcach (Szelgg i in., 2024)

Badana sie¢ kanalizacji deszczowej obejmuje 82 wezly 1 72 przewody o 13cznej
dhugosci 5583 m (@ 300 — 1250 mm). Gléwny kolektor (1569 m, @ 600 — 1250 mm)
odprowadza wody opadowe do komory rozdzielczej (DC), skad trafiaja one do uktadu
oczyszczania (osadnik + separator) lub — w przypadku przepekienia (OV) — do kanatu
burzowego (S2) i dalej do rzeki Silnicy (Szelag i in., 2023). Na odcinku 3,0 m przed wlotem
glownego kolektora do komory DC zarejestrowany jest przeplywomierz MESI,
rejestrujacy przeplyw wody z rozdzielczoscia 1 minuty. Analiza danych pomiarowych z
lat 2010 — 2020 wykazala obecnos¢ przeplywow w zakresie 1 — 9 dm?3/s w okresach
suchych, co wskazuje na infiltracje (Szelag et al., 2022a). Dane opadowe pozyskiwano ze
stacji meteorologicznej zlokalizowanej 2,5 km od granicy zlewni, prowadzacej pomiary z
I-minutowg rozdzielczoscig od 2008 roku.

Na podstawie zgromadzonych danych opracowano 1 skalibrowano model
hydrodynamiczny zlewni. Ocena dopasowania wykazata wysoka zgodno$¢ z pomiarami:

NSE (Nash-Sutcliffe Efficiency) = 0,85 — 0,98; R? (Coefficient of Determination) = 0,92
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—0,96; MAE (Mean Absolute Error) = 0,021 — 0,034; RMSE (Root Mean Square Error)
=0,038 — 0,053 (Szelag et al., 2022a).

W ramach analiz przestrzennych i modelowych zlewni¢ podzielono na pi¢¢ i siedem
podzlewni (J, K, L, N, M, R, S), kierujac si¢ przebiegiem kolektora gidéwnego oraz
zroznicowaniem morfologii terenu, topologii sieci kanalizacyjnej i struktury uzytkowania
przestrzeni, co omowiono w publikacji Szelag i in. (2022). Podzial oparto na danych
przestrzennych (Fraga i in., 2016; Palmitessa i in., 2022) oraz uproszczonym podejéciu
modelowym wykorzystujagcym HEC-HMS, w ktorym kluczowym kryterium byta struktura
zagospodarowania terenu. Dla kazdej z podzlewni okreslono zestaw charakterystyk
(Tabela 2), takich jak: powierzchnia zlewni, udzial powierzchni nieprzepuszczalnych,
objetos¢ kolektora, dlugo$¢ kolektora na jednostke powierzchni nieprzepuszczalnej,
roznica rzednych przewodu kanalizacyjnego, objetos¢ przewodu przed zamknigciem
zlewni, r6znica wysokosci w zlewni, spadek dna kanatu, gtebokos$¢ studzienki rewizyjnej,
retencja zlewni, objetos¢ sieci kanalizacyjnej w dolnym biegu, wspotczynnik retencji oraz
wymiar fraktalny.

Tabela 2 Charakterystyki wydzielonych podzlewni
Nr F Im Vk Gk Rt. VK | Jkp | Imp Gkd | Vrd-Vkd | FD

p p d !
ha - m’ m-ha! | m m? - - m-ha! - -

J 12.66 | 0.4 157 0.007 | 1.74 1 332 | 0.003 @ 0.40 | 0.0072 0.84 0.94
2 9 6

K | 1892 | 04 | 360.4 | 0.008 | 1.69 | 28.4 | 0.005 | 0.40 | 0.0063 0.79 1.01
3 4 5

L | 2715 04 @ 5574 | 0.007 | 2.74 | 29.6 | 0.005 | 0.42 | 0.0053 0.69 1.05
1 4 8

N | 36.78 | 04 | 712.2 | 0.008 | 4.49 | 48.7 | 0.006 | 0.44 | 0.004 0.52 1.08
0 1 1
P | 4542 | 03 | 9819 | 0.008 | 5.64 | 16.1 | 0.010 | 0.46 | 0.0027 0.39 1.10

5 2 2
R | 4831 04 9819 | 0.008 564 16.1 0.010 047 0.0023 0.32 1.11
2 8 2
S | 5541 | 04 | 1240. | 0.009 | 847  67.5 0.007 = 0.55 | 0.0011 0.17 1.14
4 2 2 8
5.2. Dane opadowe i warunki klimatyczne dla Polski

Polska, jako obszar badan, potozona jest w Europie Srodkowej (49°00’ — 54°50' N,
14°07" — 24°09'E) 1 charakteryzuje si¢ klimatem umiarkowanym cieptym o cechach
przejsciowych, wynikajacych z oddzialywania zarowno wplywoéw oceanicznych z
zachodu, jak i kontynentalnych ze wschodu. Srednia roczna suma opadéw w latach 1981
— 2010 wynosi okoto 600 mm, przy znacznym zroéznicowaniu regionalnym — od okoto
520 mm w centralnej czg$ci kraju do ponad 1000 mm na obszarach gorskich. Najwieksze
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natezenie opadow przypada na miesigce letnie, szczegdlnie lipiec, natomiast przerwy
bezopadowe trwaja przeci¢tnie od 5 do 9 dni.

To zréznicowanie przestrzenne stanowilo podstawe do analizy wptywu lokalnych
warunkow klimatycznych na intensywnos$¢ 1 strukture opadow (Kupczyk 1 Suligowski,
2000; Szelag i in., 2022). Badania realizowano w dwéch komplementarnych podej$ciach:
(1) z wykorzystaniem danych pochodzacych z 32 stacji meteorologicznych IMGW, oraz
(2) na podstawie danych z 29 stacji meteorologicznych IMGW.

W obu przypadkach dobor punktow pomiarowych zostal przeprowadzony tak, aby
reprezentowaé sze$S¢ gtownych mezoregiondéw fizyczno-geograficznych  Polski:
nadmorskie niziny, pojezierza, niziny srodkowopolskie, wyzyny, kotliny podgodrskie oraz

obszary gorskie (Rysunek 14).

Gorzéw Wikp.
P bl]}hham

JZielona Géra

GERMANY

CZECHIA

75 0 75 150 km UKRAINE

| I | |
b . 1 ] 4EE5H6

SLOVAKIA

Rysunek 14 Lokalizacja stacji opadowych na tle giownych mezoregionow fizyczno- geograficznych
Polski (1 — pobrzeza Battyku, 2 — pojezierza, 3 — niziny srodkowopolskie, 4 — wyzyny, 5 — kotliny
podgorskie, 6 — gory)

Podejscie (1) oparto na danych z 32 stacji IMGW-PIB, koncentrujac si¢ na opadach
konwekcyjnych — krotkotrwatych, intensywnych i lokalnych zjawiskach istotnych w
modelowaniu odptywu w malych zlewniach miejskich. Ponad 65% takich epizodow trwato
ponizej 30 minut, a ich najwigksza czesto$¢ wystepowata w rejonach gorskich i

nadmorskich. Do ich odwzorowania opracowano krzywe P(t:) na podstawie wielomianow
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drugiego stopnia, uwzgledniajgce regionalne zré6znicowanie intensywnosci i czasu trwania
opadow (Kupczyk i Suligowski, 2000; Szelag i in., 2022).

Podejscie (2) bazowalo na danych z 29 stacji z lat 1961 — 2005, gdzie niezalezne
zdarzenia opadowe identyfikowano zgodnie z wytycznymi DWA-A 118 (2006),
przyjmujac minimalng przerwe 4 godziny i prég opadowy 5 mm (Fu i Butler, 2014).
Analiza umozliwila okreslenie zmienno$ci czasowej opadow, czgstosci intensywnych
epizodow (11 — 15 rocznie) oraz dlugosci okresow bezdeszczowych (5 — 9 dni).
Dodatkowo, na podstawie pomiarow z lat 2010 — 2019 wyodrgbniono 202 zdarzenia o
intensywnosci 2,5 — 41,2 mm, czasie trwania 15 — 150 minut i przerwach siggajacych 1200
godzin (Jato-Espino i in., 2018).

Oba podejscia — oparte na réznej liczbie stacji 1 odmiennych procedurach
analitycznych — pozwolity na kompleksowg charakterystyke warunkow opadowych w
Polsce w ujeciu przestrzennym (mezoregiony) 1 czasowym (wielolecia, okresy

bezopadowe).

6. WYNIKI BADAN

6.1. Development of a computational tool for stormwater management
in small urban catchments (A1)

W ramach przeprowadzonych analiz opracowano i przetestowano autorskie
narzedzie obliczeniowe wspomagajace projektowanie systemow gospodarowania wodami
opadowymi w malych zlewniach miejskich. Aplikacja zostala wykorzystana do
wymiarowania ogrodow deszczowych w zréznicowanych warunkach geograficznych na
obszarze Polski. Do glownych zalet opracowanego rozwigzania, w poréwnaniu z
dostegpnymi narzedziami, nalezy m.in.: ograniczona liczba wymaganych danych
wejsciowych, mozliwos¢ szybkiej analizy oraz projektowania obiektow zielonej
infrastruktury z uwzglednieniem lokalnych uwarunkowan hydrologicznych i
topograficznych, implementacja zaawansowanych modeli opartych na réwnaniu fali
kinematycznej 1 bilansie wodnym, intuicyjny interfejs umozliwiajacy konfiguracje,
wizualizacj¢ oraz eksport wynikéw, a takze mozliwo$¢ przeprowadzania symulacji dla
r6znych scenariuszy opadowych. Narzedzie umozliwia ponadto obliczenia przelewu w
przypadku przekroczenia pojemno$ci retencyjnej oraz analize¢ odptywu ze zloza z
uwzglednieniem mozliwosci jego regulacji.

W celu oceny efektywnosci 1 uzyteczno$ci opracowanego rozwigzania dokonano

poréwnania z wybranymi, powszechnie stosowanymi modelami ogrodéw deszczowych:
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SWMM (Storm Water Management Model), MIKE URBAN (MIKE URBAN Water
Modeling System), HYDRUS-1D (HYDRUS One-Dimensional Model) oraz MUSIC

(Model for Urban Stormwater Improvement Conceptualisation). Tabela 3 przedstawia

zakres zastosowan, wymagania dotyczace danych wejsciowych, a takze =zalety 1

ograniczenia kazdego z narzedzi. Przeprowadzona analiza wykazata, ze model autorski

stanowi optymalny kompromis pomig¢dzy prostota obstugi a wiarygodno$ciag wynikow, co

czyni go szczegblnie przydatnym w warunkach ograniczonego dostepu do danych oraz

koniecznos$ci szybkiej analizy projektowe;.

Tabela 3 Porownanie wybranych modeli ogrodow deszczowych

Model/ | Powierzchnia | Gleboko$é Kluczowe Zalety Ograniczenia
Narzedzie = zlewni [ha] [m] parametry
SWMM 0.3-2.0 0.6-1.0 opady (IDF), integracja z wysokie
CN, LID, siecig wymagania
przepuszczalno$ | kanalizacyjn | danych, ztozona
¢ gruntu, czas 3, wysoka kalibracja
koncentracji doktadnos¢
MIKE 0.5-2.0 0.6-1.2 opady, retencja, | integracja wysoka
URBAN spadek, GIS, wysoka | ztozonos¢,
pokrycie terenu, | rozdzielczos¢ | potrzeba
odplyw przestrzenna | dokladnych
danych
topograficznych
HYDRUS | 0.1-0.8 05-1.0 porowatosé, doktadna model 1D, brak
-1D przewodnosc, reprezentacja | reprezentacji
struktura infiltracji i odpltywu
warstw, magazynowa | powierzchnioweg
wlasciwosci nia o i kanalizacji
fizykochemiczn
e
MUSIC 0.1-1.0 0.3-09 czas opdznienia, | intuicyjny uproszczony
odptyw, interfejs, schemat
objetose szybka infiltracji, brak
retencji, typ analiza dynamiki systemu
opadu, scenariuszy
konfiguracja
warstw
MODEL | ok. 1.0 0.5-0.8 opad, infiltracja, | niewielka uproszczona
autorski wymiary liczba hydraulika, brak
geometryczne, zmiennych integracji z
Qmax, Vinax, QOR Wej éCiOW}’Ch, kanalizach
szybka
analiza

W celu oceny uzyteczno$ci opracowanej aplikacji przeprowadzono obliczenia

symulacyjne dla

wybrane;j

miejskiej

zlewni

miejskiej,

charakteryzujacej si¢

zroznicowanym zagospodarowaniem terenu oraz ograniczong mozliwoscig retencji
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powierzchniowej. Dane opadowe wykorzystane w analizie zostaly wyznaczone na
podstawie parametrow intensywnosci opadu dla réznych czaséw trwania, opracowanych
na podstawie statystycznej analizy serii danych historycznych pochodzacych z 32 miast w
Polsce.

Zestawienie umozliwilo identyfikacj¢ charakterystycznych wzorcow opadowych
oraz ich przestrzennego zrdéznicowania, co pozwolito na realistyczne odwzorowanie
lokalnych warunkéw klimatycznych w modelu. Szczeg6lng uwage pos§wigcono analizie
zaleznos$ci miedzy czasem trwania opadu a pojemnoscia infiltracyjng — wykazano silng

korelacje tych parametrow (Rysunek 15).

100 ——ELBLAG —— GDANSK —— KOLOBRZEG
——LEBORK ——SZCZECIN ——GNIEZNO
—— GORZOW WLK. —— PLOCK —— POZNAN
—— SUWALKI ——— SZCZECINEK ——TORUN

——ZIELONA GORA —— BIALYSTOK ——— CHEtM LUBELSKI
80 —— JARCZEW ——LEGNICA ——LESZNO
——1+0DZ ——OPOLE ——— OSTROLEKA
——TERESPOL —— WARSZAWA —— WIELUN
—— WROCtAW —— CZESTOCHOWA ——KIELCE
60 ——— JELENIA GORA ——— NOWY SACZ ——— RZESZOW
— WIStA —— ZAKOPANE mesoregion 1

mesoregion 2

mesoregion 3
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mesoregion 6
40
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Rysunek 15 Wplyw czasu trwania opadu na zdolnos¢ infiltracyjng

Najwyzsze wartosci retencji (do 86 m?) zarejestrowano w Nowym Saczu podczas
kroétkiego, intensywnego opadu konwekcyjnego, podczas gdy dluzsze opady znaczaco
ograniczaty zdolnosci infiltracyjne (np. do 2 m® przy 130 minutach opadu). Mezoregion 6
(m.in. Nowy Sacz, Zakopane) charakteryzowal si¢ najwigkszym zrdéznicowaniem
wynikéw, potwierdzajac  znaczenie warunkow  gorskich. Podobne tendencje
zaobserwowano w mezoregionach 11 3.

Roéwnolegle przeprowadzono analiz¢ intensywnosci opadow (Rysunek 16), ktora

wykazata istotne zréznicowanie mi¢dzy miastami.
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Rysunek 16 Reprezentatywna intensywnos¢ opadu

Najwyzsze wartosci intensywnos$ci opadu zanotowano od maksymalnych 59,3
mm/min (Nowy S3cz) po minimalne 26,3 mm/min (Zakopane). Porownanie z wynikami
Szelaga 1 in. (2022) potwierdzitlo, ze miasta charakteryzujagce si¢ najwicksza
intensywnos$cig opadow wykazuja réwniez najwyzsza podatno$¢ na odplyw, co znajduje
odzwierciedlenie w warto§ciach wskaznika wrazliwosci (ps > 0,5) 1 wigze si¢ z
podwyzszonym ryzykiem wystepowania lokalnych podtopien. Wskazuje to na
konieczno$¢ regionalnego podejscia do planowania systemow odwodnienia. Zagadnienie
poruszane rowniez w literaturze zagranicznej (De Martino i in., 2010; De Paola i in., 2012).

Dodatkowa analiza funkcjonowania rowow infiltracyjnych (dtugo$¢ 3,0 m) ujawnita
najwicksze wartosci retencji w Nowym Saczu, Chelmie Lubelskim, Jarczewie i Rzeszowie

(Rysunek 17), natomiast najnizsze — w Zakopanem i Kolobrzegu.
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Rysunek 17 Pojemnos¢ ztoza infiltracyjnego

Uzyskane wyniki podkreslaja istotne znaczenie lokalnych danych opadowych i
uwarunkowan fizyczno-geograficznych w projektowaniu systeméw odwodnienia.
Najwicksze zdolno$ci retencyjne odnotowano w mezoregionie 6, a najnizsze — w
mezoregionie 1, gdzie wysoki stopien uszczelnienia sprzyja intensyfikacji odptywu.

Zgodnie z obserwacjami Szelag i in. (2022), wyniki te potwierdzaja koniecznos¢
regionalnego podejscia do projektowania systemow odwodnienia.

6.2. The impact of physical-geographical conditions on the sizing of rain
gardens: A spatial case of Poland (A2)

W projektowaniu ogrodow deszczowych oraz systemoéw infiltracyjnych w Polsce
wcigz zbyt rzadko uwzglednia si¢ regionalne zrdéznicowanie warunkéw fizyczno-
geograficznych, mimo ze czynniki takie jak przepuszczalno$¢ podtoza, intensywnosé
opadow, uksztattowanie terenu czy stopien uszczelnienia powierzchni znaczaco wptywaja
na efektywnos$¢ retencji i odpltywu wod opadowych. Nieuwzglednianie tych uwarunkowan
moze prowadzi¢ do niedoszacowania lub przeszacowania wymiaréw projektowanych

obiektéw, co w konsekwencji obniza skuteczno$¢ funkcjonowania systemoéw odwodnienia.
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W celu zilustrowania wptywu urbanizacji na bilans wodny zlewni, na rysunku 18
przedstawiono poréwnanie udziatu podstawowych sktadowych bilansu hydrologicznego
dla obszaréw o zrdznicowanym stopniu uszczelnienia — od naturalnych ekosystemow po
tereny silnie zurbanizowane. Zestawienie to wyraznie ukazuje wzrost udziatlu odptywu

powierzchniowego przy jednoczesnym spadku infiltracji i ewapotranspiracji.

a) b) c)

Splyw v
powierzehniowy (

Spi R S y |

Ewapotianspiraga Ewepolranspraca Ewapotranspiragia
pawierzchniowy H

pawierzenniowy 4

‘ i * ' Inﬁl:aq: :

Infifraca v
Infiltracia v"

Rysunek 18 Porownanie bilansu wodnego w zlewniach: a) naturalnej, b) czesciowo zurbanizowanej,
¢) silnie zurbanizowanej

W niniejszej pracy przyjeto podejsScie integrujagce modelowanie hydrauliczne z
analizg statystyczng i przestrzenng, pozwalajace na identyfikacj¢ wptywu lokalnych
uwarunkowan na projektowanie rowow infiltracyjnych. Do wymiarowania ogrodow
deszczowych zastosowano omowiong w publikacji (zatagcznik Al), autorskg aplikacje
obliczeniowa. W ramach obliczen uwzgledniono trzy warianty uszczelnienia zlewni: niski,
$redni 1 wysoki, odzwierciedlajgce scenariusze urbanizacji oraz prognozowane zmiany
klimatyczne, w tym wzrost intensywnosci opadoéw nawalnych. Dla kazdego wariantu
okreslono objetos¢ ztoza infiltracyjnego oraz zaprojektowano urzadzenia regulujace
odplyw, zapewniajace minimalny poziom wody niezbedny do podtrzymania wegetacji
ro$linnosci 1 zapobiegajace jego wysychaniu.

W konteks$cie poszukiwania regionalnych wytycznych do projektowania ogrodow
deszczowych z uwzglednieniem danych meteorologicznych oraz fizyczno-geograficznych
zastosowano analiz¢ klastréw metoda k-$rednich. Na tej podstawie wyodrebniono dwa
klastry zlewni: CL1, obejmujacy potudniowo-wschodnig Polske, oraz CL2 — zachodnig
cze$¢ kraju. Klastery te roéznity si¢ m.in. rocznymi sumami opadow oraz zmiennos$cia

parametrow hydraulicznych. Dodatkowo przeprowadzona analiza korelacji wykazata
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istotne zwigzki pomig¢dzy potozeniem geograficznym a parametrami retencji — w
szczegolnosci miedzy dtugoscia geograficzng a objetoscia retencji V(40) (r = 0,524) oraz
odptywem Q(40) (r = 0,599). Zaobserwowano rowniez bardzo wysokie korelacje
pomiedzy parametrami hydraulicznymi w réznych scenariuszach opadowych V(40)-
V(100), (r = 0,961), co potwierdza mozliwos¢ szacowania wymiaroOw obiektow

retencyjnych na podstawie lokalizacji oraz danych klimatycznych.
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Rysunek 19 Macierz korelacji Pearsona pomigdzy parametrami geograficznymi, fizycznymi i
hydraulicznymi

Analiza objetosci zloza infiltracyjnego (Rysunek 20) wykazata systematyczny

wzrost wymaganej pojemnosci rowow infiltracyjnych w miar¢ zwigkszania si¢ stopnia

uszczelnienia we wszystkich szesciu analizowanych mezoregionach.
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Rysunek 20 Objetos¢ ztoza infiltracyjnego z uwzglednieniem roznych stopni uszczelnienia zlewni
miejskiej — (a) niski, (b) sredni oraz (c) wysoki

W scenariuszu niskiego uszczelnienia wartosci wynosity 28,7 — 52,6 m?, sredniego —

77,4 — 145,4 m?, a wysokiego — 187,1 — 352,8 m>®. Najwigksze objetosci odnotowano w

Mikotajkach (352,8 m?, mezoregion 2), a najmniejsze w Elblagu (187,1 m?, mezoregion

1). W mezoregionach 1, 2, 3 1 5 objetosci przekraczaty 275 m?, natomiast w 4 1 6 miescity

sie w zakresie 225 — 275 m?. Najwigkszy przyrost objetosci wystapit w Terespolu (7,7%,
mezoregion 3), a najmniejszy w Zielonej Gorze (5,4%, mezoregion 5).

W pracy oceniono wptyw stopnia uszczelnienia powierzchni na wielko$¢ odptywu w

Polsce, uwzgledniajagc zréznicowane warunki fizyczno-geograficzne mezoregionow

(Rysunek 21a—c).
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Rysunek 21 Wielkos¢ regulowanego odplywu ze ztoza infiltracyjnego z uwzglednieniem uszczelnienia

zlewni miejskiej: a) mate, b) srednie, c) najwigksze
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Wyniki analizy odptywu (Rysunek 21) potwierdzity, ze zwickszenie uszczelnienia
powierzchni prowadzi do systematycznego wzrostu odptywu — od 30 — 40 m*/d przy
uszczelnieniu niskim, przez 55 — 70 m*/d przy $rednim, do 130 — 160 m?/d przy wysokim.
Najwigksze wartosci odptywu stwierdzono w mezoregionach gorskich (6), wyzynnych (4)
1 pojeziernych (2), z wyraznym wyrdznieniem miast takich jak Bielsko-Biata, Katowice 1
Mikotajki. W Mikotajkach odnotowano wysokie wartosci odptywu niezaleznie od
poziomu uszczelnienia — 56,2; 107,5; 260,8 m?/d.

Na tle powszechnie stosowanych narzedzi (SWMM, MIKE URBAN, HYDRUS-1D,
MUSIC), opracowana aplikacja wyrdéznia si¢ niskimi wymaganiami wejSciowymi,
uniwersalno$cia 1 mozliwoscia dostosowania do lokalnych warunkéw fizyczno-
geograficznych. Jej glownag zaleta jest mozliwo$¢ symulacji réznych scenariuszy
uszczelnienia 1 intensywno$ci opaddéw, co pozwala na szybkie i trafne dopasowanie
rozwigzan projektowych i modernizacyjnych do specyfiki danej zlewni miejskie;.

W skali kraju, narzedzie to moze stanowi¢ podstawe do opracowywania
regionalnych wytycznych projektowych do wymiarowania ogrodéw deszczowych,
uwzgledniajacych rzeczywiste uwarunkowania fizyczno-geograficzne i1 klimatyczne.
Przyjete podejscie wpisuje si¢ w aktualne krajowe 1 miedzynarodowe trendy w zakresie
zrbwnowazonego zarzadzania wodami opadowymi, adaptacji infrastruktury do zmian
klimatu oraz wdrazania rozwigzan opartych na przyrodzie. Dzigki wysokiej trafnos$ci
prognoz 1 tatwe] implementacji, aplikacja moze znaczaco zwigkszy¢ efektywnosc
planowania przestrzennego oraz odporno$¢ miast na ekstremalne zjawiska pogodowe.

6.3. Extended evaluation of the impact of rainfall, sewer network and

land use retention on drainage system performance in a multi-
criteria approach — Modeling, sensitivity analysis (A3)

W niniejszym opracowaniu przeanalizowano mozliwo$¢ zastosowania regresji
logistycznej (logit) jako alternatywnego, uproszczonego narzedzia predykcyjnego
wzgledem klasycznego modelu deterministycznego SWMM w analizie przecigzen
hydraulicznych systemow kanalizacji deszczowej. Wyniki przeprowadzonych analiz
potwierdzity wysoka skuteczno$¢ modeli logitowych, czego dowodza wartosci wskaznika
AUC (Area Under the Curve): 0,987 dla jednostkowej objetosci wylania (A1) oraz 0,996
dla stopnia wylania (A2), przy jednoczesnym utrzymaniu wysokiej czutosci i swoistosci
(odpowiednio powyzej 94% 1 93%) we wszystkich zestawach danych (uczacym,
testujgcym 1 walidacyjnym). Wykazano mozliwos$¢ prognozowania prawdopodobienstwa

wystgpienia wylania w sieci kanalizacyjnej na podstawie wybranych charakterystyk
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opadowych oraz parametrow kalibracyjnych modelu SWMM. W poréwnaniu z podej$ciem
deterministycznym, proponowana metoda pozwala na znaczace ograniczenie wymagan
dotyczacych danych wejsciowych — w szczegdlnosci danych wysokosciowych, takich jak
rzedne studni rewizyjnych oraz spadki kanatow — co istotnie upraszcza proces
modelowania przecigzen hydraulicznych.

W badaniu przeprowadzono ocen¢ wplywu zmienno$ci czasu trwania opadéw na
wrazliwo$¢ modelu SWMM  wzgledem siedmiu kluczowych parametrow: o
(wspotczynnika szerokosci $ciezki sptywu), B (wspotczynnika korekcyjnego udziatu
powierzchni nieprzepuszczalnych), vy (wspotczynnika korekcyjnego nachylenia
powierzchni zlewni), Dimp (gltgbokosci retencji dla powierzchni nieprzepuszczalnych), Dper
(glebokosci retencji dla powierzchni przepuszczalnych), nimp (Wspdtczynnika szorstkosci
Manninga dla powierzchni nieprzepuszczalnych) oraz nsew (Wspotczynnika szorstkosci
hydraulicznej kanatow kanalizacyjnych). Analiza miata na celu okreslenie, ktére z tych
parametrow w najwiekszym stopniu wpltywaja na prognozowanie dwodch kryteriow
hydraulicznego przecigzenia systemu kanalizacyjnego: jednostkowej objetosci wylania
(M) oraz stopnia wylania (A2), zdefiniowanych odpowiednio jako 13 m3-ha™ i1 0,32
(Sinekamp i1 Pinekamp, 2011).

Jako alternatywne podejscie do klasycznego modelowania w srodowisku SWMM,
zastosowano regresje logistyczng (logit), umozliwiajaca uproszczong, lecz ilo§ciowa ocene
wplywu poszczeg6dlnych parametrow na prawdopodobienstwo wystgpienia wylania. Takie
podejscie pozwala na istotng redukcje zapotrzebowania na dane wejsciowe w porownaniu
do peloskalowych modeli deterministycznych, a jednocze$nie dostarcza uzytecznych
informacji prognostycznych na potrzeby analizy przypadku (case study).

Zakres analiz obejmowat epizody opadowe o czasie trwania od 15 do 135 minut,
typowe dla srodowisk silnie zurbanizowanych. Wyniki wykazaty, ze czas trwania opadu
(t) ma istotny wplyw na warto$ci wspolczynnikow wrazliwosci Sxi, szczegodlnie dla
parametrow f3, ., ¥, Nimp, Dimp 0raz nsew. Wraz ze wzrostem t, zauwazono wyrazny wzrost
wartos$ci Sxi, co wskazuje na rosngcg istotnos¢ doktadnej kalibracji tych parametrow przy
dhuzszych opadach. Przyktadowo, warto$¢ SB (A1) wzrosta z 0,10 przy t. = 30 min do 2,24
przy t: = 75 min, natomiast S5(42) z 0,01 do 9,71.

Na podstawie przeprowadzonej analizy mozna stwierdzi¢, ze parametr [ —
odpowiadajacy za ksztatt krzywej odptywu — odgrywa kluczowa role w procesie kalibracji
modelu do prognozowania wystapienia wylania, zwtaszcza przy zdarzeniach o wigkszym
czasie trwania. Wyniki przedstawiono na rysunku 22.
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Rysunek 22 Wphyw czasu trwania opadu (t,) i okresu (C) na wspotczynnik czutosci. a) S(A1)xi, b)
S(A2)xi dla wartosci parametrow modelu SWMM (xi: o, B, y, Nimp, Dimp, Dper, Bsew)

Stwierdzono réwniez, ze wzrost intensywnosci opadu powoduje obnizenie wartosci
wspotczynnikow  wrazliwosci, co wskazuje na ostabienie wplywu parametrow
modelowych na wyniki symulacji w warunkach silnych, krétkotrwatych deszczow.
Wskazuje to na konieczno$¢ uwzglednienia charakterystyki opadéw przy kalibracji 1

stosowaniu modeli predykcyjnych, szczeg6lnie w warunkach miejskich.
W celu dalszego pogtebienia analizy zastosowano wspoétczynnik x = to / tu,

wyrazajacy stosunek czasu opadu prowadzacego do przekroczenia warto$ci A> wzgledem
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czasu opadu prowadzacego do przekroczenia Ai. Analize przeprowadzono dla czterech

parametréw: B, Nsew, Nimp 0raz Dimp. Wyniki zestawiono na rysunku 23.
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Rysunek 23 Wplyw zidentyfikowanych parametrow SWMM: a) B, b) Hsew, ) Himp oraz d) Dimpy na
wartos¢ k dla C =5

Zaobserwowano, ze wzrost wartosci B oraz nsew prowadzi do spadku wartosci k, co
oznacza, ze krotszy opad jest wystarczajacy do przekroczenia progu A.. Natomiast wzrost
nimp 1 Dimp skutkowat zwickszeniem k, co wskazuje na wyzsza odporno$¢ uktadu
kanalizacyjnego na kroétkie epizody opadowe.

Dodatkowo wykazano, ze opady o wigkszej intensywnosci czesciej prowadza do
przekroczenia progu A1 niz A2. Sugeruje to, ze system kanalizacji deszczowej jest bardziej
podatny na przecigzenia objetoSciowe niz na pelne zalania, co nalezy uwzgledni¢ w
projektowaniu oraz modernizacji sieci.

Stwierdzono, ze jednostkowa objetos¢ wylania A1 jest skutecznym wskaznikiem
diagnostycznym dla oceny przecigzen hydraulicznych. Wtiasciwosci retencyjne
powierzchni oraz charakterystyka opadu w bezposredni sposob determinuja ryzyko

wystapienia przecigzenia. Zastosowana metoda, integrujaca analiz¢ wrazliwo$ci z
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podejéciem operacyjnym, pozwala na szybka identyfikacj¢ parametrow krytycznych i
lokalizacji o podwyzszonym ryzyku bez konieczno$ci wykonywania petnych symulacji
hydraulicznych.

W S$wietle uzyskanych wynikow dalsze dziatania badawcze powinny by¢
ukierunkowane na opracowanie uniwersalnego narzedzia do identyfikacji wylania
sciekow w malej niechomogenicznej zlewni oraz na redukcji niepewno$ci danych
wejsciowych do modelu poprzez ich optymalny dobor na etapie kalibracji.

6.4. Integrated model for the fast assessment of flood volume:
Modelling — management, uncertainty and sensitivity analysis (A4)

Bazujac na wynikach uzyskanych w etapie A3, opracowano uniwersalny, skalowalny
model wspierajacy kalibracj¢ modeli mechanistycznych oraz prognozowanie wylania
sciekéw. W odpowiedzi na rosngce zapotrzebowanie na narzedzia umozliwiajace oceng
funkcjonowania systemow kanalizacyjnych przy ograniczonej dostgpnosci danych oraz w
warunkach narastajacej ztozonosci przestrzennej uktadéw sieciowych, zaproponowano
model oparty na analizie logistyczno-regresyjnej. Model ten integruje informacje o
strukturze przestrzennej zlewni (w tym wymiar fraktalny, FD), parametrach retencyjnych
(Vrd/Vkd) oraz charakterystyce opadow (czas trwania t., glebokos¢ Piy) w celu
prognozowania prawdopodobienstwa przekroczenia progu objetosci  odplywu
jednostkowego z danego epizodu opadowego (k > 13 m?/ha).

Wyniki analizy wrazliwosci, przedstawione na rysunku 24, wskazuja, ze zar6wno
czas trwania opadu (t), jak 1 wybrane parametry strukturalne zlewni — wymiar fraktalny
(FD) oraz stosunek objetosci retencyjnej do catkowitej (Vrd/Vkd) — istotnie wpltywaja na
czuto$¢ modelu wzglegdem wspotczynnikow B i nimp. Wydtuzenie tr powodowato wzrost
znaczenia parametrow opisujacych retencje oraz wiasciwosci hydrauliczne powierzchni
wskazujac na silng zalezno$¢ odpowiedzi modelu od cech epizodu opadowego (Rysunek

24c, 24d).

50



| ERE:] | B
<16 -0
M<i2 | EE 8
= Hm--02
B <0s <03
- <04
<05
<08
%
d)
0? -
0
ad <0
p BN <03
0 Cd<-05
4 B<07
P o o B <09
= 5 <11
2 N. s
|
-1‘Jll
\"_“:\"L b~
- b -]
,_cb\“ g
-\.‘-P' ~ . .,S-"\
> N 2§
n&:ﬁv s 4
o o @

Rysunek 24 Wphyw wspotczynnika retencji (Vid -Vkd ™) oraz wymiaru fraktalnego (FD) na: a) Sp, b)

Stimp. Wpbyw czasu trwania opadu (t.) oraz wymiaru fraktalnego (FD) na: c) Sp, d) Shimp

W dalszej kolejnosci istotny wptyw na wyniki analizy wrazliwosci GSA (Global
Sensitivity Analysis) miaty parametry strukturalne zlewni. Zaré6wno stosunek objetosci
retencyjnej do catkowitej (Vrd/Vkd), jak i wymiar fraktalny (FD) wywieraly wyrazny
wplyw na czuto$¢ modelu wzgledem tych parametréw. Wzrost FD w zakresie od 0,94 do
1,14 powodowat systematyczny wzrost warto$ci wspotczynnikodw wrazliwosci S 1 Snimp,
niezaleznie od dtugosci trwania opadu (Rysunek 24a, 24b). Obserwacja ta sugeruje, ze
bardziej rozgalezione i topologicznie ztozone sieci kanalizacyjne sg bardziej podatne na
zmiany warunkéw powierzchniowych.

Zaobserwowane korelacje sa spojne z wynikami uzyskanymi w modelu SWMM, w
ktérym wspotezynniki B 1 nimp wykazywaty dominujacy wptyw na maksymalne przeptywy
oraz objeto$¢ odplywu. Ich znaczenie rosto zarowno wraz z wydtuzeniem czasu trwania
opadu, jak i ze wzrostem wartosci FD (Fatone 1 in., 2021). Powyzsze wyniki jednoznacznie
potwierdzaja konieczno$¢ uwzgledniania struktury przestrzennej sieci kanalizacyjnej — w

tym topologii opisanej za pomoca FD — w procesach modelowania, kalibracji oraz
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planowania modernizacji systemow odwodnienia miejskiego (Cristiano 1 in., 2019; Ichiba
iin., 2018; Teweldebrhan i in., 2020).

Zintegrowany model umozliwia rowniez kalibracje wybranych parametrow modelu
SWMM. W tym celu zastosowano symulator Random Forest, zbudowany na podstawie
danych z dwoch epizodow opadowych (24.07.2011 1 15.09.2010), ktére obejmowaty
jednoczesne pomiary przeptywu (MESI1) oraz opadu (stacja zlokalizowana w promieniu
2,5 km, rozdzielczo$¢ czasowa: 1 minuta). Wiarygodnos$¢ symulacji oceniano na podstawie
funkcji L(Q/0), wyznaczonej metoda GLUE, przyjmujac warto$¢ referencyjng L(Q/0) =
0,007.

W konfiguracji nsew — dimp — B, W ktorej parametry ngew 1 dimp byly stale, a wartos$¢ 3
byla obliczana, kluczowy wpltyw na warto$§¢ f wykazywat parametr dimp, podczas gdy
wplyw nsew byt marginalny. Natomiast w wariancie, w ktorym zaréwno dimp, jak 1 B byty
zmienne, zaobserwowano silng interakcje pomigdzy tymi parametrami — zmiany jednego
z nich przekladaty si¢ bezposrednio na warto$¢ nsew. Wskazuje to, ze w warunkach
ograniczonej dostgpnosci danych konieczne jest uwzglednianie wzajemnych zalezno$ci
miedzy parametrami retencyjnymi i hydraulicznymi.

Rysunek 25 przedstawia zalezno$ci miedzy parametrami modelu SWMM, ukazujac
ich wptyw na jakos$¢ dopasowania wynikow symulacji.
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Rysunek 25 (a) Wphyw wspolczynnika szorstkosci Manninga dla kanatow (nse.) oraz glebokosci
retencji powierzchniowej na powierzchniach nieprzepuszczalnych (dimp) na wspolczynnik korekcyjny
dla procentu powierzchni nieprzepuszczalnych (p). (b) Wplyw glebokosci retencji powierzchniowej
na powierzchniach nieprzepuszczalnych (dimy) oraz wspotczynnika korekcyjnego dla procentu

powierzchni nieprzepuszczalnych na wspotczynnik szorstkosci Manninga dla kanatow (nsey,)
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Jak pokazano na rysunku 25a, jednoczesny wzrost wspotczynnika korekcyjnego 3
(od 0,80 do 1,20) oraz wspotczynnika szorstkosci kanatow ngew (0d 0,009 do 0,012 m'/?-s)
wymagat zwigkszenia gltgbokosci retencji na powierzchniach nieprzepuszczalnych (dimp) z
1,5 mm do 3,5 mm. Z kolei rysunek 25b przedstawia zalezno$¢ odwrotng — zmiany
wartosci dimp 1 p prowadza do dostosowania parametru nsey.

Sposrdod analizowanych zmiennych, dimp wykazal najwyzsza wrazliwos$¢, wskazujac
na jego dominujaca role w kalibracji modelu. Zaobserwowane interakcje potwierdzaja
konieczno$¢ stosowania podejScia wieloparametrycznego (Beven 1 Binley, 2014),
poniewaz doktadno$¢ odwzorowania zjawisk hydrologicznych zalezy nie tylko od wartosci
pojedynczych parametrow, ale rowniez od ich wzajemnych relacji.

Podsumowujac, topologia uktadu kanalizacyjnego, opisana przez wymiar fraktalny,
stanowi kluczowy czynnik warunkujacy czuto$¢ modelu wzglegdem parametrow
retencyjnych i hydraulicznych. Uwzglednienie tych interakcji w modelach predykcyjnych,
takich jak regresja logistyczna, nie tylko zwigksza wiarygodno$¢ prognoz powodziowych,
ale takze umozliwia optymalizacj¢ procesOw modernizacyjnych poprzez ograniczenie
kosztow kalibracji i1 potrzeby rozbudowanego monitoringu terenowego (Fraga i in., 2016;
Martins 1 in., 2017).

6.5. An innovative method of predicting the maximum flow in
stormwater sewage systems using soft-sensors (A5)

Problem doboru S$rednicy i okreslenia przeptywu maksymalnego w matych
niechomogenicznych zlewniach zlokalizowanych w zlewniach miejskich ma obecnie
szeroki zasieg zarowno praktyczny, jak i badawczy (Cristiano i in., 2019; Gires i in., 2017).
Obecnie zwykle uwzglednia si¢ tylko sposob zagospodarowania terenu, a pozostate
parametry, takie jak retencja terenowa, retencja kanatowa, szorstko$¢ hydrauliczna czy
topologia sieci kanalizacyjnej (wymiar fraktalny), sg czesto pomijane. Budzi to duze
watpliwosci metodyczne, bowiem w zlewniach miejskich te parametry charakteryzuja si¢
duza zmienno$cig i — w kontek$cie danych literaturowych oraz symulacji Monte Carlo —
maja istotny wplyw na wyniki obliczen przeptywow maksymalnych oraz ocen¢ ryzyka
przecigzenia systemu (Fraga i in., 2016; Zhang 1 in., 2022; Szelag i in., 2022a).

W pracy opracowano zintegrowany model predykcyjny oparty na metodzie MARS
(Friedman, 1991; Friedman 1 Roosen, 1995), roéwnocze$nie podejmujac probe
skorelowania estymowanych wspotczynnikow w modelu empirycznym z danymi

opadowymi, co ma duze znaczenie z punktu widzenia redukcji naktadow obliczeniowych
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na etapie tworzenia modeli ML oraz zwigkszenia efektywnosci kalibracji parametrow
hydraulicznych w warunkach niepewnosci (Szelag i in., 2024).

Przeprowadzona analiza wykazata jednoznacznie, iz rozktad czasowy intensywnosci
opadu istotnie wptywa na wartosci estymowanych parametrow w modelu regresyjnym
MARS, a tym samym na ksztattowanie si¢ przeplywu maksymalnego Qm*. Wyniki
przedstawione w tabeli 4, zawierajacej bezwzgledne warto$ci wspdtczynnikdéw czutosci
ai, obliczonych wzglegdem pelnego zakresu zmiennos$ci zmiennych wejsciowych xi,
jednoznacznie wskazuja na dominujacy wpltyw takich parametrow jak udzial powierzchni
nieprzepuszczalnych Fimp*, szorstkos¢ kanatow nsew™ oraz glteboko$¢ retencji powierzchni
nieprzepuszczalnych dimp*. Wartosci ai dla tych parametrow wykazywaly znaczng
zmienno$¢ pomiedzy roznymi rozktadami opadéw oraz ich czasem trwania. Swiadczy to o
nieliniowym 1 interakcyjnym charakterze =zalezno$ci migdzy strukturg opadu a
odpowiedzig hydrologiczng modelu.

Tabela 4 Bezwzgledne wartosci wspotczynnikow w modelu MARS w zaleznosci od rozktadu opadu *

— tabela przedstawia wspolczynniki o; uwzgledniajgce maksymalny zakres zmiennosci x;

Fimp* | Miew® | dimp™ | B* | mimp | @* | v* | Gk* | FD* | Vkp*

30a_R2 0.02 | 0.00 0.00
30a_R3 0.02 | 0.03 0.00
30a_R4 0.02 | 0.00 0.00
30b_R2 0.02 m 0.01
30b_R3 0.02 | 0.04 0.00
30b_R4 0.02 | 0.03 0.00
60 _R2 0.00 | 0.03 0.00
60 R3 0.00 | 0.00 | 0.01 | 0.00

60_R4 . 0.01 0.00 | 0.00 | 0.00 | 0.00

W badaniu wykorzystano trzy warianty czasowych rozktadéw opadu (R2, R3, R4),
przedstawione na rysunku 26, ktore odzwierciedlaja rézne scenariusze rozkladu
intensywnosci przy zachowaniu tej samej catkowitej wysokosci opadu: typ R2 cechowat

si¢ wysoka intensywnoscig na poczatku epizodu, typ R3 reprezentowal rownomierny
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rozktad w czasie, natomiast typ R4 charakteryzowat si¢ kulminacjg opadu w srodkowe;j

fazie.

P/ P s

Rysunek 26 Czasowe rozktady opadow (£ = RI, R2, R3, R4)

Umozliwito to zidentyfikowanie réznic w reakcji modelu na dynamike zdarzen
opadowych oraz ocen¢ wrazliwosci poszczegolnych parametrow modelowych. Analiza
wykazata, iz dla epizodow krotkotrwatych (30 min) dominujacy wptyw miaty nsew™ oraz
a, natomiast w przypadku zdarzen dlugotrwatych (60 min) istotne znaczenie uzyskatl
parametr dimp®* - bezposredni zwigzek z mechanizmami powierzchniowego
retencjonowania odptywu.

Uzyskane modele oraz wyniki prognoz postuzyty jako podstawa do przeprowadzenia
analizy ryzyka, w ktorej podstawe oceny dziatania systemu kanalizacyjnego stanowit
przeplyw maksymalny, obliczany z wykorzystaniem modeli MARS. Modele te
uwzglednialy zaréwno zmienno$¢ struktury czasowej opadow, jak 1 niepewnosc
parametrow modelu SWMM. Ma to istotne znaczenie z punktu widzenia oceny
niezawodnosci funkcjonowania systemow odwodnienia w warunkach ekstremalnych
zdarzen opadowych oraz w kontek$cie adaptacji infrastruktury kanalizacyjnej do
prognozowanych zmian klimatycznych.

Wyniki analizy wykazaly, ze — jak przedstawiono w tabeli 5 — rozktad czasowy
intensywnos$ci opadow istotnie wptywa na wartosci estymowanych wspotczynnikéw

modeli MARS, czgsto w wigkszym stopniu niz catkowita suma opadu.
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Tabela 5 Wspoiczynnik korelacji (Rij) pomiedzy oszacowanymi wspotczynnikami w modelach MARS
a charakterystykami opadow

0(Fimp) | &(FD) | a(GK) | a(nsew) | 0(dimp)

Pt
q
Pes
FD:
Ps/Pi1o
Ps/Piis
Pe10/Piis
Pes/P
Pi1o/P:
P15/Py
Py
Ps/Ps:
P10/Pyr
Pe15/Pse
Po s
Pu/Po s
Ps/Po s

P=10/Po.str . 0.02
Pe15/Po.sie }

Wyniki wykazaty wysokie wartosci wspotczynnika korelacji Rij, szczegolnie dla:
a(Gk) i Pt=5 (Rij=0,91), a(FD) i Pt10/Pt/Pt (Rij=0,79), a takze a(a) i Pt5/Pt15/Pt15 (Rij
= 0,72). Oznacza to, ze zmienno$¢ struktury czasowej opadu wykazuje istotng i czesto
silniejszg korelacje z estymowanymi wspdtczynnikami modelu niz catkowita suma opadu,

co podkresla kluczowe znaczenie precyzyjnego opisu przebiegu intensywnosci opadu w

czasie.
Wyniki symulacji probabilistycznych, przedstawione na Rysunku 27, potwierdzaja

ztozonos$¢ analizowanych relacji.
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Rysunek 27 (a) Wplyw maksymalnego przeplywu projektowego (Qn), charakterystyki zlewni (Finp)
oraz danych opadowych na prawdopodobienstwo pQ., (b) Wplyw maksymalnego przeplywu
projektowego (On), rozktadu opadu (typ R2, R3, R4) oraz dopuszczalnego progu niepewnosci (o) na
prawdopodobienstwo pQO,; (c) Wplyw maksymalnego przeptywu projektowego (QOn), danych
opadowych oraz dopuszczalnego progu niepewnosci () na dimp, z pominieciem i uwzglednieniem
prawdopodobienstwa parametrow modelu SWMM; (d) Wptyw maksymalnego przeptywu
projektowego (On), charakterystyki zlewni (Fimpy) oraz czasowego rozktadu opadu na dimp, z
pominieciem i uwzglednieniem wiarygodnosci parametrow modelu SWMM
Rysunek 27a ilustruje wptyw parametrow Qm, Fimp oraz charakterystyk opadowych
na prawdopodobienstwo przekroczenia wartosci projektowej pQm, natomiast rysunek 27b
uwidacznia znaczenie rozktadu czasowego opadu (R2, R3, R4) oraz niepewnosci
modelowej a. Zaobserwowano, ze zmiana typu opadu z R3 na R2 powodowata wzrost

wartosci Qm 0 33%, a zwigkszenie sumy opadu z 6.0 mm do 8.0 mm skutkowato wzrostem

Qm az 0 68%. Jednoczesnie wzrost g z 10% do 20% prowadzit do zwigkszenia zmienno$ci

57



Qm 0 15-20%, co bezposrednio wplywa na interpretacj¢ rezerwy przepustowosci systemu
kanalizacyjnego. Rysunek 27c¢ 1 27d przedstawiaja wptyw prawdopodobienstwa
parametréw modelu — uwzgledniajacego lub pomijajacego niepewnos¢ — na estymowang
warto$¢ glebokosci retencji dimp, W zaleznosci od Qm, Fimp oraz rozktadu czasowego opadu.
Nieuwzglednienie niepewnosci parametrow modelu, wynikajacej m.in. z uproszczen w
danych GIS lub zbyt waskiego zakresu kalibracji, moze prowadzi¢ do istotnych btedow w
szacowaniu objetosci  retencyjnej, skutkujacych niedoszacowaniem wymagan
projektowych.

Wyniki wskazuja, ze wiarygodna ocena rezerwy przepustowosci wymaga
uwzglednienia nie tylko zmiennosci opadow, lecz takze niepewnos$ci kalibrowanych
parametréw modelu SWMM 1 ich wplywu na odpowiedZ modelows. Zastosowanie
podejscia probabilistycznego, integrujacego rozklady opadéw oraz niepewno$¢
parametrow, pozwala na realistyczng ocen¢ marginesu bezpieczenstwa hydraulicznego i
wspiera podejmowanie trafnych decyzji modernizacyjnych w zlewniach miejskich.

Istotng role odgrywaja przy tym parametry przestrzenne, takie jak Fimp* 1 FD*, ktore
— jako zmienne o stabilnym wptywie na Qm*— powinny by¢ pozyskiwane z mozliwie
wysoka doktadnoscig przestrzenng 1 tematyczng. Ich jako$¢ warunkuje poprawnosé
kalibracji oraz interpretacje wynikéw modelowania.

Ponadto wykazano, ze rozklad czasowy opadu w znacznym stopniu ksztattuje
zalezno$ci migdzy parametrami modelu a odpowiedzig systemu. Parametry hydrauliczne,
takie jak nsew™, @ 1 , wykazuja nieliniowy, zmienny charakter wptywu, ktory silnie zalezny
od typu i intensywno$ci opadu. Brak wystarczajacego zrdznicowania danych opadowych
utrudnia identyfikacje kluczowych interakcji, ograniczajagc tym samym mozliwosci

praktycznego zastosowania modeli regresyjnych.

7. PODSUMOWANIE
Opracowany w ramach rozprawy model badawczy stanowi holistyczne podej$cie do
1 projektowania systemow odwodnienia miejskiego. Uwzglednia on pelne spektrum
czynnikéw wptywajacych na funkcjonowanie kanalizacji deszczowej — od uwarunkowan
fizycznogeograficznych 1 topologii zlewni, przez parametry hydrauliczne 1 zmienno$¢
opadow, po niepewno$¢ modelowa 1 pomiarowa. Potaczenie modelowania
mechanistycznego (SWMM), metod statystycznych (regresja logistyczna, MARS), technik

uczenia maszynowego oraz analiz wrazliwosci 1 ryzyka umozliwito kompleksowa oceng
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efektywnosci systemow kanalizacyjnych w kontek$cie postepujacej urbanizacji 1 zmian
klimatu.

W odpowiedzi na zidentyfikowane wyzwania opracowano zintegrowane narzedzie
aplikacyjne umozliwiajagce spdjng analiz¢ danych opadowych, przestrzennych i
infrastrukturalnych w jednym §rodowisku obliczeniowym. Walidacja przeprowadzona na
danych z sze$ciu mezoregionéw Polski potwierdzita jego wysoka adaptacyjnos¢ do
zréznicowanych warunkow fizycznogeograficznych oraz przydatnos¢ w praktyce
inzynierskiej. Rozwigzanie znajduje zastosowanie od wymiarowania elementow zielonej
infrastruktury po projektowanie zbiornikow retencyjnych z przelewami burzowymi,
stanowigc istotny krok w rozwoju inteligentnych systemow wspomagania decyzji w
inzynierii wodno-kanalizacyjne;j.

Przeprowadzone analizy wykazaly silng zalezno$¢ przepltywow maksymalnych 1
objetosci wylania od kombinacji parametrow modelu SWMM - takich jak wspotczynnik
szorstko$ci (nsew), udziat powierzchni nieprzepuszczalnych (B) oraz gleboko$¢ retencji
(dimp) — a takze od struktury czasowej opadow. Szczegdlne znaczenie miata sekwencja
opadow, ktorej zmiana prowadzita do wzrostu przeptywow maksymalnych nawet o 30 —
70%, co wskazuje na kluczowa rolg¢ zmiennosci opadu w ksztalttowaniu dynamiki odptywu.

Zastosowane algorytmy uczenia maszynowego (RF, regresja logistyczna, MARS)
osiggnety bardzo wysoka trafnos$¢ predykcyjna (R? = 0,96; RMSE = 0,038), potwierdzajac
ich przydatno$¢ w prognozowaniu przeplywow maksymalnych oraz jednostkowej
objetosci wylania. Modele te nie tylko poprawity doktadnos¢ predykcji wzgledem podejs¢
deterministycznych, ale rowniez umozliwily ograniczenie ryzyka przecigzen
hydraulicznych. Ich elastyczno$¢ pozwala na regionalizacj¢ oraz zastosowanie w réoznych
typach zlewni, réwniez w warunkach ograniczonej dostepnosci danych. Dodatkowo
wspierajg one parametryzacje badan terenowych i selekcje zmiennych istotnych w procesie
kalibracji modeli SWMM.

Istotnym aspektem pracy byta integracja analizy ryzyka 1 niepewnosci z
wykorzystaniem symulacji Monte Carlo, co umozliwito ilosciowa ocene niezawodnosci
systemow odwodnienia oraz uwzglednienie wspdiczynnikow rezerwy hydrauliczne; w
procesie projektowym. Wzrost poziomu niepewnosci (6 z 10% do 20%) powodowat
zwigkszenie zmienno$ci przeptywu maksymalnego o 15 — 20%, co pozwolito okresli¢
marginesy bezpieczenstwa i poprawi¢ odporno$¢ systemoéw na zjawiska ekstremalne.
Takie podej$cie umozliwia skuteczne zarzadzanie zlewniami w warunkach niepewnosci,

wynikajacej zarowno z niestabilnos$ci klimatycznej, jak i ograniczen danych pomiarowych.
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Caly cykl badawczy odpowiada na aktualne wyzwania zwigzane z przecigzeniami
hydraulicznymi i ryzykiem powodzi miejskich. Opracowane rozwigzania zwickszaja
odporno$¢ systemow odwodnienia na zjawiska ekstremalne, wspieraja efektywna alokacje
zasobow oraz wdrazanie strategii opartych na zielonej infrastrukturze. W szerszej
perspektywie moga one stanowi¢ podstawe do rozwoju uniwersalnych soft-sensorow
odptywu, dostosowujacych si¢ do zréznicowanych warunkéw klimatycznych,
urbanistycznych i przestrzennych.

W $wietle uzyskanych wynikow, dalsze kierunki badan powinny koncentrowac si¢
na rozwoju zintegrowanych, adaptacyjnych narz¢dzi predykcyjnych, ktore beda taczyc
modelowanie mechanistyczne z nowoczesnymi metodami uczenia maszynowego, takimi
jak sieci glgbokie (deep learning) czy algorytmy oparte na analizie szeregdw czasowych
(np. LSTM). Technologie te moga znaczaco zwigkszy¢ zdolno$¢ przewidywania
odptywoéw w warunkach wysokiej zmiennosci opaddéw oraz ograniczonej dostepnosci
danych pomiarowych. Kluczowym obszarem dalszego rozwoju pozostaje takze
automatyzacja procesu kalibracji modeli oraz pelniejsze uwzglednienie zmiennych
topologicznych 1 wysokosciowych opisujacych sie¢ kanalizacyjna. W kontekscie
zidentyfikowanej luki badawczej oraz postawionej hipotezy, niezbgdne jest rozszerzenie
analiz na inne typy zlewni miejskich, a takze integracja danych klimatycznych i
urbanistycznych w celu dlugoterminowej oceny odpornosci systeméw odwodnienia na

zjawiska ekstremalne, w tym intensywne opady krétkotrwate 1 powodzie btyskawiczne.
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ABSTRACT

This study presents a computational tool for designing and evaluating stormwater management devices in small
urban catchments. The tool is highly versatile, supporting the testing of diverse hydrological models tailored to
local conditions. It is particularly useful for designing retention tanks, sizing infiltration trench, and modernizing
stormwater drainage systems. Using rainfall data from 32 cities across Poland, the study highlights the influence
of regional rainfall patterns on the capacity of infiltration trenches. The highest soil capacity was observed dur-
ing 15-minute convective rainfall events, with a maximum of 86 m? in Nowy Sacz and a minimum of 37 m® in
Zakopane, influenced by the unique topographical conditions of mountainous areas. These findings underscore
the need for a localized approach to stormwater system design, considering terrain and rainfall intensity. The tool
facilitates sustainable stormwater management strategies, improving flood prevention and urban resilience amid

dynamic climate change.

Keywords: water retention, computational tool, infiltration trench, infiltration capacity.

INTRODUCTION

Amid progressing climate change and rapid
urbanization, managing stormwater in cities has
become an increasingly significant challenge. In-
tensifying rainfall, more frequent flooding, and
hydrological changes driven by rising tempera-
tures are compromising the performance of urban
water infrastructure (Gill et al., 2007; Denault et
al., 2006; Taguchi et al., 2020). Urbanization ex-
acerbates these issues by increasing impervious
surfaces, such as roads and buildings, which ac-
celerate stormwater runoff and reduce retention
capacity (Chen et al., 2021; Miller et al., 2014).
These phenomena underscore the urgent need to
modernize urban catchments to adapt to evolving
climatic conditions and the pressures of urban
growth (Szelag et al., 2022a; Musz-Pomorska
and Widomski, 2022). The “sponge cities” con-
cept, pioneered in China, offers a modern and sus-
tainable approach to urban water management.
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This approach envisions cities functioning like
sponges, storing rainwater and releasing it gradu-
ally (Jiang et al., 2018; Song, 2022). The goal is to
mitigate flood risks while enhancing water avail-
ability during drought periods (Wang et al., 2018;
Ursino, 2015). A key component of this model
is the integration of green-blue infrastructure
with urban hydrological systems. This includes
solutions such as green roofs, parks, infiltration
trenches, and retention tanks, which can reduce
flood risks by 30-50% compared to traditional
sewer systems (Chan et al., 2018; Zhang et al.,
2019; Czerpak and Widomski, 2024).

Practical examples from Chinese cities like
Shenzhen and Chongqing demonstrate that these
solutions improve local water retention and posi-
tively impact water resource management (Jiang
etal., 2018). Nature-Based Solutions (NBS) in ur-
ban environments are gaining prominence. These
solutions — retention tanks, infiltration trenches,
rain gardens, and green roofs — not only enhance
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water retention but also improve urban environ-
mental quality. For example, infiltration trenches
and other natural infiltration systems enable water
to seep into the soil, reducing rapid surface runoff
and stabilizing the local water balance (Kabisch
et al., 2017). Similarly, rain gardens act as natu-
ral filters, capturing pollutants before they enter
sewer systems, thereby significantly improving
urban water quality (Hatt et al., 2004).

In addition to mitigating flood risks, green-
blue infrastructure improves urban microclimates,
counteracting the urban heat island effect (Shariat
et al., 2019). Notable examples of successful ad-
aptation include Rotterdam, where a stormwater
management system retains up to 10 million m?
of water annually, reducing runoff by 25% by
Boogaard et al. (2024). In Melbourne, the “Urban
Forest Strategy” expanded green space by 40%,
reducing daytime urban temperatures by 1 °C to
3.8 °C through an increase in green roof cover-
age from 30% to 90%, effectively mitigating the
urban heat island effect (Imran et al., 2018; City
of Melbourne, 2012).

Modern tools for modelling catchments
and retention systems, such as the Storm Water
Management Model (SWMM), Model for Ur-
ban Stormwater Improvement Conceptualization
(MUSIC), Modular Online Simulation Engine
(MOUSE), and MIKE URBAN (a software suite
developed by DHI for integrated urban water
modelling, with “MIKE” referring to the Danish
Hydraulics Institute), enable more effective plan-
ning and design of NBS by Hansen et al. (2014).
SWMM, a widely utilized tool, provides detailed
hydrological and hydraulic analyses of sewer
systems, aiding in the evaluation of implemented
solutions (Wu et al., 2020; Farina et al., 2023).
MUSIC, particularly popular in Australia, simu-
lates critical processes such as infiltration and
sedimentation, essential for NBS. MIKE URBAN
offers a comprehensive approach to urban hydrol-
ogy modelling by integrating various stormwater
management systems, though its technical com-
plexity and high costs limit broader adoption (US
EPA, 2015). Also diverse new approaches, algo-
rithms and numerical methods are described as
possible to apply in modelling of integrated urban
water management system (Lazuka et al., 2022).

Despite these advanced tools, guidelines for
designing and implementing NBS often remain
incomplete and are not adapted to local climatic
and infrastructural conditions, especially in Cen-
tral and Eastern Europe (Kabisch et al., 2017).

These gaps contribute to inadequate stormwater
management, as evidenced by the 2021 floods in
Western and Central Europe, which caused sig-
nificant material losses (European Environment
Agency, 2015).

Studies from Italy and the USA highlight the
importance of modern stormwater management
strategies in the context of climate change. For
example, Milan’s “Milan Green Plan” increased
the number of green roofs and rain gardens, im-
proving water retention and mitigating the urban
heat island effect. Research (Marchioni et al.,
2018; Procaccini and Monticelli, 2021; Salerno
et al., 2021; Sanesi et al., 2016) shows that such
solutions significantly reduce surface stormwater
runoff and enhance urban water quality.

In the United States, cities like New Orleans
and Houston, vulnerable to intense rainfall and
hurricanes, have implemented extensive reten-
tion systems. Following Hurricane Katrina in
2005, New Orleans invested in advanced infil-
tration trenches and retention tanks. Regulations
under Low Impact Development (LID) required
developers to incorporate solutions such as
green roofs and permeable surfaces, greatly im-
proving stormwater management (Davis et al.,
2012; Maimone et al., 2011).

Stormwater management remains a critical
challenge in Poland and globally amidst rapid
climate change and urbanization. In Poland, out-
dated sewer infrastructure and insufficient reten-
tion capacity emphasize the urgent need for mod-
ernization (Szelag at al. 2022b). Adopting inno-
vative models like China’s “sponge cities” could
significantly improve water retention and urban
resilience to extreme weather events, including
floods and droughts (Song et al., 2022; Xing et
al., 2019). NBS offer a modern approach by in-
tegrating hydrological functions with urban plan-
ning, thereby enhancing cities’ adaptive capacity.

This article introduces a proprietary compu-
tational application for designing, assessing, and
modernizing selected NBS structures, such as
detention basins, infiltration basins, infiltration
trenches, and rain gardens. The developed tool
integrates with existing computational software,
which often provides limited support for NBS
solutions, offering a distinct advantage. The ap-
plication was used to evaluate the impact of re-
gional rainfall conditions across Poland on the
retention capacity of infiltration trenches. The di-
verse hydrological conditions in different regions
underscore the need for a tailored approach to
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stormwater system design to improve efficiency
and resilience against extreme weather events.
This tool contributes to the development of mod-
ern stormwater management strategies, strength-
ening urban ecosystems’ resilience to climate
change. Its application is vital for promoting sus-
tainable development and ensuring hydrological
safety in Poland and beyond.

METHODS AND DATA

Rainfall data and regional convection rainfall
models

Rainfall data were collected from 32 meteo-
rological stations located in various Polish cities
(meteorological stations belonging to the IMGW-
PIB network). Poland’s climate (Central Europe),
classified as temperate warm, exhibits a transi-
tional nature between the marine characteristics
of Western Europe and the continental character-
istics of Eastern Europe. This results in the influx
of air masses with varying thermal and humidity
properties, leading to considerable variability in
rainfall limit (Niedzwiedz et al., 2009; Szelag et
al., 2022b). The average annual rainfall in Poland
(1981-2010) is approximately 600 mm, ranging
from 520 mm in the central regions to nearly 700
mm along the Baltic coast and over 1000 mm in
the mountains. The heaviest rainfall occurs from

May to August, with July experiencing the high-
est frequency of rainfall.

The selection of rainfall stations ensured even
spatial distribution across Poland, representing
diverse physiogeographical conditions such as
mountains, foothills, uplands, lowlands, lakes,
and the coastal zone (Fig. 1).

When modelling rainfall in small urban catch-
ments, it is essential to consider short-duration,
high-intensity rainfall events, primarily associ-
ated with atmospheric convection (Kupczyk and
Suligowski, 1997; Lupikasza, 2016). These events
typically have a limited spatial extent (up to 10
km?) and high intensity. In Poland, such rainfall
events generally last up to 90 minutes (coefficient
values of a <2.8-107 and a, > 0.31 — more infor-
mation in S1 Table). On the basis of the literature
data reported by Szelag et al. (2022b), convective
rainfall events during the summer half-year (May
— October) from 1961 to 2005 were identified us-
ing traditional pluviograph records. A four-hour
gap between rainfall events was used as the de-
fining interval (Kupczyk and Suligowski, 2000;
DWA-A 118E, 20006).

The highest frequency of convective events
was recorded in mountainous regions and along
the Baltic coast, though their average intensity
was relatively low (< 0.6 mm). Over 65% of
these events lasted up to 30 minutes, with fre-
quency decreasing as duration increased. To ac-
curately reflect the temporal variability of rainfall

GERMANY

CZECHIA

75 0 75 150 km
| I I |

[ 23 4N 56

UKRAINE

SLOVAKIA

Figure 1. Location of rain gauges against the background of the main physical-geographical regions of Poland (1 —
Baltic coastal lowlands, 2 — lakelands, 3 — central lowlands, 4 —uplands, 5 — sub-mountain basins, 6 — mountains)
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events, S-minute intervals were applied, ensur-
ing that the dataset captured several episodes per
year over the multi-year analysis period. For all
measurement points, the 45 highest rainfall event
values were selected using the peak-over-thresh-
old method, regardless of the year of occurrence
(Malihout et al., 2013).

For each rainfall station, the relationship
between the rainfall depth (P) and its duration
(t,) was determined. This relationship was de-
rived using a second-degree polynomial func-
tion to calculate the probability of stormwater
flooding for the characteristics of the assumed
urban catchment, based on the regional con-
vection rainfall models determined, as de-
scribed in Equation 1:

Pmax(tr) =4ap- tg +a; t.+ag (1)

This approach has been previously validated
in hydrological studies (Kupczyk and Suligowski,
1997; Szelag et al., 2022b).The empirical coeffi-
cients a, a,, and a, and are provided in S1 Table.
The analysis revealed that average rainfall depth
for convective events increases with duration,
peaking at approximately 60 minutes.

Regions with the greatest increases in average
rainfall depth include central Poland (e.g., Jarc-
zew, Leszno, Lodz, Warsaw), the lake districts
(e.g., Gniezno, Poznan, Suwatki), and southeast-
ern areas (e.g., Nowy Sacz, Rzeszéw). Local to-
pography and dynamic meteorological conditions
significantly influence this distribution (Szelag
et al.,, 2022¢; Kaczmarek, 2019). Conversely,
the most stable rainfall patterns with the low-
est maximum intensity were observed in Kielce,
Czestochowa, Wielun, Elblag, and Kotobrzeg.
Urban heat island effects and aerosols in lowland
agglomerations (e.g., Bialystok, Poznan, 1.odz)
reduce rainfall intensity, as does the evaporation
effect from the sea surface in coastal cities like
Szczecin and Gdansk.

In the applied hydrological method, unit hy-
drographs were employed. Rainfall data were
input as pulses characterized by durations (min-
utes), depths (mm), and intensities (mm/min).
Various scenarios for convective rainfall dura-
tions ranging from 15 to 60 minutes were ap-
plied in the analysis. Rainfall events lasting up
to 60 minutes with depths exceeding 0.2 mm ex-
hibited high variability. During the studied sum-
mer period, between 1615 and 2532 such events
were recorded, averaging 36—56 events per year
(Szelag et al., 2022b).

Tool to modelling of NBS (Calculator_NBS)

The developed application enables forecast-
ing of surface runoff using the kinematic wave
model (Chow et al., 1998; Singh, 1996) and its
transformation through various NBS structures
(Raymond et al., 2017), such as retention tanks,
infiltration basins, rain gardens, and infiltration
trenches (EPA, 2015). This approach facilitates
the design, evaluation, and modernization of NBS
solutions under urban catchment conditions and in
the context of climate change. Given the limited
availability of data on land use and topography,
the application allows for the incorporation of
custom inflow hydrograph shapes for NBS struc-
tures (European Commission, 2015). The sizing
of these structures is based on identifying limiting
factors such as maximum runoff and water depth
in the soil, ensuring accurate capacity design. The
developed tool (Calculator NBS) was used to pre-
dict the dimensions of infiltration trenches for 32
rainfall stations in Poland for convective rainfall.

The application’s sizing algorithm for green
infrastructure objects is implemented in C++
programming language using the Qt Creator in-
tegrated development environment (IDE). High-
resolution simulation capabilities enhance the
numerical stability of the solution algorithm and
minimize simulation errors.

Balance equation for green infrastructure objects
(Calculator_NBS)

The balance equation has been widely applied
in hydrological studies to assess the efficiency of
green infrastructure in managing stormwater, as
emphasized in the works of the European Com-
mission (2015) and Beven et al. (2012). Bhaskar
et al. (2016) discussed the use of the balance for
green infrastructure objects in calculations, which
formed the basis for analyzing water flow in
stormwater sewage systems. The balance Equa-
tion 2 for green infrastructure objects can be ex-
pressed as follows:

dV = Qours(Ddt = Qoue(O)dt = )
—Quny ()t — ET(t)dt

where: the input data include: QO (7) — inflow
of water to the green infrastructure ob-
ject at time ¢, (m’/s), O (t) — runoff from
the substrate at time ¢, including the flow
to the ground, with overflow occurring
if the allowable hydraulic capacity is ex-
ceeded, (m'/s), O, f(t) — volume of water
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flowing to the ground per unit time ¢,
(m?/s), ET(¢) — evapotranspiration from
the surface layer, (m?/s).

The computational diagram of the in-
filtration system, as outlined by Piazza and
Ursino (2022) and Btazejewski at al. (2018),
is illustrated in Figure (Fig. 2), providing a
clear visualization of water flow dynamics
within the system. The presented diagram (Fig.
2) illustrates a system consisting of an impervi-
ous sub-catchment (runoff surface) that converts
rainfall into runoff, and a permeable infiltration
trench (surface B-L) where infiltration occurs.

The initial form of Equation 2 for the soil,
presented as Equation 3:

Qinf:ch(BXL+h(B+L)) (3)

where: O ,— stormwater infiltration flux into the
soil, varying over time t, (m?/s), f, — in-
filtration rate, (mm/hr), B — width of the
infiltration trench, (m), L — length of the
infiltration trench, (m), # — water depth in
the soil, (m).

To develop the surface runoff model O .=
f(t), the kinematic wave equation (Akan, 1993)
was used, defined as Equation 4:

SURFACE
RUNOFF AREA

z

Figure 2. Schematic representation of the infiltration
system
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where: Z—Z — flow gradient in the spatial direc-
tion, g—if change in water depth over

time, i — rate of rainfall, (expressed in
mm/hr), f— rate of losses from rainfall.

Taking into account the relationship R, = y,
where y is the thickness of the water layer (m),
Equation 4 allows for modelling phenomena re-
lated to stormwater runoft over a flat surface. In
a practical context, the solution of the equation
allows for considering the impact of rainfall in-
tensity and the actual infiltration rate on surface
runoff processes.

According to Darcy-Weisbach’s Equation 5
and 6, the friction slope S.is calculated using the
following equation:

_ fa'Vv?
S =a g mn ®)
for:
c
fa=% (6)

where: Sf, S, —friction slop,(-), R, —hydraulic radi-
us, (m), f, — friction factor, (-), V' —average
flow velocity, (m/s), C — laminar flow re-
sistance factor, (-), Re — Reynolds number,
(-), v — kinematic viscosity of the water,
(m?/s).

The computational methodology for surface
runoff is detailed in Supplementary Information
— S1 Section.

At the same time, the application calculates
rainwater outflow from the soil through drainage
pipes, as described by Equation 7:

e-B-L % = Qouts(t) = Qout (V) (7

where: ¢ — porosity coefficient, (-), B — width of
the infiltration trench, (m), L — length of the
infiltration trench, (m), dh/dt — change in
water depth in the soil over time, O —in-
flow rate of stormwater to the trench, vari-
able over time ¢, (m’/s), O — runoff rate of
sewer system, variable over time ¢, (m%/s).

For the saturation zone, the runoff through the
drainage pipe is described by the following rela-
tionships (8) and (9):

Qout =
2

Z_(L}%E-DI()-F\/(L}}V-:-/.DK) +4-N-H (8)
2N
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for:
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where: H —thickness of the water table in the soil,
(m), & — thickness of the soil above the
top of the pipe, (m), D — inner diameter of
the pipe, (m), L — length of the infiltration
trench, (m), K — hydraulic conductivity
of soil, (m/s), B — width of the infiltration
trench, (m), A, cross-sectional area of
the pipe, (m?), € e~ porosity of the soil,
(-), C, — coeflicient of local resistances,
(-), g — gravitational acceleration, (m/s?),
A — linear resistance coefficient, (-), calcu-
lated using the formula (10):

1

(~2109(525))’ (10)

where: k — roughness of the conduit, (m), D — in-
ner diameter of the pipe, (m).

The runoff through the drainage pipe, assum-
ing no saturation of the soil (11):

Qout =

(())](()) (b

2N

One of the alternatives for runoff from the
catchment area is the triangular hydrograph,
which is described in detail in S2 Section.

Rainfall data for designing an infiltration trench

The analysis aimed to identify the represen-
tative rainfall duration that maximized the reten-
tion capacity of infiltration trenches, as outlined
by Akan and Houghtalen (2003). Rainfall events
with durations ranging from ¢, = 15 to 240 min-
utes were analyzed at 5-minute intervals, with
rainfall depth calculated using the relationship
described in Equation 1.

Input data for the calculations of the
infiltration trench, catchment and runoff

The study evaluated the impact of rainfall
data on the design and dimensions of infiltration
trenches. Specifically, it sought to determine the
optimal duration of convective rainfall events for
achieving maximum retention capacity. Rainfall

depths were calculated for durations ranging from
15 to 240 minutes, using 5-minute increments,
based on the relationship outlined in Equation 1.
The following input data were used in the appli-
cation, as shown in Table 1.

Calculation assumptions (representative
rainfall duration time)

The computational algorithm used in this
study for the design of NBS objects includes the
following forecasts: Surface runoff: calculations
were performed based on empirical coefficients
a, a, and a,(S1 Table).

Capacity of the infiltration trench: a simula-
tion of the infiltration trench was carried out based
on the input parameters, such as trench length B
= 3.0 m and trench width L = 20 — 400 m. Runoff
was also simulated considering the input data pre-
sented in Table 1 for runoff.

RESULTS

Rainfall duration and infiltration trench capacity

The relationship between rainfall duration
and infiltration capacity is shown in Figure 3,
which highlights the dynamics of the infiltration
process across different locations.

The analysis covered infiltration trench di-
mensions in 32 selected cities across Poland, fo-
cusing on how rainfall duration influences reten-
tion capacity. The study found significant similar-
ities in infiltration capacities across various me-
soregions. The highest infiltration capacity was
recorded during a 15-minute convective rainfall
event in Nowy Sacz (86 m?). As rainfall duration
increased, infiltration capacity decreased, reach-
ing as low as 2 m? for a 130-minute rainfall event.

In mesoregion 6, Nowy Sacz displayed the
highest infiltration capacity (86 m?®), while Zako-
pane, also in mesoregion 6, recorded the lowest
value (37 m?). The highest infiltration capacity in
Nowy Sacz corresponded with the highest storm-
water flooding sensitivity index (p,), as reported by
Szelag et al. (2022b). Conversely, Elblag showed
the lowest sensitivity index (p, = 0.20). Further-
more, the study observed that mountainous areas
like Nowy Sacz, which have a high infiltration
capacity and sensitivity index, are more prone
to flooding during intense rainfall events. For
small urban catchments with an imperviousness
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Table 1. Assumed input data used for the infiltration trench, catchment, and runoff (Akan and Houghtalen, 2003)

Name | Index Unit | Value
Infiltration trench
Rainfall duration t, min 15-240 (step 5 min)
Porosity coefficient € - 0.44
Infiltration rate fc m/s 0.001
Width m 3
Length L m 20-400 (step 1 m)
Catchment
Width of flow path m 10
Length of flow path L m 20
Manning’s roughness coefficient n mR-s 0.0015
Hydraulic gradient So - 0.001
Runoff

Maximum water depth in the soil h m 1.5
Diameter of drainage pipes D m 0.15
Hydraulic conductivity of soil K m/s 0.15
Cross-sectional area of the pipe oo m? 0.01766
Porosity of the soll o - 0.3
Coefficient of local resistances CcL - 1
Roughness of the conduit k m 0.001

coefficient (Imp) of 0.36, these factors underline
the necessity of integrating flood risk manage-
ment and land-use planning to mitigate flooding
and support sustainable development.

In mesoregion 3, the infiltration capacities
exhibited notable uniformity. During a 15-min-
ute rainfall event, the average infiltration capacity

100 ——ELBLAG
—— LEBORK
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——SUWaLK]

——ZIELONA GORA

%0 —— JARCZEW
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40
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——TERESPOL
—WROCLAW
60 W —— JELENIA GORA

—— mesoregion 2
mesoregion &

ranged from 48.8 m? (5th percentile) to 77 m* (90th
percentile). Extending the rainfall duration to 30
and 60 minutes resulted in a reduction in infiltra-
tion capacities to 46 m* and 26 m?, respectively.
In comparison, mesoregion 1 showed lower
infiltration trench capacities. For a 15-minute
rainfall event, the average infiltration capacity
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Figure 3. Effect of rainfall duration on the infiltration capacity
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ranged from 44.6 m* (5th percentile) to 52.8 m?
(90th percentile). When the rainfall duration in-
creased to 30 and 60 minutes, the infiltration ca-
pacities declined to 34 m?® and 20 m?, respectively.

The relationship between rainfall duration and
infiltration trench capacity underscores the need
for improved stormwater monitoring and adap-
tive management, particularly in regions with
lower retention capacity. The findings from Pol-
ish studies indicate that prolonged rainfall dura-
tions significantly diminish soil infiltration capac-
ity. For instance, in mesoregion 1, the infiltration
capacity for a 60-minute rainfall event is reduced
to 20 m* — less than half of the capacity observed
for a shorter, 15-minute event. These results high-
light the challenges cities may face in managing
stormwater during extended rainfall events, ne-
cessitating tailored strategies to optimize urban
drainage systems and prevent flooding.

The variations in infiltration trench capaci-
ties across cities and mesoregions are presented
in Figure 4, demonstrating the spatial diversity in
stormwater retention performance.

The analysis of infiltration trench capacity (V)
in selected Polish cities revealed significant dif-
ferences across various mesoregions. These find-
ings are crucial for evaluating retention potential
and optimizing water infrastructure planning at
the national scale. Mesoregion 1 (Baltic Lake-
land): Cities such as Szczecin (54 m?), Gdansk
(51 m®), and Elblag (44 m®) exhibited lower in-
filtration capacities compared to other regions.
Mesoregion 2: This region showed higher values,

with cities like Gniezno (51 m®), Gorzow Wielko-
polski (56 m?), and Ptock (59 m?). Zielona Gora
(67 m*) and Suwalki (65 m®) recorded the high-
est capacities within this region. Mesoregion 3
(Central and Eastern Poland): Higher capacities
were observed, with Jarczew and Chelm Lubel-
ski reaching 78 m?®. Other cities, such as Legnica
(68 m?) and Opole (66 m?), also demonstrated
favorable retention capabilities, while Wielun re-
corded the lowest value at 40 m*. Central cities
like Czgstochowa (50 m?®) and Kielce (46 m?®) had
relatively low capacities. Mesoregion 6 (Moun-
tainous Terrain): The highest values in Poland
were recorded here, with Nowy Sacz achieving
86 m* and Rzeszow 74 m*. However, Zakopane
had the lowest capacity in the country at 37 m?,
highlighting the region’s variability due to its
topographic conditions.

Rainfall intensity and its impact on infiltration
capacity of soil in small urban catchment in
Poland

Rainfall intensity analysis identified five
intensity levels, highlighting areas with both
heavy and moderate rainfall. The results are pre-
sented in Figure 5.

The highest recorded rainfall intensities, ex-
ceeding 50 mm/min, were observed in four cities:
Chetm Lubelski (53.8 mm/min), Jarczew (53.7
mm/min), Rzeszé6w (51.3 mm/min), and Nowy
Sacz (59.3 mm/min, the highest value, located in
mesoregion 6). Rainfall intensities in the range
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Figure 4. Maximum infiltration trench capacity V (m?®) for individual cities
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Figure 5. Representative rainfall intensity

of 4650 mm/min were recorded in three cities:
Legnica, Opole, and Zielona Gora. Seven cities:
Biatystok, Ostroteka, Suwalki, Terespol, Torun,
Warsaw, and Wroclaw; fell within the 42-46
mm/min range. Five cities: Gorzoéw Wielkopol-
ski, Leszno, £odz, Plock, and Poznan; reported
values in the 38 — 42 mm/min range. The largest
group comprised 13 cities with rainfall intensi-
ties below 38 mm/min, including Cz¢stochowa,
Elblag, Gdansk, Gniezno, Jelenia Gora, Kielce,
Kotobrzeg, Lebork, Szczecin, Szczecinek,
Wielun, Wista, and Zakopane, where the lowest
value of 26.3 mm/min was recorded. A compara-
tive analysis with Szelag et al. (2022b) reveals a
clear association between cities experiencing the
highest rainfall intensities and areas identified
as having a high vulnerability index for runoff
in small catchments. Cities such as Nowy Sacz,
Chelm Lubelski, Jarczew, and Rzeszéw, which
recorded the highest rainfall intensities, also dem-
onstrated the highest sensitivity index values (p_ >
0.5) in Szelag’s study. This indicates that regions
prone to intense, short-duration rainfall events
are particularly susceptible to frequent and ex-
tensive flooding. These findings underscore the
importance of incorporating local hydrological
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variability into flood risk management and fore-
casting frameworks. The impact of localized rain-
fall conditions is further confirmed by De Mar-
tino et al. (2010) in their study of the Campania
region (Italy), which illustrates that regression
models based on local rainfall data can effective-
ly predict sewage system loads and water quality
during heavy rainfall events. Similarly, De Paola
et al. (2012) examined the relationships between
rainfall characteristics, the geographical locations
of the studied stations, and the unit capacities of
the tanks analyzed in the same country. In Poland,
cities such as Nowy Sacz and Rzeszow, where
stormwater drainage systems are especially vul-
nerable to overloading, could benefit from adopt-
ing similar approaches to enhance stormwater
management efficiency. Furthermore, an analysis
was conducted on the performance of an infiltra-
tion trench with a maximum length of 3.0 m. The
results are presented in Figure 6.

Analyzing the infiltration trench capacity for
a maximum length of 3.0 meters, the results align
with the spatial distribution presented in Figure 6.
The highest infiltration capacities, exceeding 70
m?3, were observed in Nowy Sacz (86 m?®), Chelm
Lubelski (78 m?), Jarczew (78 m?), and Rzeszow
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Figure 6. Infiltration trench capacity

(74 m?). These four cities, situated in mesoregions
6 and 3, exhibit the greatest retention capacities.

Infiltration capacities within the range of 61—
70 m?® were recorded in six cities: Legnica, Zielo-
na Gora, Opole, Suwalki, Terespol, and Warsaw,
as well as Biatystok and Ostrot¢ka. These cities
are primarily located in central Poland, within
mesoregions 3 and 2.

The largest group, comprising 13 cities, dis-
played infiltration capacities between 50 and 60 m>.
These cities include Leszno, Torun, Ptock, Gorzow
Wielkopolski, +.0dz, Poznan, Szczecin, Gdansk,
Gniezno, Jelenia Goéra, Czestochowa, Szczecin,
and Wisla. Conversely, cities with infiltration ca-
pacities below 50 m? included Kotobrzeg, Lebork,
Kielce, Elblag, Wielun, and Zakopane, with Zako-
pane recording the lowest value of 37 m®.

In terms of mesoregional characteristics,
distinct variations in rainfall and infiltration ca-
pacities are evident. Mesoregions 1 and 4 are
associated with the lowest rainfall intensities
(below 38 mm/min) and moderate soil capac-
ities (44-54 m?® and 46-50 m?3, respectively),
promoting hydrological stability. Mesoregion 2
experiences moderately higher rainfall (35.5—
46.5 mm/min) and larger soil capacities (50—
67 m?), supporting improved water retention.

Mesoregion 3 exhibits high variability in rain-
fall (28.4 — 53.8 mm/min) and soil capacity
(40-78 m?). Mesoregion 6, which experiences
the highest rainfall intensities (35-59.3 mm/
min), also demonstrates the greatest soil capac-
ity (50-86 m?).

These findings corroborate the results of
Szelag et al. (2022b), which emphasized that
physical and geographical conditions, along
with localized rainfall patterns, significantly
influence the maximum permissible imperme-
ability limit. This limit defines the threshold
rainfall intensity, exceeding which triggers
the occurrence of wastewater discharge in the
catchment, depending on the area’s imperme-
ability. Exceeding this threshold often results
in stormwater system overflows within small
urban catchments. A comparison of infiltration
trench capacities across Poland reveals nota-
ble differences and significant correlations
between mesoregions. The greatest variabili-
ty is observed in Mesoregion 1 (Baltic coast),
characterized by low retention capacity but
an imperviousness value (Impgr: 0.51 - 0.56),
as described by Szelag at al. (2022b). Limit-
ed water retention in this region, coupled with
intense surface runoff driven by urbanization
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and impermeable soils, exacerbates the chal-
lenges of water absorption. Consequently, the
design and implementation of efficient storm-
water management systems, such as retention
tanks, infiltration trenches, and irrigation sys-
tems (NSN), are crucial in this area.

Implications of the use of green infrastructure
in urban catchments

An integrated approach to stormwater man-
agement that combines GI with traditional storm-
water systems and retention tanks represents a
modern and effective strategy for mitigating sur-
face runoff and improving the operational effi-
ciency of stormwater systems. Jing et al. (2024)
and Szelag et al. (2024) have substantiated that
the synergistic application of both natural and
engineered systems can substantially diminish
flood risk and contribute to the enhancement of
surface water quality.

Within the context of urban catchments, GI
assumes a pivotal role in stormwater manage-
ment, climate change adaptation, and water qual-
ity improvement. Research by Almaaitah (2024)
demonstrated that green roofs can retain up to
63% of rainfall, while retention farms can achieve
retention rates of 85-88%, which not only attenu-
ates surface runoff but also mitigates water levels
in retention tanks. Moreover, studies by Cavadini
et al. (2024) in Switzerland have confirmed that
bioretention infiltration zones can reduce the vol-
ume of stormwater overflows by as much as 52%
in scenarios involving a 46% increase in rainfall,
providing evidence that GI can effectively ad-
dress the challenges associated with intensified
rainfall events.

Hepcan and Canguzel (2024) evaluated GI
in the context of hydrometeorological risk re-
duction in Izmir, highlighting that optimizing GI
systems enhances water retention and fortifies
urban resilience. Matias Rodriguez et al. (2024)
demonstrated that green roofs and permeable
pavements can augment the resilience of com-
bined stormwater systems by 9-22%, effectively
reducing stormwater overflows. Furthermore,
the appropriate design of hydraulic structures
has been shown to reduce peak stormwater run-
off and curb soil erosion. Empirical evidence
confirms that GI enhances the hydrological bal-
ance, supports biodiversity, mitigates the urban
heat island effect, and reduces the burden on
sewer infrastructure.
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GI also exerts a positive influence on the qual-
ity of wastewater discharged into receiving water
bodies. Cavadini et al. (2024) confirmed that bio-
retention systems can substantially decrease the
concentration of pollutants, thereby improving
the quality of urban waters and supporting local
water resources.

Additionally, further research underscores the
political and urban planning dimensions of GI.
Sowby et al. (2024) emphasized the imperative
to implement climate-resilient standards in water
infrastructure, drawing on case studies from Co-
penhagen and Melbourne. Zhu et al. (2024) dem-
onstrated that effective GI policy necessitates the
integration of assessment metrics and environ-
mental regulatory frameworks.

CONCLUSIONS

The proposed application has proven effec-
tive in addressing critical engineering and scien-
tific challenges on a national scale, particularly
in the field of stormwater management within
small urban catchments. Its versatility allows
for the evaluation of equations under varied as-
sumptions and conditions, making it applicable
to the design of retention tanks, the dimensioning
of infiltration systems, and the modernization of
stormwater infrastructure.

The analysis of data from 32 cities reveals
significant disparities in rainfall intensity and the
retention capacities of infiltration systems. Con-
vective rainfall events are shown to maximize
system capacity, while prolonged rainfall gradu-
ally diminishes their effectiveness. Cities such as
Nowy Sacz, Chelm Lubelski, Jarczew, and Rz-
eszOow exhibit high retention capacities, whereas
cities like Elblag, Wielun, and Zakopane record
the lowest values.

These findings emphasize the necessity of
adopting localized approaches to stormwater sys-
tem design, tailored to the unique geological and
climatological characteristics of different mesore-
gions. Such strategies are essential for improving
flood protection and ensuring sustainable water
resource management, especially in light of in-
creasing climate variability.

The developed tool and the insights gained
from this study represent a significant advance-
ment in enhancing urban resilience to extreme
weather events. This work contributes to the sus-
tainable development of urban ecosystems and
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the promotion of hydrological safety, both in Po-
land and globally.
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ABSTRACT

Rain gardens are playing an increasingly significant role in the adaptation of urban areas to climate change, par-
ticularly in light of the growing frequency and intensity of rainfall events. The objective of this study was to as-
sess the influence of physical and geographical conditions on the design, sizing, and effectiveness of rain gardens
in Poland, with a particular focus on runoff control and regulation in the context of climate change adaptation.
A computational tool was developed, integrating the kinematic wave equation with dynamic flow control algo-
rithms, to support the modelling and optimization of infiltration systems. Analysis of meteorological data from
29 stations (covering 37 to 44 years of observations), along with soil infiltration characteristics, revealed a strong
correlation between catchment imperviousness and the required infiltration trench capacity as well as the volume
of controlled runoff. The highest storage capacity requirements were observed in Mikotajki (52.6-352.8 m?),
while the lowest were observed in Elblag (28.7-187.1 m?®). The maximum controlled runoff volumes occurred
in Katowice (91.4-213.7 m®) and Mikotajki (56.2-260.8 m?), while the lowest were recorded in Swinoujscie
(18.4-126.2 m?®), Leszno (19.6-87.9 m?), and Poznan (32.7-84.9 m?). The developed tool offers substantial sup-
port for enhancing the resilience of urban retention systems, highlights the importance of implementing advanced
stormwater management strategies under changing climatic conditions.

Keywords: water retention, urban catchments, computational tool, rain gardens, runoff control.

INTRODUCTION

Ongoing urbanization of catchments and cli-
mate change are leading to increased rainfall in-
tensity, resulting in greater runoff volumes, more
frequent overflow events, and elevated flood
risks. These changes directly impact urban qual-
ity of life in urban areas by increasing the likeli-
hood of flooding and overloading existing sewer
infrastructure (Shuster et al., 2022; Sakib et al.,
2023; Bibi et al., 2023).

Literature data (Li and Babcock, 2020; Zhang
et al., 2018) indicate that Nature-Based Solu-
tions (NBS), such as retention basins, infiltration
trenches, and rain gardens, effectively reduce and
delay stormwater runoff, thereby improving the
urban water balance (Bowler et al., 2010; Ferreira
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et al., 2021). The implementation of these tech-
nologies reduces flood risk in urban areas (Rog-
geretal., 2017), enhances stormwater quality, and
supports infiltration processes by removing pol-
lutants such as heavy metals, organic compounds,
and suspended solids (Sharma and Malaviya,
2021; Ferreira et al., 2021). Cities like Singapore
and Lisbon demonstrate the effectiveness of inte-
grating NBS with traditional water infrastructure
(Ramisio et al., 2022; Hasan et al., 2024).

Research shows that infiltration trenches
with regulated runoff can reduce peak flow rates
by up to 40% in urbanized areas and help limit
erosion (Zhang et al., 2018; Dai et al., 2023),
while green roofs can retain 50-80% of annual
rainfall, depending on climate and system de-
sign (Li and Babcock, 2020).
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For NBS facilities to effectively reduce pol-
lution and delay stormwater runoff, appropriate
modelling is essential. The storm water manage-
ment model (SWMM) is one of the most com-
monly used tools for analyzing the hydrologi-
cal performance of such solutions. However, its
implementation requires detailed input data,
which in practice can result in data gaps or inac-
curacies, potentially affecting the quality of de-
sign. In response to these challenges, simplified
models have been developed, based on available
data, enabling quick estimations of solution ef-
fectiveness. Studies (Pons et al., 2023) show that
simplified models are particularly effective for
smaller catchments.

Rain gardens, as an example of NBS, are gain-
ing increasing recognition in cities worldwide due
to their efficiency in stormwater management and
their support for sustainable development and cli-
mate change adaptation (Li and Babcock, 2020;
Shuster et al., 2022). A key aspect of designing
such solutions is calculating water runoff to en-
sure adequate soil moisture for plant growth and
effective water retention (Meerow et al., 2017;
Zhang et al., 2018). The performance of NBS in-
stallations depends on the appropriate selection of
vegetation capable of withstanding variable hy-
drological conditions, particularly during heavy
rainfall and prolonged droughts (Palermo et al.,
2023; Zhao et al., 2024).

In Poland, despite the growing popularity of
rain gardens, there is a lack of systematic analyses
incorporating long-term rainfall data and climate
change projections. Examples from cities such as
Gdansk, Poznan, Warsaw, and £.6dz highlight in-
creasing investments in sustainable infrastructure,
yet integration with long-term runoff modelling is
often missing (Kucharczyk & Pitat, 2019; Szul-
czewska et al., 2016). Gdansk has implemented
the SWMM model for flow analysis but did not
consider comprehensive long-term rainfall anal-
ysis, which could improve project effectiveness
over time (Kasprzyk et al., 2022). In Warsaw and
Krakoéw, studies that account for long-term rain-
fall variability and climate change are still lack-
ing (Jakubowska, 2020; Wolski et al., 2021).

To provide a clearer overview of the advan-
tages and limitations of GI (Green Infrastructure)
and modelling tools, particularly in the context of
runoff management, a summary of their benefits
and challenges is presented in Table 1.

In Poland, there is still a lack of advanced
tools for modelling and designing GI systems that

would account for long-term rainfall data and re-
gional variability in climatic conditions. Previous
studies on the design of retention systems, such
as rain gardens or infiltration trenches, often over-
look the integration of hydrological and climatic
variables, which limits the effectiveness of these
solutions. Sustainable stormwater management
requires a synergy between NBS technologies
and dynamic hydrological models, tailored to the
specific environmental conditions of a given area.

In response to this issue, the aim of this study
was to analyze the impact of rainfall conditions
and physical characteristics of urban catchments
on the hydraulic parameters of rain gardens, in-
cluding both the volume of the infiltration trench
and the dynamics of runoff during inter-event
periods across Poland. The study was based on
meteorological data from 29 rainfall stations,
covering a period of 37 to 44 years. The analysis
included 26 939 rainfall events, which served as
the basis for calculations related to the effective-
ness of infiltration systems, enabling a compre-
hensive assessment of the impact of meteorologi-
cal variables on the functioning of rain gardens
across the country in the context of specific ur-
ban catchment characteristics.

METHODOLOGY

Urban development simulations were con-
ducted (Figure 1 a-c), covering the impact of in-
creased impervious surface area on the effective-
ness of rain gardens in stormwater retention and
infiltration, as well as providing guidelines for
optimizing their design and implementation in
urban catchments across Poland.

The analysis was conducted using a custom
computational application, which enabled: (a)
modelling runoff from the catchment based on
rainfall data using the kinematic wave equation,
(b) calculating the runoff hydrograph, (c) design-
ing the volume of the infiltration trench for the
rain garden, and (d) forecasting the required run-
off control between rainfall events to maintain the
minimum water level in the trench essential for
plant growth. Figure 2 presents the dialog win-
dow displaying the available functions of the tool.

The tool was developed in C™ and imple-
mented in the Qt Creator environment. The ap-
plication allows for the modelling of retention
tanks, infiltration trenches, and infiltration ba-
sins, with runoff directed either to the ground
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Table 1. Advantages and disadvantages of GI elements and modelling tools in stormwater management

Aspect

Advantages

Green infrastructure
elements

— Increased retention and
infiltration of stormwater.

— Support for biodiversity (e.g.,
green corridors, pollinator
habitats).

— Reduced flood risk and less
load on drainage systems.

— Mitigation of urban heat island
effect and improved urban
aesthetics.

Disadvantages Studies
— Require large areas, which can | Li & Babcock (2014) showed that
be limiting in densely built-up green roofs can retain 50-80%
zones. of annual rainfall depending on
— High initial construction and climate and design.
maintenance costs. Example from London and
— Dependence on local Copenhagen (Van Mechelen
conditions, which may require et al., 2015) — green roofs
adjustments. supporting bee and butterfly

— Requires major investments in | populations.

urban spaces, often in existing Zhang et al. (2018) — controlled-
infrastructure. runoff infiltration trenches reduce
peak flow intensity by 40%.
Bowler et al. (2010) showed

that urban greenery lowers

air temperature by 1-3 °C,
improving thermal comfort.

Modelling tools

— Accurate analysis of retention,
runoff, and water quality (e.g.,
SWMM, HEC-RAS, InfoWorks
ICM).

— Limited data availability; require
precise local input data.

— Requires complex model
calibration, which may be time-

SWMM model (EPA, 2015) —
used for analyzing stormwater
drainage systems, including Gl.
HEC-RAS (Brunner, 2010) —

— Optimizes design and forecasts | consuming. L
used for flow analysis in sewers
Gl system performance under . . ;
] o and ditches, including Gl context.
changing conditions.

Need for modeling | — Accurate prediction of Gl — Expensive implementation; Hydrus (Simtnek et al., 2005)
performance during extreme requires access to detailed — tool for analyzing water and
rainfall events. datasets. pollutant transport in soils within
— Supports investment decisions | — Requires specialist knowledge | Gl systems.
and local adaptation of systems. |and modelling expertise. InfoWorks ICM — used to model

complex urban water systems.
Runoff control — Better runoff control, flood — Requires complex flow Zhang et al. (2018) — controlled-
approach prevention, and climate change regulation; expensive and time- runoff trenches reduce peak flow
adaptation. intensive to implement. by 40%.

— Reduces peak runoff, improving
system performance.

— Risk of malfunction in case of | Li & Babcock (2014) —
system failure or poor regulation. |regulated runoff in green roof
systems enhances stormwater

management.
Inter-event water | — Enhances long-term water — Excess water retention may Yang et al. (2016) — residual
retention retention, especially during dry cause drainage issues during water in infiltration systems
periods. future events. improves water availability during
— Increases absorption capacity | — Requires continuous monitoring | dry periods.
for later events. and adaptation to changing Caparrés-Martinez et al.
hydrological conditions. (2020) — studied residual water
in Gl systems and its impact
on retention under varying
conditions.
Regionalized — Allows for inclusion of local — Requires extensive data Zhang et al. (2018) — regional
analyses hydrological and climatic and model calibration; time- analysis of Gl impact on flow in
differences. consuming and costly. various climates and hydrological
— Supports the development of — Difficulties in obtaining accurate | conditions.
locally adapted standards. regional data may limit result Li & Babcock (2014) — use
precision. of regional meteorological
data in modelling green roof
performance.

or directly to the sewer system. Additionally, in the software enabled rapid and accurate hy-
a runoff regulation function was incorporated, drological analyses.

which is crucial for designing infiltration trench- Various hydrological modelling tools are
es integrated with vegetation and supporting widely used to evaluate the performance of rain
sustainable stormwater management. The tool = gardens and green infrastructure in urban envi-
facilitated the simulation of long-term rainfall ronments. Among the most frequently cited are
sequences, allowing water systems to adapt to SWMM, MIKE URBAN, HYDRUS-1D, and
changing climatic conditions and varying rain- MUSIC (Shen et al., 2021; Li et al., 2020; Zhang
fall intensities. The algorithm’s implementation et al., 2022; Simanek et al., 2005; Wang et al.,
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Figure 2. The dialog window displaying the available functions of the tool

2018). These models typically address catchment
areas ranging from 0.1 to 2.0 hectares and incor-
porate parameters such as rainfall intensity, soil
permeability, and retention depth. Their complex-
ity spans from advanced simulations integrated
with sewer networks and GIS systems (e.g.,
SWMM) to simplified frameworks designed for
conceptual and spatial analysis (e.g., MUSIC).
While advanced models demand extensive data
inputs and calibration, simplified tools enable
quicker assessments with lower data require-
ments, making them particularly valuable during
early planning stages. A summary of the key fea-
tures of these models is presented in Table 2, pro-
viding guidance for practitioners and researchers
in selecting the most suitable tool for specific ur-
ban hydrology applications.

Rainfall data

The rainfall analysis was based on data from
29 IMGW-PIB stations (Institute of Meteorology
and Water Management — National Research In-
stitute) located in various parts of Poland, ensur-
ing their spatial representativeness. The distribu-
tion of the stations is shown in Figure 3.

Poland, located in the zone of a temperate
warm climate, is characterized by high rainfall
variability due to the influence of both mari-
time and continental climates (Niedzwiedz et al.,
2009; Szelag et al., 2022). The average annual
rainfall totals around 600 mm, but these values
vary regionally — from 520 mm in the central part
of the country to over 1000 mm in the mountains
(Szelag et al. 2024; Bogdanowicz and Stachy,
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Table 2. Comparison of selected rain garden models

Model / Tool Catchment Depth [m] Key parameters Advantages Limitations
area [ha]
Rainfall (IDF), CN, LID, ) . . .
SWMM 0.3-20 | 0.6-1.0 |soil permeability, time of | "tedration with sewer High data requirements,
) network, high accuracy complex calibration
concentration
MIKE URBAN 05-20 0.6-12 Rainfall, retention, slope, |GIS _mtegratlop, high High complexny, _
land use, runoff spatial resolution topographic data required
Porosity, conductivity, layer Accurate representation of 1D model, no surface
HYDRUS-1D 0.1-0.8 0.5-1.0 |structure, physicochemical |. . "~ . P runoff or sewer
. infiltration and storage .
properties representation
Delay time, runoff, Intuitive GUI. fast scenario Simplified infiltration
MUSIC 0.1-1.0 0.3-0.9 |retention volume, rainfall . ’ scheme, no system
) . analysis .
type, layer configuration dynamics
Proprietary Ralnfall,_lnfll_tratloq, Few input variables, fast Simplified hydraulics, no
approx. 1.0 | 0.5-0.8 |geometric dimensions, ; : .
model Q. V. .a analysis sewer network simulation
max’ max’ QR

GERMANY

CZECHIA

75 150 km
L | L 1 J

23 456

L, B 1

UKRAINE

SLOVAKIA

Figure 3. Location of rain gauges against the background of the main physical-geographical regions of Poland
(1 — Baltic coastal lowlands, 2 — lakelands, 3 — central lowlands, 4 — uplands, 5 — sub-mountain basins,
6 — mountains); Source: Biatek and Musz-Pomorska (2025)

1998). In cities with high urbanization, rainfall
is more frequent and intense, mainly due to at-
mospheric convection, which increases flood risk
and requires appropriate drainage system design
(Kupczyk and Suligowski, 1997; Lupikasza,
2016). Particularly in mountainous and coastal
areas, the highest intensity rainfall is recorded
(Szelag et al., 2022).

The identification of independent rainfall
events was carried out according to the DWA
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— A 118 methodology, based on the analysis of
three basic criteria: minimum inter-event time
(MIT), minimum rainfall volume, and mini-
mum intensity. According to this method, rain-
fall events with intensities below 0.5 mm were
excluded from the analysis, allowing for more
accurate results in the context of hydrological
process modelling and runoff assessment in ur-
ban catchments. The study included rainfall data
from 1961-2005, providing a long-term picture
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of rainfall variability. The detailed methodology
is discussed by Szelag et al. (2023a). It is also
worth noting that, on average, dry periods in Po-
land last from 5 to 9 days, which is an important
factor in assessing rainfall variability in different
cities. Furthermore, the average annual rainfall
exceeding 5 mm in intensity ranges from 11 to
15 mm, depending on the region, which also af-
fects the hydrological characteristics of individ-
ual cities. Detailed results and rainfall data sets
used in the calculations are presented in Table
S1 (supplementary materials).

Sizing of rain gardens

The application for modelling runoff in infil-
tration systems supports the design of rain gardens
by combining mathematical calculations with hy-
drological processes (Biatek and Musz-Pomor-
ska, 2025). Using Darcy’s equation, it analyzes
water infiltration into the soil, taking into account
soil permeability and moisture content, while sur-
face runoff is modeled using the kinematic wave
equation, considering rainfall intensity and ter-
rain shape. The tool allows for the design of rain
gardens that effectively manage stormwater in
various atmospheric conditions, including during
intense rainfall or prolonged droughts.

Modelling runoff using the kinematic wave
equation method

The kinematic wave equation, used in model-
ling surface runoff in infiltration systems, analyz-
es water flow by accounting for changes in water
levels, soil infiltration capacity, and the impact of
dry periods on runoff, thereby supporting the as-
sessment of water retention efficiency by vegeta-
tion and soil. The kinematic wave Equation 1 can
be expressed as follows:

dq Oy
R A 1
T + Fraak f (1
9q . e
where: - — flow gradient in the spatial direction,

d . .
a—jt} — change in water depth over time,
i — rate of rainfall, (expressed in mm/hr),

f—rate of losses from rainfall.

The surface runoff model for flat-bottom
systems is based on the kinematic wave equa-
tion, the Darcy—Weisbach equation, and Man-
ning’s formula.

A simplified water balance for rain gardens
is commonly used to evaluate the performance
of green infrastructure (European Commission,
2015; Beven et al., 2012). Bhaskar et al. (2016)
also applied this approach in green infrastruc-
ture flow analysis to support stormwater system
modelling. The water balance equation (2) is ex-
pressed as:

dV = Qoues(£)dt — Qo ()dt — ,
— Quns(t)dt — ET(t)dt 2)

where: the input data include: O, () — inflow of
water to the green infrastructure object
at time ¢, (m’/s), O, () — runoff from the
substrate at time ¢, including the flow to
the ground, with overflow occurring if
the allowable hydraulic capacity is ex-
ceeded, (m’/s), Q. (t) — volume of wa-
ter flowing to the ground per unit time ¢,
(m3/s), ET(tf) — evapotranspiration from
the surface layer, (m%/s).

The computational scheme of the infiltration
system is shown in the figure (Figure 4).

The initial form of Equation 2 for the soil,
presented as Equation 3:

Quing =fe X (BXL+h(B+L)) (3)

dh
Qouts(t) = Qout(t) =€-B-L- E 4)

The solution of the balance equation for green
infrastructure facilities (2) was used for the calcu-
lations of the infiltration trench, with appropriate
transformations of relationships (5) and (6):

t
Qdmaxxg—fcx(BxL+h(B+L))

dh (5)
=eXBXLX—
dt
d (1+1 t)
Qdmax (147~ =4
(6)

—fcx(BxL+h(B+L))=stxLx%

where: Q,,— stormwater infiltration flux into the
soil, varying over time ¢, (m’/s), f. — infil-
tration rate, (mm/hr), B — width of the in-
filtration trench, (m), L — length of the in-
filtration trench, (m), # — water depth in the
soil, (m), O .~ inflow rate of stormwater
to the trench, variable over time ¢, (m%/s),
Q ,, — runoff rate of sewer system, vari-
able over time ¢, (m’/s), O, — rainwater
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infiltration flow into the ground, variable
over time ¢, (m%/s), & — porosity coeffi-
cient, (-), ¢t — duration of rainfall, (min);
1, — time to reach maximum flow, (min),
A — linear resistance coefficient, (-), dh/dt
— change in water depth in the soil over
time.

For the saturation zone, the runoff through the
drainage pipe is described by the following rela-
tionships (7) and (8):

Qout =
h+ D h+D 7
Z_Q-B-K)“KL-W,K)+4-N.H (7
2-N
for:
- L
__ [ i N
Z'g'Apipe'D
(8)
+ ! + CL
z2-g ‘Aéipe 2.9 'A?Jipe * B4gg

where: H —thickness of the water table in the soil,
(m), A — thickness of the soil above the
top of the pipe, (m), D — inner diameter of
the pipe, (m), L — length of the infiltration
trench, (m), K — hydraulic conductivity

Evapotranspiration

of soil, (m/s), B — width of the infiltration
trench, (m), Ap,-pg — cross-sectional area of
the pipe, (m?), 0,0~ porosity of the soil,
(-), C, — coeflicient of local resistances,
(-), g — gravitational acceleration, (m/s?),
A — linear resistance coefficient, (-), calcu-
lated using the formula (9):

1

2
(‘2 ‘log (%)) v

where: k — roughness of the conduit, (m), D — in-
ner diameter of the pipe, (m).

Rain garden sizing assumptions

This study utilised independent rainfall events
and delineated dry periods to determine:
e Infiltration trench volume (V),

e Runoff from the infiltration trench (Q,,).

The optimal ratio of infiltration trench volume
to catchment area is crucial for effective water re-
tention, and its regulation through runoff control
plays a key role in this process. An insufficient
volume can result in excessive runoff, as noted
by Fletcher and Shuster (2013). The analysis also
took into account dry periods, which can affect the
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Figure 4. Schematic representation of the infiltration system
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efficiency of infiltration systems. Prolonged dry
periods may reduce soil infiltration capacity, im-
pacting the ability to maintain adequate moisture
levels in rain gardens, especially in the context of
changing climatic conditions (Liu and Tan, 2014).

A system depth of 1.5 m and a minimum wa-
ter level of 0.30 m in the infiltration trench were
assumed to ensure constant retention and protect
plants from desiccation (Li and Davis, 2009).
Calculations encompassed three scenarios with
increasing impervious surface areas in the catch-
ment, reflecting urbanisation processes.

Designated rainfall events (Table S1- sup-
plementary materials) were analysed, and the
infiltration trench volume was calculated using
Equation 11:

V==¢"B L hna (10)

The application employs a proprietary method
that models not only individual values for infiltra-
tion trenches concerning independent rainfall
events but also accounts for dry periods. Regu-
lated runoff, dependent on the dry period, can be
modeled using Equation 12:

Qor =€ "B "L * hyax " tpa (11)

where: V' — volume of the infiltration trench,
(m?); ¢ — porosity coefficient, (-);

B — width of the trench, (m), assumed B
=3 m; L — length of the trench, (m); &,
— maximum depth of the trench, (m), as-
sumed 2 = 1.5 m; Q. — runoff from
the infiltration trench, (m’/s); t,, — dry
period (s), derived from IMGW rainfall
data for the period 1961-2005 for vari-
ous Polish cities (Table S1 — supplemen-
tary materials).

Assumptions for calculations

The following input data were used in the ap-
plication, as shown in Table 3.

RESULTS

Infiltration trenches are increasingly recog-
nized as vital components in modern stormwater
management strategies, facilitating the retention
and gradual percolation of rainwater into the soil.
Their effectiveness is influenced by factors such
as soil permeability, rainfall intensity, and the
available infiltration area. Proper design of infil-
tration systems, like rain gardens, is essential for
mitigating flood risks and enhancing the hydro-
logical balance in urbanized areas.

Table 3. Assumed input data used for the infiltration trench, catchment, and runoff (Akan and Houghtalen, 2003)

Name Index Unit | Value
Infiltration trench
Rainfall duration t, min step 5 min
Porosity coefficient £ - 0.44
Infiltration rate fc m/s 0.001
Width m 3
Length m to 200
Catchment
Width of flow path B m 10, 40, 100
Length of flow path L m 20
Manning’s roughness coefficient n m3-s 0.0015
Hydraulic gradient S, - 0.001
Runoff

Maximum water depth in the soil h m 1.5
Diameter of drainage pipes D m 0.15
Hydraulic conductivity of soil K m/s 0.15
Cross-sectional area of the pipe Awe m? 0.01766
Porosity of the soil Gaﬂ - 0.3
Coefficient of local resistances CcL - 1
Roughness of the conduit k m 0.001
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To investigate potential spatial differentiation
in infiltration efficiency, the data were analyzed
using k-means clustering — a widely used unsu-
pervised machine learning method that partitions
observations into k distinct clusters based on their
similarity. The algorithm minimizes variance
within clusters while maximizing differences
between them, ensuring that data points within
a cluster are more similar to each other than to
those in other clusters.

In this analysis, the number of clusters (k) was
set to two, based on a preliminary spatial assess-
ment. The aim was to distinguish general areas
with differing geographic and climatic character-
istics that may affect the performance of nature-
based stormwater management solutions.

As a result of the analysis, two distinct clus-
ters — CL1 and CL2 — were identified, reflecting
key spatial and rainfall-related differences within
the study area. Table 4 presents the average val-
ues of key variables (latitude, longitude, and an-
nual rainfall) for each cluster, along with variabil-
ity indicators such as variances and quantiles at
three thresholds (10, 40, and 100), illustrating the
internal diversity of each group.

The analysis revealed that Cluster CL1, locat-
ed in the southeastern region (Lat = 51.92; Long
= 20.29), experiences higher mean annual rain-
fall (592.09 mm) compared to Cluster CL2 (Lat
= 52.14; Long = 17.08; Rainfall = 585.00 mm).
Furthermore, CL1 consistently shows higher
values of both variances and quantiles, suggest-
ing greater internal variability within this group.
In contrast, CL2 exhibits lower variability and a
more homogeneous distribution of parameters.

This pattern of regional differentiation aligns
with the approach described by Szelag et al.
(2023b), which underscores the value of identify-
ing spatial and statistical variability as a founda-
tion for further modelling and classification. Al-
though the inter-cluster differences are moderate,
they are systematic and substantiate the presence
of meaningful regionalization. To further validate
the segmentation, advanced cluster quality as-
sessments such as silhouette analysis or ANOVA
(Analysis of Variance) are recommended, in line

Table 4. Mean parameter values in clusters CL1 and CL2

with established practices in environmental data
analysis and spatial hydrological modelling.

Complementing the clustering results, a cor-
relation analysis was conducted to assess the
relationships between geographic variables and
hydraulic performance metrics. The outcomes,
summarized in Figure 5, confirm statistically sig-
nificant correlations — particularly between longi-
tude and key hydraulic indicators.

For example, longitude demonstrated a strong
positive correlation with retention volume V(40)
(r = 0.524) and outflow Q(40) (r = 0.599). Very
high correlations were also observed between re-
tention volumes under different rainfall scenarios,
such as V(40) and V(100) (r = 0.961), as well as
between Q(40) and Q(100) (r = 0.928). These
findings underscore the potential to estimate infil-
tration trench dimensions using geographic loca-
tion and rainfall data, without the need for com-
plex hydraulic modelling.

The use of a standardized 1-hectare catch-
ment area — selected based on the literature
(De Paola and De Martino, 2013; De Paola and
Ranucci, 2012; Aldrees and Dan’azumi, 2023)
as representative of urban micro-catchments in
Poland — strengthens the practical relevance of
the results for planning green infrastructure in
urban environments.

Analysis of infiltration trench volume

The conducted analysis of infiltration trench
volumes under various urban catchment sealing
scenarios (Figures 6a—c) provides valuable in-
sights into the potential of infiltration systems, in-
cluding rain gardens, for stormwater management
in urbanized areas of Poland.

The results indicate a significant increase in
the required volume of infiltration trenches across
all six mesoregions, which is a key element in as-
sessing the changing structure of rainfall infiltra-
tion on a national scale, considering the ongoing
urbanization of urban catchments and the result-
ing increase in land sealing. In the first sealing sce-
nario (Figure 6a), the volumes of the infiltration
trench predominantly ranged from below 36 m* to

Parameter Lat Long Rainfall V(10) V(40) V(100) Q(10) Q(40) Q(100)
CL1 51.92121 | 20.28939 | 592.0909 | 10.92833 | 19.08945 | 44.46508 | 2.209315 | 3.387168 | 7.621287
CL2 52.13519 | 17.07593 | 585.0000 | 10.34620 | 17.80728 | 41.39799 | 1.876057 | 2.979982 | 6.666438
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Figure 6. The volume of the infiltration trench, considering varying degrees of urban catchment sealing:
(a) low, (b) medium, and (c) high

about 40 m?; in the second scenario (Figure 6b),
they oscillated between 101 and 110 m?, while in
the third scenario (Figure 6¢), the volumes ranged
from 250 m? to approximately 275 m*. The larg-
est trench volumes, regardless of the sealing de-
gree, were recorded in Mikotajki (Mesoregion 2),
where the values were 52.6 m?, 145.4 m?3, and
352.8 m?, while the smallest volumes occurred in
Elblag (Mesoregion 1), with values of 28.7 m?,
77.4 m? and 187.1 m®. In the first sealing scenar-
io (Figure 6a), the highest trench volumes were
recorded in lowland, lakeland, and upland areas:

Mikotajki (52.6 m?), Szczecin (47.2 m®), Kato-
wice (46.9 m?), and Zielona Goéra (45.1 m?), while
values below 35 m*® were observed in lowland,
lakeland, upland, and mountain basin areas — in
Elblag (28.7 m?), Kotobrzeg (33.3 m?), Suwatki
(32.0 m*), Lublin (32.3 m®), Kielce (34.3 m?), and
Jelenia Gora (33.9 m?).

The analysis of the percentage increase in
trench volume in relation to urbanization changes
revealed that the highest increase was recorded
in Terespol (7.7%), while the lowest was in
Zielona Gora (5.4%). In cities with the highest
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trench volume values, the increases were as fol-
lows: Mikotajki (6.7%), Szczecin (5.9%), Kato-
wice (5.6%), and Zielona Gora (5.4%). In cities
with lower trench volumes, similar growth rates
were observed: Elblag (6.5%), Kotobrzeg (6.6%),
Suwatki (6.7%), Lublin (6.5%), Kielce (7.0%),
and Jelenia Gora (6.7%).

The research conducted in the six mesoregions
of Poland revealed significant variation in infiltra-
tion trench volumes depending on the degree of
surface sealing. The largest trench volumes were
recorded in Mikotajki (Mesoregion 2), where the
values in the three sealing scenarios were 52.6 m?,
145.4 m?, and 352.8 m?, which is consistent with
the characteristics of lakeland regions where the
presence of numerous water bodies and highly
permeable soils promotes infiltration. The small-
est volumes occurred in Elblag (Mesoregion 1) —
28.7m?, 77.4 m?, and 187.1 m>® — which is related
to denser development and poorer conditions for
infiltration. In lowland and upland mesoregions
such as Szczecin, Katowice, and Zielona Gora,
trench volumes were varied and dependent on lo-
cal topographical conditions and soil types.

In the highest sealing scenario (Figure 6¢),
trench volumes were characterized by a wider
range, with volumes exceeding 275 m? in Me-
soregions 1, 2, 3, and 5, while in other me-
soregions, they oscillated between 225 m* and
275 m3. The division into mesoregions enables
a more accurate assessment of the infiltration
capacity of individual areas and their demand
for infiltration trenches. The results of the anal-
yses suggest that cities with a high degree of
sealing require larger trench volumes, while
lakeland regions benefit from better natural wa-
ter retention conditions.

The obtained results confirmed the need to
adjust stormwater management strategies in dif-
ferent mesoregions to increase their resilience
to extreme weather events in the face of climate
change. Similar challenges related to surface seal-
ing are occurring worldwide. For example, in Sin-
gapore, as part of the “ABC Waters Programme”
(Lim et al., 2016; Yau et al., 2017), green spaces
were increased and rain gardens were implement-
ed, enabling effective stormwater management.
In New York, the “Green Infrastructure Plan”
successfully reduced surface runoff by 1.2 mil-
lion m® per year (Rosenzweig and Fekete, 2018).

The analysis of infiltration trench volumes
in different mesoregions of Poland revealed
distinct differences in the structure of rainfall
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infiltration, closely linked to the degree of wa-
tershed sealing. In cities with a higher degree of
sealing, such as Szczecin, the highest retention
capacities were observed, with trench volumes
exceeding 45 m?, 120 m?, and 275 m* in three
different sealing scenarios. Climate change may
affect the water retention capacity in different
mesoregions, with lowland and lakeland areas
potentially experiencing periodic flooding due
to increased rainfall intensity, while upland and
mountain regions may face sudden surface run-
off leading to erosion.

Analysis of runoff volume from the infiltration
trench in an urban catchment

Changes in land use structure, particularly in
urbanized areas, have a key impact on the wa-
ter balance. Surface sealing, such as covering it
with concrete, asphalt, or building roofs, limits
the infiltration of rainfall, leading to an increase
in surface runoff (Arnold and Gibbons, 1996;
Fletcher et al., 2013). This phenomenon is com-
monly observed worldwide, especially in cities
with a high degree of urbanization, such as New
York, Tokyo, or Paris.

This study analyzes the impact of surface
sealing on surface runoff in Poland, taking into ac-
count the diverse physical and geographical con-
ditions of individual mesoregions (Figure 7a-c).
The analysis considers three surface sealing sce-
narios: low, medium, and high.

The results of the analysis indicate significant
variability in the size of runoff depending on the
degree of sealing and specific geographic condi-
tions. In the first scenario (Figure 7a), character-
ized by a low degree of sealing, cities with runoff
values in the range of 30—40 m*d dominate. In
the second scenario (Figure 7b), with medium
sealing, runoff ranges from 55 to 70 m*/d, while
in the third scenario (Figure 7c), with the high-
est sealing, runoff values increase to the range of
130-160 m?/d. Observations show that as the sur-
face sealing increases, the number of cities with
higher surface runoff also increases.

The highest runoff values are found in moun-
tainous (Mesoregion 6), upland (Mesoregion 4),
and lake regions (Mesoregion 2), where terrain
morphology and lithological properties promote
intensification of surface runoff. In the analysis of
the impact of urban catchment sealing on runoff,
cities with the highest runoff values (> 50 m*/d)
at a low degree of sealing (Figure 7a) include
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Figure 7. The size of the regulated runoff from the infiltration trench considering the sealing
of the urban catchment: a) small, b) medium, c) high

Katowice (Mesoregion 4), Mikotajki (Mesore-
gion 2), and Bielsko-Biata (Mesoregion 6). In
conditions of increased sealing (> 100 m*/d, Fig-
ure 7c¢), this trend remains particularly noticeable
in mountainous areas, especially in Bielsko-Biata
and Nowy Sacz (Mesoregion 6).

A specific case is Mikotajki (Mesoregion 2),
where runoff values remained high regardless
of the degree of catchment sealing (Figure 7a —
56.2 m*/d; Figure 7b — 107.5 m?/d; Figure 7¢ —
260.8 m*/d).

The results of the analysis confirmed the sig-
nificant variability of runoff depending on the
degree of sealing and specific geographic condi-
tions, which is supported by numerous studies
conducted worldwide. Research by Booth et al.
(2002) in the United States indicates that in cit-
ies like New York, Los Angeles, and Chicago,
intense surface sealing leads to a significant in-
crease in runoff, resulting in overloaded sewer
systems and increased flood risk. In Chicago, the
rapid discharge of water into the sewer system
limits infiltration, leading to soil moisture defi-
cits and affecting the microclimate (Shuster et
al., 2005). In Europe, studies conducted by Sal-
vadore et al. (2015) in London and Paris showed
that surface sealing in these cities led to a more
than 70% increase in surface runoff compared to
natural areas (Zhou et al., 2017; Fletcher et al.,
2013). Similar observations were made in Asian
cities such as Beijing and Tokyo. As studies by
Li et al. (2020) and Endo et al. (2021) indicated,
the increase in sealed surfaces in these metrop-
olises leads to a reduction in the concentration
time of runoff and an increase in its peak values,
which burdens drainage systems and increases
the risk of local flooding.

In Poland, particularly in cities such as War-
saw and Krakoéw, hydrological studies conducted
by Szulc and Zelewski (2021) and Banasik et
al. (2014) indicate a significant increase in sur-
face runoff, which now exceeds 60% compared
to earlier years, mainly due to intensive urban-
ization and infrastructure development. These
changes lead to overloaded sewer systems and
an increased flood risk, particularly in areas with
higher levels of sealing.

At the international level, solutions based on
green infrastructure, such as rain gardens, infiltra-
tion systems, and green roofs, show positive ef-
fects in reducing surface runoff. Research by van
de Meene et al. (2011) in the Netherlands shows
that the implementation of such solutions allowed
a 30% reduction in runoff, effectively reducing
flood risk in cities with high levels of urbanization.

Dependence between catchment sealing,
infiltration trench volume, and runoff
from the infiltration trench

To investigate the relationship between the de-
gree of catchment sealing and the volume of the in-
filtration trench (Figure 8a) as well as runoff from
the infiltration trench (Fig. 8b) in cities in Poland,
the data presented in Figure 8 were analyzed.

The data presented in Figure 8a show clear
differences in the impact of surface sealing on
the volume of the infiltration trench across vari-
ous mesoregions of Poland. Particularly in the
mesoregion 3 (Terespol) and the mesoregion 4
(Kielce), where sealing has the greatest effect,
noticeable changes in the water balance are ob-
served, and an increase in sealing leads to a re-
duction in the land’s ability to infiltrate rainfall.
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Figure 8. The relationship between catchment sealing and: a) the volume of the infiltration trench;
b) runoff from the infiltration trench in cities in Poland

On the other hand, in Poznan (Mesoregion 2)
and Katowice (Mesoregion 4), where the im-
pact of sealing on the volume of the infiltration
trench is smaller, this may be due to other geo-
graphical or hydrological factors, such as soil
type, terrain structure, or the presence of reten-
tion infrastructure.

The data in Figure 8b show a clear variation
in the relationship between catchment sealing
and runoff from the infiltration trench in Poland.
The greatest impact of sealing on runoff was
recorded in the 1st mesoregion, with values of
6.84 in Swinoujscie and 5.29 in Elblag. In low-
land regions, sealing significantly contributes
to an increase in runoff, due to smaller terrain
slopes and more intensive development. In con-
trast, in Katowice (Mesoregion 4) and Poznan
(Mesoregion 2), where runoff relationships are
smaller (2.34 and 2.59, respectively), the impact
of sealing on surface runoff is less pronounced.

According to global studies, the relation-
ship between catchment sealing and runoff
depends on local geographical conditions. In
lowland regions, such as Sydney (Australia) or
Swinoujécie and Elblag (Poland), surface seal-
ing leads to a significant increase in runoff due
to limited infiltration. Increased urbanization in
lowland areas leads to a significant rise in storm-
water runoff, which is consistent with research
in the Netherlands (de Lange et al., 2019), where
runoff increased by over 70% due to intensive
urbanization. In these regions, other factors,
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such as terrain structure, the presence of green
infrastructure (e.g., rain gardens), or natural wa-
ter retention, can reduce the impact of sealing on
runoff, as confirmed by the findings of Barton et
al. (2021) regarding ecological solutions in wa-
ter management. Studies by Jafari et al. (2020)
indicate that in lowland regions of Australia,
such as around Sydney, surface sealing leads to
a significant increase in runoff, while in more
mountainous regions, such as the United States
(Leopold et al., 2018), sealing has a lesser im-
pact on runoff due to favorable terrain morphol-
ogy and natural water retention.

In mountainous areas, such as Nowy Sacz or
Bielsko-Biata (Mesoregion 6), the ratio of seal-
ing to the volume of the infiltration trench re-
mains high, exceeding a value of 6 (Figure 8a).
In this region, due to the varied terrain morphol-
ogy, water tends to naturally infiltrate, which
means that despite high levels of sealing, run-
off does not increase as drastically as in lowland
areas. For example, in Bielsko-Biata, the runoff
ratio with medium sealing is 3.84, and in Nowy
Sacz, it is 4.47 (Figure 8b). Furthermore, the
presence of green infrastructure, such as storm-
water retention systems, may also contribute to
limiting the intensity of runoff in these areas.

These results highlight the importance of
considering specific geographical, urban, and
climatic conditions in hydrological analy-
ses and stormwater management in different
regions.
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CONCLUSIONS

This study investigated the impact of
changing rainfall patterns and the characteris-
tics of urban catchments on the effectiveness
of rain gardens in six mesoregions of Poland.
The analysis was based on meteorological data
from 29 stations covering a period of 37 to 44
years, as well as a custom-built simulation tool
that accounted for three levels of land sealing.
The research showed an increase in the required
volume of the infiltration trench across all re-
gions in response to increased sealing. In the
first scenario, the volumes of the trench ranged
from 28.7 m® (Elblag) to 52.6 m* (Mikotajki),
in the second scenario from 77.4 m? to 145.4
m?3, and in the third scenario from 187.1 m?3
to 352.8 m?®. The largest infiltration capaci-
ties were recorded in Mikotajki, Szczecin, and
Katowice, while the smallest were in Elblag,
Kotobrzeg, and Suwatki. The highest relative
increase in trench volume occurred in Terespol
(7.7%), while the lowest was in Ziclona Gora
(5.4%). In lake regions such as Mikotajki,
natural soil conditions favored more efficient
infiltration.

Surface runoff analysis revealed higher
runoff volumes in cities with a high degree of
sealing, particularly in mountainous, upland,
and lake regions. In the case of high sealing,
runoff reached values from 130 m?*/d to 160
m?3/d, while with low sealing, it was limited to
30-40 m3/d. The highest runoff was observed
in Katowice and Mikotajki, despite differences
in the level of urbanization. The correlation
between catchment sealing and increases in
the volume of the infiltration trench and run-
off was particularly pronounced in lowland
regions, while in mountainous regions (e.g.,
Bielsko-Biata, Nowy Sacz), the increase in
runoff was moderate.

The developed application enables the de-
sign of infiltration systems tailored to chang-
ing urban and climatic conditions. The results
underscore the importance to consider local
physical-geographical variability in the pro-
cess of planning sustainable stormwater man-
agement. Strategies based on the development
of rain gardens can significantly enhance the
resilience of cities to the impacts of climate
change, while simultaneously improving the
quality of life for residents and the quality of
the urban environment.
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ABSTRACT

An extensive methodology for analyzing the impact of catchment and sewer network retention on drainage system
operating conditions during hydraulic overloading is presented. To evaluate the performance of the sewer system and
identify the need for repair actions, logistic regression models were developed to predict the unit flooding volume and
manhole overflowing. An advanced sensitivity analysis was performed to determine the key parameters (retention and
roughness of impervious and pervious areas as well as sewer channel retention) conditioning the reduction of uncer-
tainty in the simulation results and ensuring the assumed hydraulic effect. A coefficient expressing the quotient of the
duration of rainfall conditioning the exceedance of the limits of the unit flooding volume (13 m3-ha™) as well as the
degree of overflowed manholes (0.32) was determined, allowing the determination of the key performance criterion
of the sewer network to take corrective action depending on field and channel retention. It was shown that the catch-
ment area retention had the key influence on the conditions of sewer operation and the probability of remedial work.
Increasing the rainfall duration led to a decrease in sensitivity coefficients with respect to the identified parameters
of the SWMM model, which is important when selecting rainfall events for the calibration and validation sets. The
usefulness of the developed methodology was demonstrated at the stage of building mechanistic models, which is of
significance when planning field studies.

Keywords: stormwater system, environmental impact, multi-criteria approach, modelling, SWMM, GLUE, sen-
sitivity analysis.

INTRODUCTION flooding events in urban catchments [1, 2, 3]. To
mitigate these impacts on the environment and

Climate change, ongoing urbanization, and  living standards, decision-makers need to mod-
reduced pipe throughput contribute to the dete- ernize stormwater networks through the imple-
rioration of receiving waters, resulting in an in- mentation of green infrastructure or pipe reten-
creased frequency and volume of stormwater  tion systems [4, 5]. Ensuring optimal solutions,
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including hydraulic effects, requires adherence to
stormwater network operation standards defined
by the European Standard EN 752 [6]. This stan-
dard determines the total number of stormwater
flooding events within the assumed period [7, 8,
9]. Additionally, quantitative criteria, expressing
the depth of stormwater [10], i.e. determining
the unit flooding volume per paved area of catch-
ment (referred to as specific flood volume) and
specifying the degree of overflowed manholes in
the stormwater network (referred to as degree of
flooding) were introduced [11].

Depending on the available criteria, model-
ing can be performed using different computa-
tional tools [12, 13, 14, 15]. Mechanistic mod-
els (MCM) are usually applied for this purpose,
enabling the modeling of hydraulic conditions in
a stormwater network, as well as the depth and
area of flooding [16, 17]. This usually requires
integrating the hydraulic model with the digital
terrain model (DTM) [18, 19]. If data are unavail-
able, simplified solutions can be used, modeling
the volume of stormwater flooding for individ-
ual manholes. One of the most commonly used
simplified approaches is SWMM (Storm Water
Management Model) [18, 20]. The prediction of
flooding is a complex issue resulting from the in-
teraction of land use, surface runoff, channel flow,
and hydraulic characteristics of manholes [21, 22,
23]. To account for the above factors, a number
of coefficients are included in the mechanistic
models, which require calibration [24, 25]. This
leads to over-parameterization of MCM models,
resulting in problems with the identification of
calibrated parameters [26, 27]. The strong inter-
action between parameters, the limited number of
inputs to developed MCM models, the simplified
de-parameterization of land use, as well as the
layout of the sewer network lead to problems with
model calibration and influence the uncertainty of
predictions [25, 28].

Sensitivity analysis constitutes an approach to
reduce the number of calibrated parameters [29,
30, 31], especially integrated with uncertainty
analysis. This approach is often used during the
implementation of optimization methods for the
parameter identification. A literature review [32,
33] indicates that sensitivity analysis is also car-
ried out by global and local methods, which do
not take into account any influence of local rain-
fall conditions and the variability of identified pa-
rameters on the simulation results.
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MCM models enable prediction of continuous
values (flood volume, number of flooded manholes),
but prevent prediction of the need to undertake repair
action [25]. This limitation can result in problems
with planning field studies during the development
step of MCM models to be used for catchment man-
agement. Currently, there is a lack of guidelines for
selecting rainfall events for the calibration and vali-
dation set [27], which has a major impact on the fit-
ting of predictions to measurements and the reliabil-
ity of the resulting predictions as a basis for making
decisions on corrective actions [34].

This study presents the possibility of imple-
menting the given computational methodology
with respect to proposed parameters, such as spe-
cific flood volume and the degree of flooding, as
the operating criteria for stormwater networks.
A logistic regression model already applied for
simulating stormwater network operation was
used for this purpose [35]; however, its use in
the applied approach constitutes a novel applica-
tion. Moreover, in terms of specific flood volume
and degree of flooding, an innovative analysis
has been proposed that involves the development
of a sensitivity coefficient of the hydrodynamic
model. This enables the effect of (i) the influence
of rainfall intensity, (ii) the frequency of its oc-
currence, and (iii) the parameters to be identified.
So far, this aspect has not been considered in the
proposed catchment model and calibration proce-
dures to determine operational parameters.

STUDY AREA

The investigated urban catchment is located
in the city of Kielce, Poland (Eastern Europe).
Kielce is found in the Swigtokrzyskie Region
with an average population density of about 107
persons-km™ [25]. The studied catchment is po-
sitioned in the southeastern part of the city and
is occupied with housing estates, public utility
buildings, and the main streets. The impervious
areas in the catchment constitute 40%, whereas
the remaining part is pervious. It was determined
that the retention of the impervious areas amounts
to 2.5 mm, whereas that of pervious areas is equal
to 6.0 mm [9]. The road network density in the
analyzed area amounts to 108 m-ha™'. The el-
evation of the highest point of the catchment is
271.20 m a.s.l.,, whereas that of the lowest one
1 260.0 m a.s.l. In the considered catchment, the
total length of the stormwater network amounts
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to 5584 m, including the main pipe, which has a
length of 1569 m. The diameter of the main pipe
ranges from 600 to 1250 mm, whereas the diame-
ters of the side pipes range from 300 to 1000 mm.
The slopes of the pipes are within the range of
0.04 to 3.90% [25].

The catchment area under study is depict-
ed in Figure 1. The map shows the catchment
boundaries, as well as the main sewer and side
channels. The stormwater from the catchment
flows into a diversion chamber (DC); up to a
depth of 0.42 m, the entire volume of stormwa-
ter is directed to a stormwater treatment plant
(STP). The treated stormwater is discharged to
the Silnica River. If, due to intense rainfall, the
level of stormwater in the DC exceeds 0.42 m,
it is discharged through an overflow structure
(OV) into the Silnica River. A MES-1 flow meter
was installed ca. 3 m from the diversion cham-
ber inlet to measure and record the flow every
minute during intense rainfall events. Location
of devices is shown in Figure 1.

Based on data spanning 2010-2020, it was
observed that MES-1 flow meter recorded flows
ranging from 1 to 9 dm*-s™' during dry periods,
suggesting infiltration. The flow meter’s probe
gauges water level (via water level pressure mea-
surement) and average flow rate of stormwater
(utilizing the Doppler effect). These measure-
ments, combined with the specific shape and

dimensions of the canal, enable the built-in mi-
croprocessor to calculate the volumetric flow rate
of stormwater. A rainfall station, conducting con-
tinuous rainfall measurements since 2008 at a 1
— minute resolution, is located 2.5 km away from
the catchment border.

RESEARCH METHODOLOGY

In this section the innovative and multicriteria
methodology is presented, mainly based on the
operational evaluation of stormwater networks
(Figure 2). It considers two criteria, including:

e specific flood volume, determining the unit
flooding volume per 1 ha of the catchment:

2K Ve

/‘11 = (1)

Aimp
where: V is the volume of stormwater flooding
from the i-th manhole, K is the number of
manholes in the stormwater network, and
A[mp is the impervious area,

e degree of flooding, i.e. the degree of over-
flowed manholes in the stormwater network:

2)

where: N, ;= the number of overflowed man-
holes in the stormwater network.

K
— z:i=1 Ng.f

Ay K

| m— main channel
| —— side channels

[P

Figure 1. Investigated catchment in Kielce, Poland. MES-1 — flow meter, OV — overflow structure,
DC — diversion chamber, STP — stormwater treatment plant
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According to Siekmann and Pinnekamp [11], a
stormwater network requires urgent modernization
for the values of 1, > 13 m*-ha™" and values of A, >
0.32. The maximum values of A, and A, presented
above constituted the basis for developing the logis-
tic regression models. Such parameters are the most
important in decision making regarding the repair
action of existing systems. The proposed compu-
tation algorithm consists of 6 modules (Figure 2).
The development of algorithm includes four steps:
e Modules 1, 2 — collecting the data and devel-

oping of mechanistic model,

e Module 3 — uncertainty analysis with GLUE
method,

e Modules 4, 5 — development of a logistic re-
gression model to assess the relationship be-
tween specific flood volume and degree of
flooding with sensitivity analysis,

e Module 6 — analysis of the dependence of the
duration of rainfall that results in exceeding
the thresholds of specific flood volume and
degree of flooding.

Separation of independent rainfall events
(DWA-A118)

In the analysis the independent rainfall events
(with uniformed distribution) for modeling of
stormwater network operation were separated,
based on continuous rainfall time series (2010—
2019). On the basis of the performed analysis of
the rainfall data, it was observed that the num-
ber of rainfall events in any year ranged from 12
to 30 (202 rainfall events), in which the rainfall
depths were in the range of P, = 5.2-80.2 mm, the
maximum 30 — minute rainfall depths in a rainfall
event in any year were equal to P_, = 2.5-41.2
mm, the rainfall durations were t = 15-150 min
and the dry period was t = 6-336 h. Since the
uncertainty of the SWMM parameters is included
in the calculations, the selection of rainfall events
for modeling of operation of the stormwater net-
work is not a simple task. The detailed methodol-
ogy is discussed by Szelag et al. [25].

Rainfall frequency was established by con-
sidering rainfall characteristics such as depth and
duration, utilizing the regional model for Poland
introduced by Bogdanowicz and Stachy [36].

Mechanistic model of the catchment (SWMM)

Modeling of the investigated catchment was
performed using a calibrated mechanistic model
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developed in SWMM. The analyses were based on
a mechanistic model with an area of 62 ha, com-
prising 92 subcatchments with areas ranging from
0.12 ha to 2.10 ha (as shown in Figure 1), whereas
the imperviousness equaled 5-90%. The consid-
ered model consists of 72 pipes and 82 manholes.
During calibration, it was determined that the re-
tention depth of the impervious areas D, == 2.50
mm, pervious areas D = 6.0 mm, Manning rough-
ness coefficients of impervious and pervious areas
weren, =0.025m™"sandn =0.10 m 3-s. The
width of the run-off path was determined based on
the dependence W = A", where ® = 1.35. The
considered catchment model constituted the basis
for the analyses related to the quantity and quality
of stormwater, tank dimensioning, and operation
of the stormwater overflow structure [9, 25].

In the applied approach, the stormwater oper-
ational parameters (specific flood volume, degree
of flooding) were predicted using the “Flooding”

é Module 1 )
- Catchment characteristics
- Sewer network characteristics
- Measurement of rainfall data and flows
\_ Separated rainfall events (OWA-A118) >,
o
Module 2
Mechanistic model of catchment (SWMM)
X B .
Module 3
Uncertainty analysis (GLUE) J
B
i Module 4 A
Continuous simulation of stormwater network
system under uncertainty and predict of operation
kcriteria (specific flood volume, degree of flooding) )

¥

( Module 5 A

- Development of logistic regression model
to predict probability of specific flood volume
and degree of flooding

i Sensitivity analysis )
b
g 1
Module 6

Analysis of relationship between
specific flood volume and degree of flooding
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in the context of the specific flood volume and the
degree of flooding



Advances in Science and Technology Research Journal 2024, 18(6), 291-303

option for a single junction, which enables a re-
duction in the quantity of measurement data re-
quired [9].

Uncertainty analysis (GLUE) methodology

In this paper, the generalized likelihood un-
certainty estimation (GLUE) method was used
for uncertainty analysis. The theoretical basis of
the method is discussed in detail in the studies
by Beven and Binley [37] and Romanowicz and
Beven [38]. In the GLUE method, the basis for
the identification of parameter distributions was
Bayesian estimation, in which for the assumed a
priori parameter distributions the so called a pos-
teriori distributions were determined by the like-
lihood function. The following parameters (uni-
form distribution) were included in the SWMM
model: coefficient for flow path width (a), reten-
tion depth of impervious areas (Dimp), retention
depth of pervious areas (D,.), Manning’s rough-
ness coefficient for impervious areas (nimp), Man-
ning’s roughness coefficient for pervious areas
(n ), Manning’s roughness coefficient of sewer
channels (n_ ), correction coefficient for sub-
catchments slope (y) and correction coefficient
for percentage of impervious areas (J3). Details on
the parameters used are provided by Kiczko et al.
[39] and Szelag et al. [40].

Measures of goodness of fit of the results and
a posteriori distributions were calculated based
on simulations performed for the observed hyeto-
grams and hydrograms. For both events utilized
in parameter identification (15 September 2010
—P,=9.2 mm, t = 286 min, and 8 July 2011 - P,
= 8.2 mm, t = 60 min), 96% of observed points
were encompassed by the confidence bands. In
the validation sets 89% of observed points fell
within the bands for the May 30, 2010 event (P, =
12.5 mm, t = 107 min), and 60% for the July 30,
2010 event (P, = 16.5 mm, t = 270 min).

Continuous simulation of stormwater systems

Based on the separated (M = 200) rainfall
events for the catchment area, the operation of
the stormwater drainage network was simulated
by determining the volume of flooding for each
i-th manhole and the number of overflowed man-
holes. There were 5000 simulations of SWMM
parameters combinations — a priori distribution
(Section: Uncertainty analysis (GLUE) method-
ology) of independent rainfall events, for which

A, and A, were determined. The data obtained was
used to develop a logit model, with 80% of the
data used for training, 10% for testing, and the
other 10% for validation. To simulate the storm-
water network operation, regarding the logistic
regression models, rainfall events for which the
rainfall depth P, > 5.0 mm were selected. It re-
sulted in the rainfall duration in the range 10-135
minutes.

Logistic regression model to predict
the probability of the operation criteria

The logit model describes the following gen-
eral dependence:

_explag t oyt apptaz izttt x)
Tl dexpaot @ Xt @y o+ a3 xz3+octag cox) (3)
_ _expX)

p

1+ exp(X)

where: p —probability of exceeding the maximum
value of the specific flood volume (1) and
the degree of flooding (A,); o, — absolute
term; o, 0., o, o, — values of coefficients
estimated with the maximum likelihood
method, X — vector describing the linear
combination of the independent variables;
x, — independent variables describing rain-
fall characteristics, e.g., rainfall depth, its
duration, and the parameters calibrated in
the SWMM. Identification of independent
variables was performed using a stepwise
algorithm that also eliminates correlated
independent variables [41].

In the performed analyses, identification of the
data obtained from the SWMM simulation to the
binary form was based on the following criteria:
a) when A, > 13 m’-ha™", then 1, in the remaining

cases 0,
b) when A,>0.32, then 1, in the remaining cases 0.

Following literature findings [11], values &, >
13 m’-ha™" and A, > 0.32 correspond to p > 0.5.
Specificity (SPEC), sensitivity (SENS) and accu-
racy (ACC) were used to assess the goodness of
fit between predictions and measurements.

Sensitivity analysis

In the performed investigations, the analysis
of model sensitivity was carried out using local
sensitivity analysis [24, 42, 43]. In the proposed
solution the sensitivity coefficient was defined,
described by the following Equation:
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_op x p(xig +Ax;) —p(xig; A) .

T (xig FAx) —xg, p(xig; A) _(4)

=a; X (1 — p(xi_g; /1))

where: x, — values of independent variables, A
— values of A, and A, parameters which
constitute the basis for assessing the op-
eration of the stormwater network p(x +
Ax)) — probability of exceeding A (A,) for
the value (x, +Ax) px, ,A)— probablhty
of exceedmg the value A (k ) for the set of
independent variables 1nV01V1ng rainfall
characteristics and calibrated SWMM pa-
rameters. The individual steps for calcu-
lating the sensitivity coefficients accord-
ing to Equation 4 are given in Szelag et
al. [40]. On the basis of Equation 4, sensi-
tivity coefficients were calculated for the
calibrated SWMM parameters using the
models to predict the probability of spe-
cific flood volume and degree of flooding
in the stormwater network. These calcula-
tions were done for t = 15-135 min and
C =3, 5 assuming the SWMM parameters
were determined from calibration [39].

j _6x,- p

Relationship between the specific flood
volume and degree of flooding

Based on literature review [9, 11], it can be
concluded that the probability of a specific flood
volume (1) and a degree of flooding (1) depends
on the rainfall data (rainfall depth and duration)
and the parameters calibrated, used in SWMM
( mp? Dper, Rips Ty s O B, v, etc.). It was as-
sumed, following Siekmann and Pinnekamp [11],
that when the value of A, = 13 m’-ha™'or A, = 0.32,
then the stormwater network requires repair ac-
tion and the calculated values of the probability
of a specific flood volume and the probability of a
degree of flooding are equal to 0.5. For p = 0.50,
by appropriately transforming Equation 3, it can
be written that X = 0 (where X — linear combina-
tion of independent variables included in logis-
tic regression models). For the above assump-
tions, the ratio of rainfall durations for which A,
=13 m’-ha™" and A, = 0.32 can be written with an
Equation of the form:

where: x—coefficientin the formofz _(A))-¢ (X)),
which describes the relative difference be-
tween the duration of rainfall for which &,
—13m3 ‘ha™'or A, = 032,(10,(11,(12,(1
ool ol ot al, o, a ' —coefficients
estlmated by the method of maximum
likelihood in the logit model for predict-
1ng spemﬁc flood volume; (10 L0, 0% 0%

a0’ 0 o’ o’ o7, o — coefficients

estimated by the method of maximum
likelihood in the logit model for predict-

ing degree of flooding.

RESULTS AND DISCUSSION

Uncertainty analysis (GLUE)

Calculations of the stormwater network oper-
ation in the considered catchment accounting for
uncertainty showed that the median values of the
specific flood volume (X)) in the range t =30-135
min for return period C =2, 3 and 5 were 19-24
m*-ha!, 36-44 m*-ha' and 53-70 m’*-ha'. The
A, values for t =30 min and for C values of 2, 3,
and 5 within the 95% confidence interval varied
within the ranges 842 m3-ha™!, 21-67 m*-ha™
and 40-90 m*-ha™' [9]. The median values of the
degree of flooding (1) for t = 30-135 min and for
C values of 2, 3, and 5 were 0.10-0.65, 0.64—0.87
and 0.87-0.93. The situation is shown in Figure 3.

Determination of the logistic regression
model to predict the probability of the
specific flood volume and the degree of
flooding

The ROC AUC scores obtained for A, and A,
were 0.987 and 0.996, respectively. The coeffi-
cients (o) determined in the models (using for-
ward stepwise algorithm), testing probability (p,_),
standard deviation (S.dev) and measures of fit
(SENS and SPEC) for the training, testing, and
validation sets are presented in Table 1. Based
on the data in Table 1, it can be determined that
among the independent variables including rain-
fall characteristics and parameters calibrated in
the SWMM (3, n ,a), only n _has no

5ew’ imp? 1mp

_atl)_a(%+(a%_af)'c+a%'tr+(a%_ag)'Dimp‘l'(ai_ai)'Dper‘l' (aé_ag)'nimp

K=

1 2 1 2 1
(ag—ag) - Npert (a7 — a7) - Ngew + (ag —

a?) a+(ad -

)

ad)-B+(aio — aip) ¥

+
as -ty
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Figure 3. The rainfall duration (t) and its frequency (C) effect on sewer performance measures: (a) A, (b) A,
accounting for the model uncertainty

Table 1. Values of the coefficients in the developed logit model and measures of fit between the results of

calculations and measurements

A 213 méha™’ A,20.32
Variables
Value S. dev Prost Value S. dev Prest
Intercept -24.150 0.420 < 0.001 -21.222 0.44 <0.001
C 3.743 0.043 < 0.001 4.33 0.089 <0.001
t -0.061 0.001 < 0.001 -0.152 0.003 <0.001
a 0.860 0.033 <0.001 0.841 0.056 <0.001
N -247.016 3.960 <0.001 -225.47 6.591 <0.001
Noer -1.242 1.531 <0.424 1.023 2.672 <0.702
(D -0.546 0.016 <0.001 -0.206 0.027 <0.001
D,.. -0.129 0.011 <0.001 -0.054 0.018 0.003
B 12.241 0.160 <0.001 16.729 0.338 <0.001
% 1.430 0.105 <0.001 1.458 0.179 < 0.001
N, 408.920 4.366 <0.001 568.55 10.568 < 0.001
Train SENS = 96.56%; SPEC = 97.86% SENS = 94.48%; SPEC = 99.51%
Acc = 95.92% Acc = 98.76%
Test SENS = 95.15%; SPEC = 93.10% SENS = 95.48%; SPEC = 93.51%
Acc = 92.15% Acc = 94.06%
Validation SENS = 95.23%; SPEC = 93.34% SENS = 95.30%; SPEC = 91.20%
Acc = 94.36% Acc =92.12%

Note: variables in bold are statistically significant.

statistically significant influence (for the assumed
significance level of 0.05) on the calculation re-
sults of the probability of specific flood volume
and probability of degree of flooding. Simultane-
ously, while analyzing the data in Table 1, it was
noted that the developed logit models were char-
acterized by high prediction. This is confirmed by
sufficiently high values of SENS > 94%, SPEC >
93% and Acc > 92% for the training, testing, and
validation sets, respectively.

Sensitivity analysis

The influence of the return period (assumed
as C = 3, and 5), rainfall duration (z,= 15-135
min) and the parameters calibrated in the SWMM
on the sensitivity of the model for p,, and p,,
prediction was determined. The sensitivity co-
efficients for the calibrated SWMM parameters
(a, B, v, Dimp, Dper, n n_ ) with respect to the
models for the p,, and p,, calculations are shown
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Figure 4. Influence of the rainfall duration (t)

a) S(A )x,, b) S(A,)x, for the values of SWMM parameters (x;: a, B, v, n

in Figure 4a and 4b. It was demonstrated that for
t = 15-135 min and C = 3-35, the correction co-
efficient for the percentage of impervious areas,
Manning’s roughness coefficient for impervious
areas and the Manning’s roughness coefficient of
sewer had a key influence on the specific flood
volume and the degree of flooding (Figure 4).
The curves obtained and the range of variation in
the sensitivity coefficients indicate that the oth-
er parameters of the SWMM model describing
catchment retention (retention depth of impervi-
ous and pervious areas, width of the runoff path,
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and return period (C) on the sensitivity coefficient:
,D

imp’> © imp per’ nsew)

average longitudinal slope of the catchment) are
less important. It was shown that increasing the
duration of rainfall for C = 3, and 5 led to an in-
crease in the sensitivity coefficients with respect
to the calibrated SWMM parameters, and thus the
models simulating the specific flood volume (}))
and the degree of flooding (A,). While analyzing
the course of the obtained curves (Figure 4a and
4b) for C = 3, and 5, it was found that the maxi-
mum values of the sensitivity coefficients (Sﬁ, S,
Sy, Smmp, dimp? S ...) were obtained for t = 105
min. For example, for t = 30 min and C = 5, the



Advances in Science and Technology Research Journal 2024, 18(6), 291-303

sensitivity coefficient SBOH) = 0.10, while for t =
75 min, SB(XI) =2.24 was obtained. For t =30 min
and C =5, the sensitivity coefficient S (1)) = 0.01,
and for t = 75 min, Sﬁ(kz) = 9.71. It was found
that increasing the return period (C) and average
rainfall intensity led to a decrease in the sensitivity
coefficient S . showing the influence of calibrated
SWMM parameters on the p,, and p,, values. For
C =3, the influence of rainfall duration for t = 15—
45 min on the calculation of S  with respect to the
value of p,, is shown in Figure 4a. The results of
the calculations performed for the probability of
the degree of flooding and C = 3 showed a negli-
gible influence of the rainfall duration on the sen-
sitivity coefficients for t > 105 min with respect
to the identified SWMM parameters (Figure 4b).

Determination of the relation between the
degree of flooding depending on SWMM
parameters

Based on Equation 5, the quotients of the
rainfall duration (C = 5) determining the prob-
ability of the specific flood volume and the de-
gree of flooding equal to p,, = p,, = 0.50, which is
equivalent to A, = 13 m’-ha™'and A, = 0.32, were
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z
13 o g O Mgy L0018 Dimped 3
i — IS Ny =0U015; Dimp=2 5
: = N = DR Ny =L018 Dimp=d 5
R L — i I Ny =0.01%; Dimps15
= )
=16 -
é -
= 15 -
no14
=
13 L.
12 g
11
1 t T
o8 0.8% 05 085 1 1.0% 11 115 2
]
c)
22
T gaw=DULE; b=0.%: Dimp=2 5
2 —nsewm013; bei 8 Dimp=15
15 - === Aspu=0U0LE; b=L0: Dimp=25
18 + — —ngpy=DU018; b=1.0; Dimp=15
—, L7 4
=
= 16
i
=18
=4
o 14
n
AN
12
11
1
0s -
0.8

t }
0012 0024 0026 0028 003
Mimp

t i t t
G012 014 001s  00E O

determined. Calculations were done for the val-
ues f=0.8-1.0, Dimp =1.0-4.0 mm, n = 0.013—
0.030 m™"*-s and n_ = 0.013-0.025 m™"*s. The
results of the analyses are presented in Figure 5.

It was found that the values of the degree of
flooding in the stormwater network (A, = 0.32)
were obtained for longer rainfall durations than
those conditioning the specific flood volume at
= 13 m*-ha™!. This was confirmed by the calcu-
lated values of k =t - t =" (Figure 5), which are
greater than one. It was proven that rainfall with a
higher mean rainfall intensity led to A, exceeding
13 m’-ha™ rather than A, exceeding 0.32 and in-
dicates the need for stormwater network modern-
ization. The « value is strongly influenced by the
calibrated SWMM parameters describing reten-
tion catchment (Figure 5 a, b, ¢, d). It was found
that increases in B and n_ led to a decrease in the
K value (Figure 5a and 5b). This means that the
relative difference between the rainfall duration
indicating the need for modernization in the con-
text of A, = 13 m’-ha™" and A, = 0.32 decreased.
An increase in n and Dimp led to an increase in K,
as indicated by an increase in the rainfall duration
t, relative to t | conditioning A, =0.32 and A, = 13
m?*-ha™! (Figure 5c¢ and 5d).
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Figure 5. Influence of the identified SWMM parameters. (a) B, (b) n__, (¢) n o and (d) D, on the value of
forC=35
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Discussion

Extensive sensitivity analysis

Based on the proposed sensitivity coeffi-
cients for the logistic regression model, calcula-
tions of their values with respect to the identi-
fied SWMM parameters were performed. The
conducted calculations showed that the correc-
tion coefficient for the percentage of impervi-
ous areas (B), Manning’s roughness coefficient
of sewer channels (n_ ) and Manning’s rough-
ness coefficient for impervious areas (nimp) have
key influences on the specific flood volume and
degree of flooding. The calculation results ob-
tained in this paper are consistent with those of
Fu et al. [44], who performed simulations for an
urban catchment (200 ha) in the UK and showed
the significant influence of the runoff coefficient
on the volume flooding from each manhole. This
was consistent with the calculations of Brown
et al. [45] that were conducted for a large catch-
ment in southern England. Using the results of
hydrograph measurements as the basis of the
GLUE + GSA simulations, they showed that the
retention depth of impervious areas and Man-
ning’s roughness coefficient of sewer channels
have a strong influence on the results of catch-
ment runoff calculations. The abovementioned
calculation results were also consistent with
those of Thorndahl [46], who, while perform-
ing a continuous simulation of the stormwater
network operation in the Freylev catchment,
developed a statistical model using the FORM
method to calculate stormwater flooding from
each manhole. The calculation results obtained
in the present study, compared to the study of
other authors [45, 47], showed a large influence
of the rainfall duration and the return period on
the sensitivity coefficients. The consideration
of rainfall intensity, which is usually omitted
at this stage of sensitivity analysis, is of great
importance from the point of view of selecting
rainfall-runoff events for the identification of
SWMM parameters and validation of the hy-
drodynamic catchment model [48]. The results
obtained indicate that omitting rainfall intensity
at the sensitivity analysis stage can lead to prob-
lems in determining which SWMM parameters
can be omitted at the calibration step. This prob-
lem was signaled by Fraga et al. [30], who per-
formed sensitivity calculations for each rainfall
event using the GSA method, obtaining different
values of sensitivity coefficients.
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The criteria for the functioning of the rainwater
drainage network analysis

The consideration of two criteria of stormwa-
ter network operation (i.e., specific flood volume
and degree of flooding) enabled the evaluation of
the operation of the drainage system in the con-
text of making decisions concerning its modern-
ization, i.e., taking corrective measures including
sewer channels cleaning or reducing their rough-
ness coefficient. The applied solution allowed the
assessment of the performance of the stormwater
system at the spatial scale in the qualitative as-
pect (degree of flooding) and in the quantitative
aspect (specific flood volume). Current methods
tend to focus on a local approach in which a hy-
drodynamic model of the catchment is developed
using landscape and manhole design data, which
are important for determining the depth and area
of flooding [16, 49]. These models are complex
to implement and require data that are not always
easy to obtain, which can lead to problems with
their calibration. The solution applied in the pres-
ent study, compared to the currently used meth-
ods [17] in which a criterion for the operation of
the sewage network is imposed, allows its opti-
mal selection on the basis of k values considering
the variability of calibrated SWMM parameters.

CONCLUSIONS

Currently, the analysis of stormwater network
operation under hydraulic overload conditions is
a frequently addressed issue because the simula-
tion tools are the basis for decision making on the
modernization of the drainage system. For these
tools to be useful for making such decisions, it is
necessary to calibrate the models. In the present
study a multicriteria methodology for simulation
of specific flood volume and the degree of flood-
ing was provided, using the logistic regression
method. The developed simulators enable the
need for repair actions to be indicated and allow
the determination of the key parameters of the
SWMM model that need to be identified, which
is important from the point of view of planning
field tests prior to its calibration. The approach
adopted in the study allows reducing the uncer-
tainty of the simulation results and improving the
reliability of the obtained predictions, which is
reflected in the achievement of the assumed effect
of decrease in hydraulic load.
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Based on the sensitivity coefficients deter-
mined, the influence of calibrated SWMM pa-
rameters on the calculations results of the specific
flood volume and degree of flooding was identi-
fied. The results of the calculations showed that
the correction coefficients for the percentage of
impervious areas, impervious area retention and
Manning’s roughness coefficient of sewer chan-
nels had a key influence on the specific flood vol-
ume, and the degree of flooding. Moreover, given
that the values of sensitivity coefficients depend-
ed on rainfall intensity, conducting the assess-
ment to appropriately select rainfall-runoff events
for identifying and validating SWMM parameters
seems to be advisable.

Considering the usefulness of the obtained
calculation results, further analysis is advisable
to establish the minimum period of continuous
rainfall measurements for the development of
logit models, then verify the obtained models
for the calculation of specific flood volume and
the degree of flooding for urban catchments with
other characteristics and determine the range of
their applicability. It is also advisable to consider
extending the models with the characteristics of
other urban catchments (area, catchment imper-
viousness, slope, land use, etc.) and stormwater
networks (channel retention, diameters including
slope, length of pipes, etc.) and finally their spa-
tial arrangement.
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The specific flood volume is an important criterion for assessing the performance of sewage networks. It has been
shown that its value is greatly influenced by the layout of the sewers in the catchment area, which is usually
expressed by a fractal dimension. Currently, only mechanistic models (such as SWMM) enable the determination
of the impact of the layout of the sewers on flooding volume, but they require additional and robust calculations.
In the presented study an integrated tool has been proposed that includes: a flooding volume simulator based on
rainfall data, catchment and sewage network characteristics, sewers layout expressed by fractal dimension.
A logistic model can be applied for fast flooding volume estimation as an alternative approach to SWMM, design
and upgrade sewer layout even with limited access to data (spatial planning, architectural concepts, etc.). Using
the random forest (RF) method, a likelihood function simulator was developed, which enabled the analysis of
interactions and optimal selection of combinations of SWMM model parameters for calibration. It has been
shown that the higher the fractal dimension and retention coefficient (the ratio of surface to sewer retention), the

greater the influence of SWMM parameters on the specific flood volume.

1. Introduction

The specific flood volume is one important criterion for evaluating
the performance of sewer networks that forms the basis for taking
corrective actions (De Paola and Ranucci, 2012; Lu et al., 2017; Barros
etal., 2021). This parameter was proposed by Siekmann and Pinnekamp
(2011) and describes the volume of stormwater flooding per unit of
paved area. Determining the sewer flood volume in urban catchments
requires expensive measurement methods, hence the need for simula-
tion models (Dill et al., 2022; Efstratiadis et al., 2022).

In order to reduce the number of operations required and investment
costs, mechanistic models (MCMs) (describing surface runoff, flow rate,
and flood volume during hydraulic overload) are currently recom-
mended (Seis et al., 2018; Addison-Atkinson et al., 2022, Amiri et al.,
2022). In particular, one of the most commonly used models is the

* Corresponding authors.

SWMM (Stormwater Management Model) developed by the EPA (Guo
et al., 2021; Ma et al., 2022). These models take into account the
characteristics of the catchment area and the sewer network, as well as
their layout (Ogden et al., 2011; Tsoukalas et al., 2020), but it is not
possible to consolidate the given factors into a single parameter as
fractal dimension or bifurcation ratio (Diao et al., 2022; Nikolopoulos
etal., 2022). In addition, the models are over-parameterized hence there
are problems with the optimal selection of calibrated parameters, as
previously pointed out in numerous studies (Fu et al., 2011, Fraga et al.,
2016). The disadvantages of MCMs include their high specificity, as a
single catchment model can only be applied to one case.

Taking into account the limitations of MCMs, machine learning
methods (MLMs) were implemented to simulate sewer flooding (Mehedi
et al., 2022). Compared to MCMs, MLMs are a more versatile approach,
their application is not restricted to a specific site, so they can be applied
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to catchments with different characteristics. Despite applications in the
water and stormwater industry (Perdikaki et al., 2022; Moran-Valencia
et al., 2023), MLMs have not been applied in a specific flood volume
simulator, taking into account characteristics of catchments and sewer
networks, their layouts, catchment retention and sewer capacity.
Therefore, MLMs constitute an alternative to mechanistic models. MLMs
have been also developed to identify manhole flooding (Jato-Espino
et al., 2018, Li and Willems, 2020) based on catchment and sewer
network characteristics. Due to the local nature of the tools, they were
further extended and a model was developed to simulate a specific flood
volume in a catchment (Szelag et al., 2022b).

Simplifying the layout of sewer network (reduction of sewer vol-
umes) affects the results of flow and flood simulations (Barros et al.,
2021; Guo et al., 2021). Calculations for several sewer networks with
MCM models showed that one of the parameters influencing the
hydrogram, sewer depth in also sewer flooding was the layout of the
sewers in the catchment area (Ogden et al., 2011; Mediero et al., 2022).
Due to the complex geometry of sewer networks, an attempt was made
to evaluate their quantification to a single parameter (La Barbera and
Rosso, 1989; Diao et al., 2022). This parameter was aimed to allow
comparison of sewer networks and support decision-making on the di-
rection of sewer layout development in the catchment area (Ichiba et al.,
2018; Barros et al., 2021; Schackow et al., 2020). It was shown that the
parameter for identifying the layout of the sewers and development in
the catchment area was the fractal dimension (Ghosh et al., 2006). Gires
et al. (2017) demonstrated the relationship between fractal dimension
and land use by plotting the characteristics of a sewer network. Ichiba
et al. (2018) developed an integrated tool for fractal dimension identi-
fication and sewer modeling using MCM. By performing calculations for
sample catchments, they showed the influence of fractal dimension on
the hydrogram.

Currently, the layout of the sewer network in the catchment
expressed by fractal dimension has not been considered in MLMs.
Despite numerous modelling approaches, no integrated system has been
developed that includes the simulation of a specific flood volume and
the analysis of interactions between calibrated parameters in the context
of their selection. Moreover, no attempt has been made to subdivide
urban catchments in terms of the influence of calibrated parameters on a
specified flood volume.

The aim of this paper was to develop an integrated system for ana-
lysing the operation and management of a sewer network. The proposed

Journal of Hydrology 625 (2023) 129967

system included: (a) simulator of the specific flood volume obtained on
the basis of logistic regression (an alternative to the mechanistic SWMM
model), (b) model for analysing the interaction of calibrated parameters
of the SWMM model using the random forest method, (c) tool for opti-
mising the operation of the sewer network. In comparison to the pre-
viously developed MLMs, the main feature of the new simulator is the
consideration of the layout of the sewer network expressed by fractal
dimensions, which enables the simulator to be applied to catchments
with different characteristics. Another research task was to validate
whether the developed random forest model allows the selection of
SWMM parameters to optimize MCM calibration and to analyse the
interaction between calibrated parameters, taking into account the
matching of computational results with measurements.

Furthermore, the model was validated to facilitate the design and
planning of modernisations by considering the sewer network layout
and catchment area characteristics. This validation process helped
identify alternative options that could minimize investment costs.

2. Study object

The analyzed catchment is located in Kielce (Poland) in the
Swigtokrzystkie voivodeship (Fig. 1). It lies in the south-eastern part of
the city (center) and covers residential neighborhoods, public buildings,
as well as main and side streets. The catchment spreads over an area of
63 ha, including 40% impervious and 60% pervious areas.

It was indicated that the depth of depression storage on impervious
areas equal to 2.5 mm, whereas those of pervious areas were equal to
6.0 mm (Szelag, 2013). The density of roads in the analyzed area equal
108 m-ha! (Watek, 2019). The difference in the highest (271.20 m.a.s.
1.) and lowest (260 m.a.s.l.) coordinates is merely 11.20 m, which gives
an average slope of surface equal to 0.71%. It was determined that the
length of the main sewer is 1569 m, with a diameter of 600 — 1250 mm.
The diameter for the side sewers was between 300 and 1000 mm, with
the slope of the sewers equal to 0.04 — 3.90%.

The analyzed stormwater sewers are separated from the municipal
sewage system, and stormwater flows through a main sewer into the
diversion chamber (DC). When filled below 0.42 m, stormwater makes
its way into the stormwater treatment plant consisting of a longitudinal
settling tank (SETT) and separator (SEP), and after treatment, into the
Silnica River. During intense rainfalls, where the fill exceeds the over-
flow edge (OV), the stormwater is discharged into the overflow sewer

==15E2 B3 gl

100 200 300 400 m

Legend: 5

DC - diversion chamber,

MES1 - flow meter,

OV - overflow,

51, 52 - outflow/overflow sewer,
SEF - separator,

SETT - settling tank,

1-mMain Sewer,

2 -sub-catchment boundary,
3.catchment boundary,

4 -sub-catchment boudary (cross section)

Fig. 1. Diagram of analyzed urban catchment in Kielce.



B. Szelqg et al.

(S2). At a distance of 3.0 m from the inflow of the main sewer (S1) to the
DC, a MES1 flow meter with a resolution of 1 min of flow value during
intense rainfalls was installed. The probe of the flow meter measures the
level (by measuring the water level pressure) and average flow rate of
stormwater (via the Doppler effect), which, with the specific shape and
dimensions of the canal, allow the calculation (by means of a built-in
microprocessor) of the volumetric flow rate of the stormwater.

The analysis of data in the period 2010 — 2020 showed that, during
the dry period, flows of 1 — 9 dm®.s~! were noted by a MES 1 flow meter,
which indicated the occurrence of infiltration. The carried out obser-
vations of the operation of the network in the period 2008 — 2019
showed that, in the analyzed catchment, floodings occurred as a result of
intense rainfalls (Szelag et al., 2022a). Measurements of rainfalls have
been constantly carried out since 2008 at 1 min. intervals for rainfall
events by the station located within 2.5 km from the catchment
boundary.

2.1. Division of sub-catchments

For the present analyses, 7 sub-catchments were separated along the
length of the collector. The adopted division into sub-catchments was
conditioned by the variation of catchment characteristics, stormwater
network, and changes in the geometry of the sewer system along the
main sewer (in the context of fractal dimension calculations), as previ-
ously discussed in detail by Szelag (2013) and Watek (2019), using GIS
(Geographic Information System) techniques. The integration of GIS
data analysis with a mechanistic model enabled generation of more
input data (combination of rainfall data, catchment characteristics,
sewer network, SWMM parameters, specific flood volume) to developed
simulator proposed in this study.

Table 1 gives the range of variation in catchment characteristics,
sewer network and fractal dimensions for the 7 sub-catchments
identified.

where: F-area of the catchment; Imp(u) — impervious of the
catchment; Vk — volume of the main sewer; Gk — length of the main
sewer on the impervious surface in the catchment; R.t. — difference in the
coordinates of the sewer; Vkp — downstream volume of the sewer; dH
-maximum difference in terrain elevation in the catchment area; Jkp —
downstream slope of the sewer bottom; Hst — manhole depth down-
stream of the catchment area; Gkd — downstream length of a sewer per
impervious area; Vrd — catchment retention calculated as Vrd = F-(Imp
(0)-dimp+(1-Imp(u))-dper), (Where: dimp — depth of depression storage on
impervious areas; dpe; - depth of depression storage on pervious areas);
Vkd - the volume of the sewer network in the downstream; Vrd-Vkd! —
indicates of the coefficient retention; FD — the fractal dimension
(calculated according to section 3.2).

3. Calculation methodology

An integrated computational algorithm, including a simulator,
fractal dimension of sewers network, sensitivity and uncertainty ana-
lyses, for analysing the sewer flooding was presented (Fig. 2). The basis
for sewer performance evaluation was the specific flood volume calcu-
lated from the formula:

M
Vi
k= %:l 1(i) (1)
paved
Table 1
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.

Input data (module 1):
catchment of characteristics (1a),
sewer network characteristics (1b),
rainfall — runoff events (1c),
separation of independent rainfall events (1d),
fractal dimensions (1e)

T

e \ \

o

/

¥

Mechanistic model of catchment
- SWMM (module 2)

) 2

Guanced uncertainty analysis — GLUE [modulea\}
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_‘
.

Tree 1 ‘lreu 2 Tree N
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Sensitivity analysis (module 5)
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relationship specific flood volume and
\ SWMM parameters »

Catchment management (module 6)

Fig. 2. Diagram of the integrated calculation algorithm for modeling sewer
flooding. The new features implemented in this study, compared to the previ-
ously proposed algorithm by Szelag et al, (2022b), are highlighted in blue. (For
interpretation of the references to colour in this figure legend, the reader is
referred to the web version of this article.)

where: V; — volume of sewer flooding from i™ manhole of the sewer

network, M — number of manholes, Apqyeq — paved area.
For urban catchments (Poland, Germany), it has been demonstrated
that sewer networks with k¥ > 13 m3ha~! require modernization

Range of variation in catchment characteristics, sewer network and fractal dimensions for the 7 sub-catchments.

No. F Imp(u) Vk Gk R.t. Vkp dH Lk Jkp Impd Hst dH Gkd Vrd/Vkd FD
ha - m® m/ha m m® m m m/m - m m m/ha -

min 12.66 0.34 157 0.0071 1.69 16.1 0.21 20.5 0.0036 0.40 1.42 0.25 0.0011 0.17 0.94

mean 35.08 0.37 725.3 0.0081 4.47 33.8 0.33 53.7 0.0073 0.45 2.22 1.22 0.0042 0.53 1.06

max 55.41 0.39 1240.2 0.0092 8.47 67.5 0.67 96.5 0.0102 0.55 2.36 1.80 0.0072 0.84 1.16
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(Siekmann and Pinnekamp, 2011; Szelag, 2013).

The main concept of the computation algorithm of the specific flood
volume, applied in this study, has been developed by Szelag et al.
(2022b). In this study, the previous algorithm was extended in order to
incorporate the layout of the sewer network by defining a fractal
dimension. Furthermore, in the developed model and new approaches
for the SWMM parameters calibration and identifying interactions be-
tween them, were performed by the random forest method, in the
context of reducing the uncertainty of simulation results. The analyses in
Modules 1, 2 and 4 comprise successive steps, the aim of which is to
develop a model to identify the specific flood volume for urban catch-
ments of arbitrary characteristics. The use of the proposed model in most
cases will be limited to Modules 5, 6. The approach was dedicated to fast
assess the performance of the sewer network under data-limited condi-
tions (at the stage of catchment extension, spatial planning), or to help in
planning the development of the MCM model in the context of data
collection with adequate accuracy. In the applied model, only an
extended uncertainty analysis requires the collection of rainfall - runoff
data (Module 3) to perform the calculations.

3.1. Calibrating data collection (modules 1a-1c)

Calibrating data have been briefly presented in the chapter 2.

3.2. Identifying independent rainfall events (module 1d)

For the identification of independent rainfall events, the DWA-A
118E (2006) guidelines and simulation results of sewer network oper-
ation (specific flood volume, degree flooding) with uncertainty were
used, as discussed in detail in Szelag et al. (2022b). Convective rainfall
(P; > 5 mm, t, < 150 min) was assumed for the simulation calculations.
The analyses for the period (2010 — 2018) showed the number of
convectional rainfall events in each year ranged from 12 to 30, which
gave a total number of 200 rainfall events. In the selected rainfall events,
the rainfall depth was P; = 5.2 — 45 mm, with the maximum of 30-min-
ute rainfall depth equal to Py_3p = 2.5 — 30.0 mm, and the duration of
rainfall being t; = 15—150 min.

3.3. Calculations of the fractal dimension (module 1e)

In the analyses found below, the box method was used to determine
the fractal measure, in which the image was placed on a regular grid,
consisting of squares with side measurements equal to 7, next deter-
mining the number of boxes covering the image (sectioned subcatch-
ments). The number which is indicated N(t) (the number of boxes)
depends on the size of the elements of the grid and, in subsequent it-
erations, the size of t is gradually decreased. Determining the body
measurement relies on establishing in what manner N(t) changes
depending on 7. For complex sewer networks, the number of elements in
subsequent iterations is not constant. Therefore, the box size is deter-
mined as a limiting value, where the length of the box (t) in the grid
strives to achieve zero. For the assumed number of boxes N(t), with a
length of side T covering the image (sewerage network in the sectioned
subcatchment), the box measurement is determined as:

log(N(z))
log 1)

The box dimension involves determining the log(N(t) = f(log('r’l))
relationship and approximating the relationship using the linear func-
tion. Figure S1 was used to calculate the fractal dimensions of the sewer
networks in the separated sub-catchments. For each sub-catchment,
between N = 4 and 1024 boxes (Ichiba et al., 2018) were used for FD
calculations. It was shown that the lowest value of FD = 0.94 was ob-
tained for sub-catchment A and the highest for sub-catchment G (FD =
1.16), as discussed in detail in Szelag (2013) and Watek (2019). The “box

FD = lim._ 2)
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count” function in MATLAB was used to calculate the FD. Gires et al.
(2018) during an analysis of the operation of ten sewer networks,
showed that FD = 0.97—1.77, confirming that the sewer layouts
separated in sub-catchments are among the typical ones.

3.4. Mechanistic model of the catchment - SWMM (module 2)

The mechanistic model of the catchment in Kielce was used to
simulate the volume of flooding in the sub-catchments under uncer-
tainty. Model input data, methods for identifying catchment and sewer
network characteristics, and model calibration methodology are given
in the study Szelag et al. (2022b). The model was constructed from 82
nodes and 72 sewers. Calibration of the catchment model showed that
for the 6 measured rainfall — runoff events, a high fitting of the modelled
volumes of hydrograms was obtained, resulting in the Nash — Sutcliff
coefficient of 0.85 and 0.98, and a coefficient of determination equal to
0.85 — 0.99. Hydrograph volumes and maximum flows did not exceed
5% compared to measurements.

Using the developed SWMM model, calculations of volume flooding
(without sub-catchment division) were performed according to the
methodology described in Szelag et al. (2022b). In the present study,
calculations of volume flooding in sub-catchments (A, B, C, D, E, F, G)
were performed for separated rainfall events (P, > 5.0 mm and t, < 150
min) taking into account the uncertainty results simulation (a posteriori
distribution of SWMM parameters). Based on the results of the simulated
volume flooding and the characteristics of each sub-catchment, the
specific flood volume was determined, which provided the basis for the
development of the logistic regression model.

3.5. Advanced uncertainty analysis — GLUE (module 3)

3.5.1. GLUE

In this paper, the Generalized Likelihood Uncertainty Estimation
(GLUE) method was used for uncertainty analysis. The theoretical basis
of the method is discussed in detail in the studies by Beven and Binley
(2014), Romanowicz and Beven (2006). In the GLUE method, the basis
for the identification of parameter distributions was Bayesian estima-
tion, in which for the assumed a priori parameter distributions the so-
called a posteriori distributions were determined by the likelihood
function. The uniform distributions of the SWMM parameters (correc-
tion coefficient of percentage area - B, coefficient for flow path width - a,
depth of depression storage on impervious areas — diyp, depth of
depression storage on pervious areas — dpe;, Manning roughness coeffi-
cient for of impervious areas — njnp, Manning roughness coefficient for of
pervious areas — nper, Manning roughness coefficient of sewer channels —
Ngew, correction coefficient for subcatchments slope - y) were assumed in
this study (Table S2). Measurement data for 24 July 2011 and 15
September 2010 were used to calculate 95% confidence intervals,
credibility functions, and a posteriori distribution of SWMM parameters.
Data for the 30 May 2010 event and for 30 July 2010 were used for
validation. A detailed description of the subsequent computational steps
is discussed in Szelag et al. (2022b) and in Supplementary Materials —
section S1.

3.5.2. Calculations of likelihood functions using random forest

The random forest (RF) method, a modification of the regression tree
(RT) method, developed by Breiman (2001) was used in the study. A
single tree was replaced by a forest of trees connected in parallel. The
simulation results from the model were the arithmetic mean of all the
involved forest. In the RF model, the identification of the model struc-
ture consisted of determining the number of trees in the forest. To ensure
that the model does not exhibit over-fitting, the tree structure of the
forest including leaves and nodes was optimized in accordance to
Louppe (2015). The model was developed so that the number of trees
did not exceed 300. The algorithm for building the RF model and
determining validity was discussed in detail by Fisher et al. (2019). The
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coefficient of determination (RZ), mean absolute error (MAE), root mean
squared error (RMSE) were used to assess the fit of the simulation results
of the likelihood function with the RF model to the empirical data ob-
tained in the GLUE analyses; the S2 (Support Information) section pro-
vides the relationships for calculating the fit measures listed above.
Based on the results of calculations in the GLUE method and SWMM
model parameters (Table S2), a model for simulating the likelihood
function L(Q/6) was developed applying the model of random forests.
The data for developing the model are discussed in detail in Szelag et al.
(2022b). In the model, the input was the SWMM parameters (o, B, v,
Nimp, dimp, dimp, Nsew) and the output was the likelihood function. The
data for developing the model are discussed in detail in Szelag et al.
(2022b). The entire dataset of 5000 cases was randomly divided into a
train and a test sample, in the proportions of 70% and 30%, respectively.
One hyper parameter was calibrated based on 10-fold cross-validation.

3.5.3. Analysis of interaction between SWMM parameters

Basing off of this model, the methodology of the analysis of in-
teractions between SWMM model parameters has been given for the
assumed level of compliance of results with the measurements — the
values of the likelihood functions L(Q/6),. Parameters which have a
strong influence on the calculations of hydrograph and describing the
surface and sewer retention, i.e. p, Ngew, dimp (Kiczko et al. 2018). For the
assumed values of L(Q/6), and SWMM parameters using the random
forest model, problems of the form were solved:

diy = F ' (B, 1,,,,,0,L(Q/0),)forp" = 0.8 — 1.2;n, = 0.013-0.025 (3)
oo = F (815 0,L(0/0), )forf =08~ 12:d,, = 1.5-3.5 4)

@ = (a7 Mper, dper”) (5)

where: F~1(A.) — inverse function allowing the RF model to deter-
mine the values of selected SWMM parameters; ¢ — constant value
calculated with RF model for SWMM parameters (o, ¥, Nper, dper)
determined according to hydrodynamic model calibration (Szelag et al.,
2022b); ngew™ - value of Manning roughness coefficient of sewer assume
to solved Eq. (3); dimp* - retention depth of impervious areas assume to
solved Eq. (4); L(Q/6),~ value of likelihood function assume to calcu-
lation of Eq. (3), (4); in the study, the maximum value was used for the
calculation. Based on the computational results, curves p = f(dimp, Nsew)
and ngew = f(dimp, p) were drawn to determine the character of the in-
teractions between the selected SWMM parameters.

3.6. Determination of logistic regression model — Simulator specific flood
volume (module 4)

Logistic regression model is a tool used for classification (supervised
learning) and according to the literature (Jato-Espino et al., 2018;
Ukkonen and Makela, 2019) represents one of many methods of ML. The
logit model in the general form, for calculations of exceeding the specific
flood volume, is was described by a formula:

_exp(ap + aiAx; + A X + asAxg £ -+ a,-A~xl-) _exp(X)
T 14 exp(ag + mAxy + dmAx, + asAy + o + @A) L+ exp(X)
_ exp(X = Xswmm + Xrav + Xeren)

1+ exp(X = Xswan + Xpaw + Xcren)

m

(6)

where pp, — is the probability of specific flood volume being exceeds,
which in this case also implies the probability of the need for modern-
ization; ag — absolute term; oy, o, a3, o — values of coefficients estimated
with the maximum likelihood method, X — vector describing the linear
combination of the independent variables; Xswym — linear combination
of SWMM model parameters (Table S2); Xgan — linear combination of
rainfall characteristics (the duration of the rainfall event, depth of the
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rainfall, maximum 30-minute rainfall depth in a rainfall event) assumed
for the calculations based on studies by Zhou et al. (2019), Li and Wil-
lems (2020); Szelag et al. (2022a); Xcrcy — the combination of the linear
characteristics of the subcatchments divisions (Table 1) used to develop
Eq. (6) based on literatury (Jato-Espino et al., 2018; Thorndahl and
Willems, 2008). The methodology of the estimation of coefficient, model
acuraccy and estimation of the otpimized pp, value was briebly describe
in the SI (section S3). The coefficients («;) were determined by 10-fold
cross-validation.

Based on the simulation results of the SWMM model (Section 3.3),
the dependent variables were determined for the development of the
logit model. When the value obtained from the calculation A > 13
m>-ha~! then the dependent variable was taken equal to 1, otherwise 0.
This pointed to, on one hand, problems with the performance of the
stormwater sewer network in the context of limiting values given by
Siekmann and Pinnekamp (2011) and the need to carry out the
modernization of the sewer network.

3.7. Sensitivity analysis (module 5)

In the framework of the present analyses, the method of local
sensitivity analysis was applied. The analytical equation of the form
(Fatone et al., 2021) was used to calculate the sensitivity coefficient in
the logistic regression method:

S = 8iA‘JCiA‘(l *Pm) @)

where: pp, — the probability of specific flood volume for the assumed
constant value of the rainfall data, catchment characteristics and SWMM
model parameters (a detailed description of the calculation of the
sensitivity coefficients is given in section S4 — Support Information); x; —
independent variables; ¢; — coefficients estimated in a logistic regression
model. A detailed discussion of Eq. (7), and the assumptions made for its
derivation are discussed in Fatone et al. (2021).

A rainfall duration in the range of t; = 30 — 90 min a for Py = 12.5 mm
was assumed (maximum mean intensity equal of the 70 1-(s-ha)™)). For
the assumed rainfall data, the SWMM calibrated parameters (Szelag
et al., 2022b) and the assumed catchment characteristics, the relation-
ship Syi = f(t;, Xcren) was determined. The influence of the variability of
SWMM model parameters (B, nsey) on the sensitivity coefficients (Sx;) for
the catchment caused by the convectional rainfall with a duration time
of t; = 30 min was also analyzed. The depth of convective rainfall was
determined using the Suligowski model - section S5 in Support
Information.

3.8. Catchment management (module 6)

In this study, the decision to modernize the catchment was based on
an assessment of the existing condition. Calculations regarding the
operation of the sewer network under conditions of a convectional
rainfall t; = 30 min were carried out. On their basis, the value of the
probability of exceeding the specific flood volume in the specific sub-
catchments (A-G).

In an effort to introduce systems of equations which form the basis
for the improve of sewer network performance, two variants, i.e., prior
to modernization and post-modernization (Fig. S2a), were considered.
The following relationships describing surface retention of catchment
before and after the modernisation were formulated for the pre-
modernisation option:

V= FL(A’du (8)

dl( = dimp o Imp(“) +dper ° (1 - Imp(”)) (9)

Where the following formula was obtained after making appropriate
substitutions:
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Vi _ Fu [0 (i — ) + e a0
Via Vi

For the post-modernization variant (Fig. S2b), we can formulate the
following relationships:

Imp(u)* = Imp(u)A-(l — Xred) (1D
d = d;,,,pA-Imp(u)ﬁ +d,7g,A~(l — Imp(u)*) 12)
d, = Imp(u)A-(dimy — dper) A-(1 = Xrea) + der (13)

Which, after appropriate substitutions, gives us:

Vei _ FA[Imp(u) A (diny — dper) A+ (1 = Xrea) +dlper ] (14)
de Vl

where: Vy, - volume of average surface retention depth of catchment; d,,
dy* - average surface retention depth of catchment before and after
modernisation; Imp(u), Imp(u)* - catchment impervious before and
after modernisation; X.eq - rate of reduction in catchment impervious,
values in the range 0—1 were assumed; V; = Vkd - sewer network
capacity.

Assuming that the probability of specific flood volume depends on z -
characteristics of the catchment and t - parameters of the SWMM model,
it can be written that improving the conditions of the sewer network
when py, > pm,cr requires an adjustment of the independent variables
satisfying the relationships:

p"‘l S pm.cr
48 > dy,, > 08
6.8 > d,, > 08

(Vrd> 2 Vrd 2 <Vrd> (15)
Via) max ~ Vi Via/ min

Imp(u) 0 = Imp(ut) > Imp(u)

min

w=1,23 -z

where: py, — the probability of the specific flood volume; py - — the
threshold probability of the specific flood volume, exceeding of which
indicates A > 13 m3~ha’1; Imp(Wmin, max — Minimum and maximum
values for catchment impervious — Table S1; w — number of limiting
conditions.

In order to solve the system of Equations (15), the need arises to
implement an optimization method, keeping in mind the limitations
arising from the scope in which the developed model logistic regression
model can be applied.

4. Results
4.1. Random forest for predict likelihood function (module 3)

The optimal number of variables used in each decision tree was 8,
based on minimal RMSE value 0.008 on test set, which shows very good
performance of the model. Comparison of fitted and observed values
also indicated that the model describes the dependent variable well
(Figure S3). The importance values were determined for each SWMM
parameter as presented in Table S3. It was confirmed that the greatest
influence on the likelihood function was exerted by the following pa-
rameters, respectively: retention depth of impervious areas, correction
coefficient for percentage of impervious areas, Manning’s roughness
coefficient of sewers, as confirmed by the importance of 0.078, 0.076
and 0.022. Manning’s roughness coefficient of impervious areas, coef-
ficient for flow path width, Manning’s roughness coefficient of pervious
areas and depth of depression storage on pervious areas had a much
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smaller influence, which was confirmed by the obtained values of
importance 0.018, 0.010 and 0.004. The influence of correction coeffi-
cient for subcatchment slope was negligible, as confirmed by the
importance values equal to 0 (Table S3).

4.1.1. Interaction between SWMM parameter models

For the assumptions discussed in detail in Section 3.4.3 using the
determined RF model and SWMM parameters (o = 1.35, y¢ = 1.10, nip
=0.025m 35, n§e; = 0.120 m~ /3.5, dSe; = 6.0 mm, L(Q/6), = 0.007)
the curves were determined f = f(nsew, dimp) i Nsew = f(B, dimp) — (Fig. 3a,
3b). It was found that in order to obtain a high fitting (hydrograph) of
the calculation results with the measurements, an increase in correction
coefficient of percentage area () and Manning roughness coefficient of
sewers (ngey) determines the need for an increase in retention depth of
impervious area — dimp (Fig. 3), and the relationship dimp = f(, nsew) was
close to linear.

The relationship f = f(dimp, Nsew) showed that a pattern of diy, re-
quires an increase in § in order to maintain high fitting (hydrograph)
between measurements and simulations, while ng, has a negligible
influence on the simulation results (Fig. 3a). For djmp = 1.5—3.5 mm, f
= 0.8—1.2, in order for the likelihood function to be approximately
L(Q/6); = 0.007 (the maximum value obtained in this study) the ngew
determined at the calibration step should be 0.009—0.012 m~ 3.5
(Fig. 3b). With increasing diny, the value of § has an increasing influence
ON Ngey. For dimp = 1.5 mm, an increase in p from 0.80 to 0.90 requires
an increase in ngey from 0.012 to 0.038 m1/3~s’1; for dipmp = 2.5 mm, an
increase in nsew from 0.008 m'/3.s7! t0 0.013 m'/3:s7! is required.

4.2. Determination of logistic regression

4.2.1. Mechanistic model of catchment (simulation of the performance of
the sewer network under uncertainty)

Based on SWMM model simulations results of rainfall events while
accounting for the uncertainty of SWMM parameters (Table 1), the
specific flood volume was determined for the selected catchments
(median and corresponding percentiles — 5, 25, 50, 75, 95); the results
of calculations have been presented in Figure S4. The greatest median
value of the specific flood volume was found for catchment A (15.8
m3ha1) located furthest from the outlet to the Silnica, for which the
smallest fractal dimension FD = 0.94 and F = 12.66 ha was shown. The
smallest specific flood volume was found for catchment G (8.2 m>ha™ 1),
whose FD = 1.14 and F = 55.41 ha. The uncertainty of SWMM param-
eters has a strong influence on the results of specific flood volume cal-
culations, as confirmed by the variability of values 5% and 95%
percentile for the analyzed subcatchments. Analysis of values of the 95%
percentile revealed that the maximum specific flood volume (13
m3-ha!) was exceeded in each subcatchment, which indicated the need
the modernization of the sewer network.

4.2.2. Determination of logistic regression

Using specific flood volume results, a logistic regression model was
determined for the separated catchments. Training data (80%) were
used to develop the model, followed by validation (20%). The model for
calculating the probability of specific flood volume was described by the
linear combination:

X = 1.51A-P, — 0.10A-1, + 0.12A-a — 41.86A-n;,,, — 0.04A-d,,,,
+3.66A-f+0.22Ay +

Vrd

143.72An,,,, — 24.03A-FD — 3.98A.
+ " Vkd

(16

The depth of depression storage on impervious, the Manning
roughness coefficient of impervious areas, the correction factor for
percentage of impervious area (f), the Manning roughness coefficient of
sewers and correction coefficient to slope were found to influence the
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Fig. 3. (a) Influence of Manning’s roughness coefficient of sewers (nge) and the depth of depression storage on impervious (dimp) on the correction coefficient for the
percentage of impervious areas (p). (b) Influence of depth of depression storage on impervious (d;mp) and correction coefficient for percentage of impervious areas on

Manning’s roughness coefficient of sewers (ngew)-

probability of specific flood volume. For the remaining parameters, the
tested probability values were shown to be higher than 0.05, hence they
were not included in further calculations. The Manning roughness co-
efficient of impervious areas, the fractal dimension and the retention
coefficient were shown to lead to a reduction in py. The results of the
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standard deviation, test probability (p - test) calculations for the
resulting logit model are given in Table S4. The results of calculations
regarding standard deviation, test probability (p - test) for the obtained
logit model have been given in Table S4.

By subsequently substituting the values of py,, = 0.05 — 0.99, it was
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confirmed that the greatest predictive abilities were obtained for p;, =
Per = 0.58, while the specificity (SPEC) and sensitivity (SENS) values for
the training set are 80.18%, 89.49% respectively, and Accuracy (Acc)
was 86.25%.

4.3. Sensitivity analysis (module 5)

Based on Eq. (7) the estimated sensitivity coefficents Sg and Spimp
were recognized as a influential SWMM parameters (describing surface
retention of catchment) significantly affecting the specific flood volume.
For t; = 30 min and P; = 9.62 mm, based on SWMM parameters cali-
bration data from Kiczko et al. (2018), estimated senisivity was FD =
0.94 - 1.14 and Vrd-Vkd! = 0.1 - 0.8 (Fig. 4a, 4b). In addition, asses-
ements of Sg, Syimp as a function of rainfall duration (t, = 30 — 90 min, P;
=12.5 mm) for FD = 0.94 - 1.14 (Fig. 4c, 4d). The calculation results for
the other SWMM parameters («, dimp, Dsew, ¥) are included in Figures S5
— S8 in the Supplementary Information.

It was determined that increasing the duration of rainfall (t,) leads to
an increase in the values of Sg, Spimp. This indicates that the influence of
B, Nimp on the specific flood volume is the highest for t; = 90 min and the
lowest for t, = 30 min (Fig. 4a, 4b).

It was shown that as the fractal dimension increases, the influence of
B, nimp on the values of specific flood volume increases. It was confirmed
that, apart from the fractal dimension, the influence of Vrd-Vkd™! on the
specific flood volume was significant (Fig. 4c, 4d). It was found that with
increasing FD and Vrd-Vkd™ the influence of f and njyp on k increases,
which is confirmed by the calculated values of Sy and Spimp. The
maximum values of the sensitivity coefficients were obtained for FD =
0.94 and Vrd-Vkd! = 0.80, which are Sp = 1.86 and Syimp = -0.60,
respectively.

4.4. Catchment management (module 6)

Calculations of the performance of the sewer network for the existing
condition showed that for the sub-catchment (A - G) the values obtained
were py > 0.58, indicating the need for a corrective action approach
(Fig. 5). Further analyses were performed for sub-catchment S as
representative of the area under consideration.

Based on the Equations (15) for the assumed values of a, B, y, Ngew
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(Kiczko et al. 2018), the influence of njpy, = 0.020 - 0.025 m 3, dimp
= 2.3—2.6 mm on the values of Imp(u) conditioning to obtain the
limiting value of py, = 0.58 was determined. In the second variant, the
limiting conditions were taken into account (range of applicability of the
logistic regression model) and for obtaining p,, = 0.58 depending on
Njmp the values of Imp(u), dimp, dper were optimised. The results of cal-
culations are presented in Fig. 5, and the calculated values of depth of
depression storage on impervious (dimp), pervious area (dper) for variant
II are summarised in Table S5.

Based on the curves in Fig. 5, it can be concluded that in sub-
catchment G it is possible to improve the operating conditions of the
sewer network and reduce the specific flood volume by appropriately
selecting the values of njpp and dimp. It is shown that in order to keep k =
13 m%-ha~! constant despite an increase in Imp(u), Nimp and djyp should
be increased. The curves obtained (Fig. 5) and the values of Imp(u)
confirm that the neglect of the boundary conditions in variant I leads to
results outside the range of applicability of the determined logit model.
Therefore, the limitations were taken into account and calculations were
performed again. Based on the results (Fig. 5, Table S5), it was found
that the inclusion of boundary conditions leads to improved simulation
results and the SWMM parameters and Imp(u) is within the applicability
range of the developed logit model.

The increase in Imp(u) compared to Imp(u)pmin, = 0.35 for the variant
when the constraints were neglected was compensated by an increase in
dimp and dper. In contrast, the decrease of Imp(u) to Imp(Wmax = 0.44
was obtained by decreasing dimp, dper-

5. Discussion

Modeling the process of flooding in urban catchments is one of the
current research topics (Guo et al., 2021). This is due to the complex
nature of the phenomenon, the course of which depends on the layout of
sewers, hydraulic conditions in the sewer network (pipes, manholes),
landscape (Martins et al., 2017). Mechanistic models requiring calibra-
tion of many parameters were usually used for flooding analysis (Li
etal., 2022, Ma et al., 2022). Due to the strong interaction between them
and the problems and their determination for existing sewer networks, it
has become a major challenge to obtain high agreement between mea-
surements and simulations. Therefore, an attempt was made to
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Fig. 5. Influence of Manning roughness coefficient (n;yp) and depth of depression storage on impervious (dimp) on Imp(u) on the example of sub-catchment G.
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implement machine learning methods for simulating flooding as an
alternative to MCM models (Mehedi et al., 2022).

The methodology proposed in this study enabled: a) the estimation of
the specific flood volume for a catchment with arbitrary characteristics
using logistic regression taking into account the layout of sewers, b) the
determination of the influence of the parameters included in the
mechanistic models (SWMM) and the interaction between them on the
simulation results by means of sensitivity analysis and extended un-
certainty analysis. To date, such a wide range of analyses have been
performed for mechanistic models (Luo et al., 2022), but due to the
specificity of urban catchments (spatial data layout of land use and the
sewer network) the modules mentioned above have been applied inde-
pendently (Table S6). For instance, Szelag et al. (2022a) developed an
integrated tool to simulate the identification of flooding in a catchment
(rainfall data, catchment characteristics, sewer network density) and
optimise management, but excluding its layout of sewers. Szelag et al.
(2022b) further developed this approach by designing a tool for
assessing the need for sewer network modernisations that includes an
extended uncertainty and sensitivity analysis (Table S6). However, the
model focused on the impact of surface retention of catchment and ca-
pacity on system operating conditions, ignoring catchment and sewer
network characteristics as well as layout of sewers. In the present study,
the integration of modules allowed the range of computational tools
used to be extended (Table S6) and, in addition to simulating and
assessing the performance of sewer networks with hydrodynamic
models, it was also possible to perform calculations with a limited range
of input data, which potentially will reduce the cost of field surveys at
the planning step of developing MCM models.

5.1. Model to determine specific flood volume

Based on the literature (Mehedi et al., 2022) that flooding is a
complex process influenced by land use, surface retention of catchment
and the characteristics of the sewer network, including its layout.
Capturing the aforementioned factors is possible mainly in mechanistic
models (Guo et al., 2021). Using MCM models, it is not possible to
directly determine the impact of the layout of the sewer on the magni-
tude of the flooding (Cao et al., 2020); this requires the determination of
additional parameters, such as the fractal dimension.

Calculations with the MCM for the Dead Run catchment (Baltimore,
USA) for heavy rainfall showed that increasing the density of the sewer
network from 0.4 to 3.9 km/km 2 led to an increase in maximum flow
from 28.9 m®/s7! to 40.7 m3/s~! and outflow volume from 0.468-10°
m® to 0.605-10° m®. These calculations were made on the assumption
that the layout of the sewer network was omitted, despite the fact that it
differed significantly for the options considered, as shown by Ogden
etal. (2011). To address these limitations, Ichiba et al. (2018) developed
an integrated system including an MCM model and a tool for calculating
the fractal dimension of a sewer network based on DTMi data. The effect
of increasing the resolution of the spatial data was shown to increase the
fractal dimension and reduce the maximum flow. However, the calcu-
lations they performed were not designed to look for general relation-
ships between hydraulic conditions and the spatial layout of the sewer
network and land use.

The ML models developed to date have not considered the layout of
the sewers and have included a limited range of input data; determined
by the task for which they were to be used (Table S6). Yan et al. (2018)
and Ke et al. (2022) included rainfall data in their ML models, but
omitted catchment and sewer network characteristics, making them
applicable to real - time - control (RTC) systems for single catchments.
Thorndahl and Willems (2008) predicted manhole flooding based on
surface retention of catchment and sewer capacity; although the algo-
rithm was universal, the computational efforts were large and the
feasibility of applying the tool to other catchments was limited
(Table S6). The aforementioned approach was extended by Jato-Espino
et al. (2018) taking into account catchment impervious, slope and sewer
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capacity. Li and Willems (2020) additionally included spatial variation
in land use and sewer network in a simplified manner. Szelag et al.
(2022a), Chapi et al. (2017) extended the applicability of the models by
including rainfall data, catchment and the sewer network characteris-
tics, but omitted the capacity of the sewers and their layout.

It can be concluded that previously developed ML models allowed
analysis of sewer capacity but excluded evaluation of the impact of
layout of sewer network in the catchment on flooding. The above ML
limitations were eliminated in the proposed model, which took into
account the factors included in the MCM models, i.e. rainfall data, land
use, surface retention of catchment, characterstics of sewer network, as
well as layout of sewers. The advantages of the proposed model include
the possibility of estimating the specific flood volume even with a
limited range of input data, which is the case at the stage of spatial
planning of urban areas, architectural concepts in which the impact
layout of the sewer network on operating conditions can be designed or
modernized.

5.2. Sensitivity analysis (rainfall data)

In the present study, it was shown that an increase in rainfall dura-
tion leads to an increase in the effect of SWMM model parameters on
flood volume. These findings were confirmed by Fraga et al. (2016), who
performed GSA computations for rainfall events t; = 10—140 min,

P, = 4.6 — 20.6 mm showing differences in Sobol indices for inde-
pendent rainfall events. However, they made no attempt to explain these
differences. The influence of rainfall on sensitivity results was also
presented by Freni and Oliveri (2005), who, for the Montagena catch-
ment (Italy), showed that an increase in return period leads to a decrease
in sensitivity coefficients. The above relationships were also demon-
strated by Szelag et al. (2022), who developed a model to identify
modernization of sewer network based on the degree of flooding and
specific flood volume.

Rainfall duration was found to influence the sensitivity coefficients
for SWMM parameters, which was also confirmed in the studies of
Fatone et al. (2021). They demonstrated that increasing the rainfall
intensity leads to lower sensitivity coefficients for the maximum flow.
The highest sensitivity coefficients were obtained for the temporal dis-
tribution of R3 rainfall (cumulative rainfall for 0.5-t, equal 0.15), and
the lowest values for R1 rainfall (constant rainfall intensity).

5.3. Sensitivity analysis (retention coefficient, fractal dimension)

It was found that increasing the value of the fractal dimension and
retention coefficient leads to an increase in the sensitivity coefficients.
The relationship between the retention coefficient (Vrd~de'1), the
fractal dimension (FD) and the flood volume made it possible to sub-
divide urban catchments in the criteria for the influence of SWMM pa-
rameters on specific flood volume. Using the obtained relationship
between specific flood volume and FD and Vrd-Vkd, it is possible to
support the location of measuring devices in the catchment (reduce their
number) and reduce the scope of input data collection for the develop-
ment of MCM models, thus reducing the cost of performing field surveys.
The implementation of the proposed model for optimising the location
of flow meters (guided by the variability of the values of the sensitivity
coefficients) is simpler than the currently used methods, which require
the use of advanced computational algorithms (Guo et al., 2021).

In this study, the influence of catchment characteristics, the topology
of the sewage system, on the sensitivity coefficients for SWMM param-
eters was also demonstrated. Similar relationships were confirmed by
the analyses of Cristiano et al. (2019), who performed sensitivity cal-
culations for 5 independent urban catchments in the USA. However,
they applied simplified procedure without direct analyses of the impact
of catchment and sewer network characteristics on the sensitivity co-
efficients. Therefore, it has not been possible to identify which factor
determines the greatest differences in results of rainfall data.
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5.4. Advanced uncertainty analysis

In addition, in our model, we included a function simulator based on
a random forest (RF) depending on SWMM parameters. An alternative
solution was given by Teweldebrhan et al. (2020), who used RF -
random forest, k-NN - k nearest neighbor, MLP - multilayer perceptron
to calculate the confidence interval. Proposed approach enhanced
compatibility between measurement results with the simulations and at
the same time reduces their uncertainty. The proposed methodology,
compared to those commonly applied (Shrestha et al., 2009), enabled
the analysis of the interactions between the identified SWMM parame-
ters and the optimal selection of their combination for calibration.
Determining the parameters to be identified plays an important role
from the point of view of selecting the methods for their determination
under field conditions, which directly affects the cost of performing the
measurements. The likelihood function simulator developed using the
random forest method allowed optimal selection of SWMM parameters
and a reduction in simulation uncertainty of the specific flood volume.
The literature (Yu et al., 2015; Zhang and Li, 2015) shows that a
reduction in simulation uncertainty was also obtained using simulators
(BT, MLP) for 95% confidence interval calculations.

6. Conclusions

Developing computational tools, under data-limited conditions, for
rapid estimation of sewer network operating conditions is crucial for
intense rainfall events. This study presents an integrated tool that sim-
ulates specific flood volume and improved operating conditions for
catchments with different characteristics and analyses the impact of
MCM model parameters on sewer flooding using sensitivity and uncer-
tainty analysis. The study validated the logistic regression model as an
alternative approach to the SWMM model and the random forest model
for interaction analysis and parameter calibration of MCM models. The
developed tool can estimate specific flood volume under limited data
access and analyze sewer network performance at the step of spatial
planning and sewer network layout planning to reduce sewer flooding.
The tool can also determine the impact of simplifications of the sewer
network layout on specific flood volume simulations and input data to
mechanistic models, reducing the cost of measurements and conducting
field surveys. The study shows that increasing the fractal dimension and
retention coefficient leads to an increase in sensitivity coefficients,
which can be taken into account when developing mechanistic models
of catchments, calibrating them, and determining the number and
location of measuring instruments. The model inclusion of fractal
dimension, land use and retention of the sewer network interactions
helps optimize and design the sewer layout in urban catchments.
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Abstract: Developing universal hydrological models for modeling urban catchments remains one of the major
challenges in contemporary hydrology. This study aimed to create a model that integrates catchment characteristics,
sewer network topology, sewer storage capacity, and rainfall data, along with a sensitivity analysis of input
parameters. The goal was to evaluate the potential of advanced analytical methods, specifically, Multivariate
Adaptive Regression Splines (MARS) and soft-sensor technology, to improve peak flow (Q, ) forecasting in
stormwater systems. The results showed that combining MARS models with soft sensors yields high forecasting
accuracy (R? = 0.96, RMSE = 0.038), even under variable rainfall conditions. However, the development of
universally applicable model relationships proved challenging due to difficulties in parameterizing the model
under changing rainfall scenarios. Additionally, the inclusion of a risk analysis method also enabled consideration
of sewer network capacity and introduced a safety margin coefficient to assess system flexibility under future
climate conditions. While the proposed approach does not lead to the creation of universal tools, it offers valuable
insights for further research on adapting sewer systems to evolving hydrological conditions. The findings suggest
promising directions for the development of cost-free, zero-emission soft sensors and models adaptable across

diverse urban catchments.

Introduction

Peak flow (Q,) is an important criterion used as the basis
for selecting pipe diameters. To determine Q _, Monte Carlo
Method (MCM) models were commonly used. However,
these models make it difficult to identify the factors such
as catchment characteristics, topology, network layout, and
storage on maximum flow in non-homogeneous catchments.
This knowledge is crucial for decision-making regarding
the modernization and reconstruction of sewer networks,
especially in the context of climate change, urbanization, and
sediment deposition in pipes.

Developing an MCM model is a complex task that
requires collecting detailed data on land use, sewer network
geometry (pipes, manholes), topology, and rainfall - runoff
measurements. This involves the installation of stations to
monitor flow rates and rainfall (Cristiano et al. 2019). The
data collected enables calibration of MCM models (Guo et
al. 2021, Fraga et al. 2016). However, these models tend to
be over-parameterized, which complicates the identification

of coefficients related to depression storage, sewer storage,
and similar parameters. In urban catchments, it is particularly
important to select an appropriate flow measurement method,
choose suitable locations of the measurement point and
define the measurement period. These factors influence the
operational costs of measurement equipment, in particular,
energy consumption, which affects measurement efficiency
and accuracy.

Literature data (Bach et al. 2020, De Paola and Ranucci
2012) show that selecting an appropriate flow measurement
method and optimizing sensor placement are key to effective
stormwater system management (Tabuchi et al. 2020, Zhang
et al. 2021). Techniques used to determine flow variation
in sewer networks include pressure, acoustic, ultrasonic,
electromagnetic, and optical methods (Shi et al. 2021, Luiso
et al. 2017, Wong and Kerez 2016). These methods offer
high measurement accuracy, provided that device placement
complies with manufacturer requirements (Kumar et al.
2021, Wu et al. 2023, Moon et al. 2023). The choice of
measurement technique should be based on a detailed analysis
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Table 1. Advantages and disadvantages of flow measurement methods in stormwater sewage systems
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of the catchment’s specific conditions, such as its size, land
use variability, sewer network topology, and the directions
of rainfall movement (Guo et.al. 2021, Rosenzweig et al.
2021). This analysis should be supplemented by an economic
evaluation that includes installation and operational costs
(Addison-Atkinson et al. 2022, Amiri et al. 2022). Ultrasonic,
electromagnetic, and Doppler sensors generally have high
initial operating costs. However, this is compensated for by
the high measurement accuracy and the potential reduction
in operating costs over time. Conversely, optical sensors and
cameras may incur higher operating costs but provide valuable
data for forecasting wastewater quality, which can ultimately
reduce the costs associated with the installation and operation
of measurement systems (Gong et al. 2022).

A detailed discussion of the advantages and disadvantages
of'the currently used flow measurement techniques, considering
factors such as catchment size, wastewater quality, site specific
conditions, cost, and energy efficiency, is given in Table 1.

Due to the challenges associated with developing
mechanistic models and the high costs of direct flow
measurements, machine learning (ML) approaches have
gained increasing attention (Perdikaki et al., 2022, Moran-
Valencia et al., 2023). ML techniques enable the prediction of
peak flows based on input—output relationships (Szelag et al.,
2022b), however, many models lack mechanisms to quantify
the influence of input variables. Applications to date include
sewer flooding prediction (Szelag et al., 2022a) and hydrograph
forecasting (Yang and Chui, 2020, Palmitessa et al., 2022),
typically using rainfall and land use characteristics as predictors
(Duan et al., 2020). Analytical ML models, particularly those
based on modified multivariate regression (e.g., incorporating
threshold or smoothing functions), offer a means to evaluate
input significance without requiring additional computations
(Bhaskar et al., 2018), although their application to peak flow
prediction remains limited (Li et al., 2022).

Risk analysis has become integral to assessing sewer
system performance under uncertainties associated with
climate change and catchment dynamics (Yao et al., 2023).
Commonly evaluated metrics include maximum flow rates,
flooding volumes, and manhole surcharge occurrences
(Mondal et al., 2023). While recent studies have addressed
the impacts of rainfall variability over extended periods
(Beven, 2020, Napiorkowski et al., 2023), model calibration
uncertainties are often overlooked. Accounting for increased
runoff resulting from changes in climate and land use is critical
for ensuring system resilience (Guan et al., 2015). To address
these challenges, Willems et al. (2013) employed conceptual
models such as CGM, SGT, and MCM to simulate rainfall
impacts and inform system upgrade strategies, while Hauger
et al. (2006) proposed a safety-factor-based risk approach to
simplify catchment interactions. Adjustments to intensity—
duration—frequency (IDF) curves have also been advocated to
account for evolving rainfall extremes (Birgani et al., 2013).

Nevertheless, ML models for sewer flow prediction
frequently remain oversimplified, often neglecting storm
variability, storage processes, and network topology. In risk-
based designs (Addison-Atkinson et al., 2022, Amiri et al.,
2022), the omission of calibration uncertainties, such as
storage capacity variations and roughness coefficients, can
lead to underestimation of system vulnerabilities.

A methodology is presented for developing a model
to forecast maximum flow based on rainfall data, land use,
catchment storage, sewer network topology, and their spatial
arrangement within the catchment using machine learning
techniques. For this purpose, the MARS (Multivariate Adaptive
Regression Spline) model was used. This model provides
an analytical relationship that simplifies the identification
interactions among the above-mentioned factors and enables
straightforward evaluation of input-output relationships without
the need for additional calculations. The resulting ML model
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Figure 1. Diagram of analyzed urban catchment in Kielce
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can serve as a cost-free soft sensor for predicting maximum
flow in stormwater drainage networks. Additionally, a risk
analysis was conducted, addressing the issue of catchment
modernization in the context of maximum flow reduction under
conditions of uncertainty in field and sewer storage.

Methods and data

Study area

The urban catchment area under consideration is located in
Kielce, Poland - the capital of the Swictokrzyskie region. It
is located in the southeastern part of the city (city center) and
includes residential neighborhoods, public buildings, main and
secondary streets (Fig.1).

The catchment area covers 63 ha, 40% of which is
impervious. Spatial analyses per-formed using GIS tools
showed that road density in the area is 108 m-ha-1 (Kiczko et
al. 2018). The elevation difference between the highest (271.2
m above sea level) and lowest (260.0 m above sea level) points
in the catchment is 11.2 m. The main sewer is 1,569 m long,
with diameters ranging from 600 to 1,250 mm. Side sewer
diameters range from 300 -to 1,000 mm, and sewer slopes
vary from 0.04% to 3.90 %. The sewer system is a separation
system. Stormwater from the catchment area flows through
a collector to a diversion chamber (DC), from which, at a
depth of less than 0.42 m, it flows to the stormwater treatment
plant (STP) and then discharges into the Silnica River. During
heavy rainfall, when the depth of the separation chamber (DC)
exceeds the ordinate of the overflow threshold (OV), excess
rainwater is discharged into the discharge canal (S2), which
also drains into the Silnica River.

At the outflow from the catchment, an MES1 flow meter
was installed 3.0 meters from the inlet of the collector (S1) to
the diversion chamber (DC). This device records flow values
at 1-minute intervals during heavy rainfall events. Analysis
of the MES1 data collected between 2010 and 2020 showed
that, during dry period, flows ranging from 1 to 9 dm* s were
recorded, indicating the presence of infiltration. A rainfall
station is located 2.5 km from the catchment boundary, where
continuous rainfall measurements have been carried out since
2008, also with a resolution of 1 minute.

Delineation of sub-catchments and characteristics
In the analyzed catchment, 7 sub-catchments (J, K, L, N, M,
R, and S) were separated (Fig. 1). This division was based, on
one hand, on the alignment of the main collector and, on the
other hand, on the need to account for variations in catchment
characteristics, the sewer network, and its layout for the
purpose of developing a maximum flow simulation model.
The boundaries of the sub-catchments were established using
spatial data, including land use analyses and sewer network
layout (Szelag et al.2013). These analyses were confirmed by
Walek (2019), who separated sewer sub-basins, including side-
sewer sub-basins, within the Silnica River catchment. He also
estimated the variability of peak flows and their durations using
a simplified approach based on the HEC - HMS model, which
considered only land use. Based on these considerations, the
study catchment was subdivided along the main sewer (Figure
1). The selection of model input characteristics was supported
by a literature review (Szelag et al., 2016), which examined
the characteristics of the catchment and the sewer network
parameters commonly used in models simulating stormwater
system performance (e.g., maximum flow, flooding volume,
manhole overflow). Table 2 presents detailed characteristics
of land development and the sewer network for each of the
separated sub-catchments.

Methodology

An algorithm was developed to created models for
analyzing the influence of spatial catchment characteristics,
sewer network topology and its layout (using the fractal
dimension), and runoff-related parameters on peak flow in
response to rainfall (Figure 2). The parameters considered
include storage depth, the Manning roughness coefficient
for impervious areas, a correction factor for mean slope and
impervious area, runoff path width, and the Manning roughness
coefficient for sewers.

Machine learning, specifically, the MARS model, was
used to calculate the peak flow as an alternative to mechanistic
models such as SWMM (Storm Water Management Model).
The analytical form of the MARS model allows for the analysis

Table 2. Characteristics of the delineated sub-catchments

No. F Imp Vk Gk R.t. Vkp Jkp Impd Gkd Vrd-Vkd-! FD
ha - m3 m-ha' m m? - - m-ha’ - -

min 12.66 0.35 157 0.0079 1.74 16.1 0.0036 0.40 0.0011 0.17 0.94

max 55.41 0.44 1240 0.0092 8.47 67.5 0.0102 0.55 0.0063 0.84 1.14

where: F - area of the catchment area; Imp - impervious of the catchment area; Vk - volume of the collector; Gk - length of

the collector per impervious area in the catchment area; R.t. - difference in ordinates of thesewer; Vkp - volume of the sewer
preceding the catchment closure section; dHp - difference in ordinates to the catchment closure section; Jkp - slope of the bottom
of the sewer preceding the catchment closure section; Hst - depth of the manhole in the closure section; Imp - impervious of the
catchment area below the closure section; Gkd - length of the collector per impervious area below the closing cross-section; Vrd -
storage of the catchment area above the closing cross-section defined as Vrd = F - (Imp - dimp+ (1-1Imp)-d ), Vkd - volume of the
sewer network in the lower stream, FD - fractal dimension (calculations according to Section - Calculation of fractal dimensions).
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of the influence and interaction between selected variables
within their range of variability. The proposed model also
supports risk analysis (Butler et al. 2014, Ursino et al. 2015),
enabling the evaluation of sewer system performance under
uncertainty (storage of catchment, sewerage network, rainfall
due to climate change). This approach facilitates improvements
in system operation by incorporating the probabilistic nature of
SWMM model parameters.

Calculation of fractal dimensions

To estimate the fractal dimension, the box method was used. In
this approach, the image (in this study, the route of the sewer
network — Fig. A1), was placed on a grid of square boxes, each
with side lengths of 7. The number of boxes N(7) covering the
image (i.e., the canal network) was then counted. This number
depends on the size of the grid elements and decreases as T
is reduced in subsequent iterations. The box dimension was
calculated by analyzing how N(7) varies with 7. For complex
sewer grids, the number of elements in successive iterations is
not constant and the box dimension was defined as the boundary
value where the length of the side of the box (7) in the grid tends
to zero. For the assumed number of boxes N(t) with side length
T covering the image (the sewer network in the separated sub-
catchment), the box dimension was calculated from the formula:

log(N(x)
1 (M
os(;)
Practically, the box dimension is determined by analyzing the
relationship log(N(7) = f(log(z-1)), which is then approximated
using a linear function. Based on the sewer network (Fig. A1)

and the time distributions of rainfall events (Fig. A2), the
fractal dimensions were calculated.

FD = limt_)o

Mechanistic model

The mechanistic model of the catchment includes 92 sub-
catchments, with areas ranging from 0.12 to 2.10 ha and
imperviousness varying between 5 and 95%. The model
includes 82 manholes and 72 pipes. The storage depths for
impervious (D, ) and pervious (D, ) areas were set to 2.50 mm
and 6.00 mm, respectively. Manning’s roughness coefficients
were n,_ = 0.025 m'”-s for impervious areas and n =010
m'?-s for pervious (n__ ) areas, as determined during the model
calibration step (Szelag et al. 2016). The width of the runoff
path (W) was calculated as W= 0-A%*, where 0 is the flow
path correction coefficient and A is the catchment area. The
highest agreement between calculation and measurements
was obtained for 6 = 1.35. Model calibration using 6 rainfall-
runoff events resulted in a Nash - Sutcliff efficiency coefficient
ranging from 0.85 to 0.98, and a coefficient of determination
between 0.85 and 0.99. The differences in hydrograph volumes
and peak flows did not exceed 5% compared to measurements,
confirming a high level of agreement between calculated and
measured values (Szelag et al. 2016).

Calculation of uncertainty by GLUE method
(Generalized Likelihood Uncertainty Estimation)

In the present analyses, for the assumed uniform distributions
of SWMM parameters (correction coefficient of impervious
area, correction coefficient of flow path, Manning co-efficient
of impervious and pervious area, Manning coefficient of sewer

storage, storage depth of impervious and pervious area) (Tab.
Al) and measured rainfall - runoff events (calibration: 24th
July 2011 and 15th September; validation: 30th May 2010
and 30th July 2010), a posteriori distributions of SWMM
parameters, 95% confidence interval, and likelihood function
values were calculated. For the calibration data (30th May

/ Collection data (module 1): \
~ characteristic catchment,

» characterstic stormwater system,

» rainfall = runoff events,

» sub - catchments division,

» fractal dimension for sewer system

Hydrodynamic model = SWMM (module 2)

L 2

Uncertainty analysis — method GLUE (module 3)

b 4

-~
Calculation of peak flows in rainfall events for
sub-catchments under uncertainty - SWMM
{ simulations (module 4) p

ﬂetermination of MARS models (module 5]\

,l_' X5
Risk analysis of the operation of stormwater

networks with respect to the reliability of the
calibrated SWMM parameters (module 6)

Figure 2. Scheme for the development of model to calculate
peak flows in a sewer network and risk analysis
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2010 and 8th July 2011), up to 96% of the measurement data
were found to be within the calculated confidence intervals.
For the validation set (15th September 2010), 90% of the
observations were within the confidence interval, while for the
event on 30" of July 2010, 70% of the observations covered
the determined 95% confidence interval. A detailed discussion
of the computational methodology used in the uncertainty
analysis is provided in Szelag et al. (2022 a).

Simulations of sewer network operation

Using the developed hydrodynamic model of the catchment,
peak flow calculations were performed at the cross-sections
closing sub-catchments J, L, N, R, and S under uncertainty
associated with the calibrated SWMM parameters (the
correction coefficient percentage area, storage depth of
impervious and pervious areas, Manning coefficient for
impervious and pervious areas, the correction coefficient for
slope, and the Manning coefficient for sewer storage). Using
the posteriori distributions of the SWMM parameters, peak
flow simulations were performed for assumed rainfall data
at the sub-catchment closure cross sections. The following
rainfall events were assumed for the analyses: t = 30 min (P,
= 6.0 mm and 8.0 mm) and tr = 60 min (P, = 6.0 mm) for
temporal rainfall distribution types R2, R3, R4 (according to
DWA A — 118, 2006). These data describe different rainfall
loads on the sewer network (potential consequences of climate
change) for the catchment in Kielce, and help to explain runoff
variability and the occurrence of various flow conditions in the
sewers (Szelag et al. 2016). Rainfall with t = 60 min generates
gravity flow conditions throughout the sewer network. In
contrast, for tr = 30 min and Pt = 6.0 mm, storm overflow
(OV) discharge occurs, and for P, = 8.0 mm, pressure flows and
hydraulic backflows are observed in the sewer system (Szelag
et al. 2016).

Development of MARS model

In the present analyses, the MARS method was used to
describe the peak flow in the sewers closing the separated sub-
catchments. The model can be expressed in general form as:

Q= ap + XJ_1- h(x;},t}) )

where: o, o, are empirical coefficients estimated by recursive
partitioning of the feature space (Friedman and Roosen 1995);
T is the number of basis functions h(xj*, tj*), assuming that a
linear basis function is described by the equation:

] — 7
where: t* are threshold values for the T basis functions (Fig.
A3); x* Q* denote the standardized independent variables
(e.g., rainfall data, catchment characteristics, sewer network,
fractal dimension, SWMM parameters) and the standardized
maximum flow (Q_ ).

In equation (3), the basis function takes the form of a linear
relationship that incorporates threshold values (tj). In this
context, and drawing on the principles of linear regression and
the Standard Regression Coefficient (SRC) sensitivity analysis
method, the obtained values of o, for individual independent

variables, in their variation intervals, are interpreted as
indicators of model sensitivity (Wang et al., 2019). For two
threshold values (t," <t,") determined with respect to a single
independent variable (xj*), the MARS function takes the form
Q= ox t.to, (x' >t*)iy=a-=x, t.+a (x >t). In
this case, the combined effect of o in the interval (t,"; t,) is
equal to o, +a,. To determine the number of nodes (T), threshold
values (tj*), and coefficients o, the STATISTICA 10 software
was used. This program automatically identifies statistically

significant independent variables.

Risk analysis including reliability of SWMM parameters
To analyze the performance of the sewer network, the design
peak flow was used, taking into account the allowable error
in its identification (o), which is described by the following
equation (4):

Qn=0Qn (1%0)

Q;(L) =Qm-(1—-0)
Qﬁl(u) =Qn-(1+o0)

an =< Qz,(L)Z an(U) >
where: ¢ represents the allowable uncertainty threshold of the
maximum flow Q_. Values of ¢ = 0.10, 0.15, and 0.20 were
considered in the calculations, and can be interpreted as safety
factors that influence the reserve capacity of the designed
sewer system, e.g. due to climatic changes in rainfall.

The performance of the drainage system under uncertainty
(e.g., variability in temporal rainfall distribution and SWMM
model parameters) was assessed based on the probability of
occurrence of the peak design flow:

k
hpom === )

where: Z, represents the function describing the exceeding of
the maximum flow QP :

Zy=1- an(u) = Qu(Xp, Xcren X1, X2, -y Xp) = an@)
Zk = Zk =0 - Qm(XR,XCTCH,xl,xZ, ...,xp=p) > an(u) (6)

Zk =0 - Qm(XR'XCTCH!xl'xZJ '"fxp=P) < me(L)

where: N — number of Monte Carlo (MC) samples;
Q, (x1, x3 x5 ..., x,.) — value of the peak flow for the sub-
catchment for the assumed characteristics of the catchment, the
sewer network, and SWMM model parameters; X — vector
of rainfall data combinations (e.g., rainfall depth, duration,
and temporal distribution of the event), X, — vector of
combinations of catchment and sewer network characteristics,
r=123,..,P

The risk analysis proposed in the present study included the

following computational steps:

e identification of a posteriori (GLUE) distributions of SWMM
parameters (N = 5000 samples),

o simulation of the maximum flow in separated sub-catchments for
rainfall events, taking into account uncertainties (Section A1),

e calculation of the probability of maximum design flow
(pQm) from equation (5) in rainfall events with o = 0.10,
0.15, and 0.20,
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o determination of SWMM parameters - n dimp, B, n_,
(neglecting the likelihood function) based on the a posteriori
distributions:

f(xp) = {(xp1,2p2, - Xps } = Xps =

=F" P .oP . i}
=F 1(< Qm(L)' Qm(U) >, Xp, Xcren Xp—1 ...,xp)
for p=1,2,3,..,P (7)
s=1,2,3..,N <5000

where: F71(< le(L); ng(u) >, Xg, Xcrcn Xp—1, ) Xp)
inverse function Q_+ ¢-Q_ to identify SWMM parameter
distributions based on p,, ; s - number of p-values of these
SWMM parameters; f() — empirical distributions of p =1, 2,
3,..,P-SWMM parameters X8-S - p Values of this SWMM
parameter assuming QP ) = Qm > m(L) XXX ¥-p-l,
., P values of SWMM parameters obtained from uncertalnty
calculations (a posteriori distribution). The final result obtained
was the vectors [xp, s x;f P x;‘].
Determination of 0.50 percentiles of SWMM parameters
and preparation of the curves: n, = f(Q + 0Q),
= 1Q % 0Q ). p=fQ, Q). 1, =f(Q,*c-Q,) for
c6=0.10, 0.15, 0.20
In this study, the distributions of SWMM parameters (n, op?
d,_, B, n_ ) were determined for two variants. In the first, the
likelihood function was neglected, while in the second variant,
it was included. For the determined SWMM parameters (xp)
that satisfy the condition described by relation (Section Al,
equation 2A), the corresponding value of L(Q/0) was obtained.
On this basis, the 0.50 percentiles of the likelihood function
were identified, and the corresponding vectors of SWMM
parameters were determined, as follows: [nimp, I A

[dlmp e X, LB X T [ X
Results

Influence of uncertainty on the results of peak flow
calculations

Based on the results of runoff simulations in the separated
sub-catchments (J, L, N, R, S), considering the uncertainty

2.0
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Figure 3. Influence of SWMM parameter uncertainty on peak
flow (Qm) in sub-catchments (J, L, N, R, S) for rainfall type R2
and tr = 30 mm and Pt = 6.00 mm

in SWMM parameters for the assumed rainfall events (t =
30, 60 min), the variability of peak flow was assessed using
percentiles (25%, 50%, 75%) (Fig. AS). Example simulation
results of Q_ for the considered sub-catchments, with t = 30
min and P, = 6.0 mm (rainfall type R2), are presented in Fig.
4. The highest value of Q_= 0.75 m’-s™ (percentile 0.50) was
obtained for sub-catchment S, while the lowest was observed in
the sub-catchment J, with Q_ = 0. 25 m*-s'. The uncertainty in
the SWMM parameters was found to have a significant impact
on the variability of the peak flow (Q,_), as confirmed by the
percentile values (25%, 50%, 75%) for the sub-catchments
(Fig. 3).

For the sub-catchment S, the Q_ value varies between 0.48
and 1.82 m*-s”!, and for the sub-catchment J, it is in the range
0f 0.09 - 0.49 m*-s™.

Development of MARS models for peak flow
calculations

Fig. 4 shows the relationship between R, RMSE, and MAPE
values for the obtained MARS models; Table A2 gives the
results for the learning set (80%) and test set (20%).

The best fit between calculations and analysis was obtained
fort =30 min, P, = 8.0 mm (type R3) obtaining R*= 0.96, MAE
=0.021, RMSE = 0.038, while the largest simulation errors Q *
occurred for rainfall type R2 (R?=0.92, MAE = 0.034, RMSE
= 0.058). Models developed for t = 60 min (rainfall types R2,
R3, R4) exhibited worse predictive performance (R* = 0.90 -
0.92, MAE =0.027 - 0.031, RMSE = 0. 050 - 0.059) compared
to models determined for t =30 min and P, = 6.0 mm, P = 8.0
mm (type R2, R3, R4), which achieved R?=0.92 - 0.96, MAE
=0.021 - 0.034, and RMSE = 0.038 - 0.053.

Identification of the impact of independent variables on
ma imum flow based on rainfall data
MARS model

Using the results of SWMM calculations in the sub-
catchments (J, K, L, N, P, R) including associated uncertainties,
MARS models were developed based on the assumed rainfall
data (rainfall depth, duration, and temporal distribution of
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Figure 4. Relationship between RMSE, MAE, R for
determined MARS models in relation to assumed rainfall data
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rainfall in the event). The calculated threshold values (t) and
empirical coefficients (ai) for MARS models are presented in
Tables A3, A4 and AS in Appendix A. An example model for
rainfall 30a_R (t, = 30 min, P, = 8.0 mm, rainfall type R2) is
described by the following equation:

Q*=0.146 + 0.198*max(0; Fl.mp*—0.00) — 0.196*max(0;
n, *0.451) + 0.276*max(0; 0.451-n, *) — 0.160*max(0;
d,-mp *.0.154) — 0.167*max(0; 0.154—dimp*) —0.01*max(0; nl.mp*-
0.329) + 0.173*max(0; 0.329-n, *) +0.095*max(0; 0-0.38) —
0.151*max(0; 0.380-0) +0.07*max(0; $-0.722)—0.082*max(0;
0.722-B) + 0.07*max(0; FD-0.00) — 0.024*max(0; 0.75-y) +
0.071*max(0; n_, *-0.225) + 0.068*max(0; ., *.0.863)

Across the full range of variation in ¥, * and FD* values,
a uniform influence of these independent variables on Q_*
is observed. In contrast, for n__*, nimp*, p*, a*, y* within the
range X, * = <0; 1>, their influence on Q_* varies, as confirmed
by the o, coefficients values (Figure AS). For n  * < 0.225,
an increase in n_ * led to an increase in Q_* of 0.0276 per
0.1'n_ *. For 0.451 >n_ * > 0.225, an increase in Q * of
0.035 per 0.1'n__* takes place. However, when n > 0.451,
a decrease in Q_* of 0.0196 per 0.1'n__ is observed. Table
3 presents the ai coefficients in the MARS models for the
assumed rainfall conditions (type R2, R3, and R4 for scenarios
30a, 30b, 60).

Influence of rainfall data on sensitivity (catchment
characteristics, drainage network)

Fimp* had the highest influence on Q_* under the P = 6.0 mm,
type R3 temporal rainfall distribution, and also for P = 8.0 mm
type R2 rainfall. In contrast, Vkp exhibited the lowest influence
(Table 3). An increase in from P, = 6.0 mm to P, = 8.0 mm for
type R2 rainfall (e.g., the influence of climate change) led to a
greater influence of F ,on Q,* (Fig. 5a). For rainfall types R3
and R4, the opposite trend was observed. For the same types
(R3 and R4), an increase in P, led to greater sensitivity of Q_*
to changes in FD (Fig. 5b). The highest influence of FD* on
Q,* was observed under type R3 rainfall conditions, while the
lowest influence occurred under type R2, regardless of whether
P, was 6.0 mm or 8.0 mm.

Influence of rainfall data on sensitivity (SWMM
parameters)

For rainfall types R2, R3, and R4, an increase in P, from 6.0
mm to 8.0 mm resulted in an increase in the sensitivity of Q_*
by 2.0 - 27.7% for a, B, n and by 12.5 - 80.0% forn__ . In
contrast, an opposite trend was observed for d, . Under t =30
min and P, = 6.0 mm (types R3 and R4), d, ~had the greatest
influence on Q_*, while n had the least. Fort =30 minand P,
= 8.0 mm (types R2 and R4) n_ showed the highest sensitivity
of maximum flow to changes, with o, values ranging from 0.18
to 0.26; under rainfall type R3, dimp remained the dominant
influencing factor. For t = 60 min and rainfall types R2, R3,
and R4, dimp had the highest sensitivity in the Q_* model.

The impact of precipitation characteristics on estimated
coefficients in the MARS model

Table 4 presents the results of correlation coefficient (R))
calculations between the MARS model coefficients and
rainfall characteristics. Very high correlations (Rij =0.7- 0.9)
were shown for Gk and P =5 (R,=0.91), o(FD) and P, (R,
=0.79)and a(a) and P_/P_ (Rij =0.72). High correlations (Rij
=0.5 - 0.7) was found between a(Fimp) and P_, /P, with the
highest R value observed for P_, /Pt (Table 4). Similarly, high
correlations were obtained for a(B) and P_/P_ (Rij =0.63), as
well as for a(nimp) with both P_/P_, and P_, /P_. Based on the
above results, the empirical relationships were derived: a(FD)
= f(P_,/P) and a(Gk) = f(P_,). Both models yielded R* =
0.50, suggesting a nonlinear relationship between the variables
(Fig A4).

Probability of maximum design flow — rainfall
characteristics — catchment characteristics — SWMM
model parameters

Based on sub-catchment flow simulations, the probability of
exceeding the maximum design flow (p,,) was determined
for the assumed rainfall data. The simulated maximum flows
(Q,) ranged from 25 to 2000 L-s", depending on catchment
characteristics such as F, ~and FD (Figures 5a, 5b). On this
basis, empirical cumulative distribution functions (CDFs)

Table 3. The absolute values of the coefficients in the MARS model depending on the distribution of rainfall (* - the table shows the
coefficients g, including the maximum range of variation x).

F. * n * d * B*

30a_R2
30a_R3
30a_R4
30b_R2

30b_R3

30b_R4
60_R2
60_R3

60_R4

o* v Gk* FD* Vkp*

0.00

0.00

0.00

0.01

0.00

0.00

0.00

0.00

0.00
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Table 4. Correlation coefficient (Rij) between estimated coefficients in MARS models and rainfall characteristics
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where: FD, - fractal dimension of the temporal distribution of rainfall in the event; P
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rainfall depth in the episode; P, - rainfall depth in the episode; P_ - average 5-minute rainfall depth in the episode, P, - rainfall

depth for t = 0.5-t.

of SWMM parameters (nimp, B, dimp, n_ ), which condition
the non-exceedance of Q_ values, were developed. The 50th
percentile values were extracted from the CDFs, and curves of
d,. =fQ, F .. FD) were prepared for rainfall scenarios 30a,
30b, 60 of types R2, R3, and R4. Example curves for dimp,
identified as the SWMM parameter with the greater influence
on Q_*, are shown in Figures 5c and 5d. The computed values
of other SWMM parameters (nimp, B and n ) are provided in
Table A3.

A non-linear relationship between Q_ and the probability
of exceeding the design flow ( me) was observed (Figs 5a and
5b). As Q_ increases, the value of p,, initially rises to a peak
and then decreases. A decrease in rainfall depth (P) leads to a
decrease in p,, , while an inverse relationship was found for F, .
The highest p,, values (6=20%) were obtained for rainfall type
R3 (me =0.70), and the lowest for R2 (me =0.51) (Figure 5b).
Additionally, increasing the allowable uncertainty threshold

in Q_ leads to a reduction of Pon- FOr rainfall types R3 and
R4, the value of ¢ has a negligible influence on the maximum
flow. However, for rainfall type R2, it leads to a decrease in
Q,=f(max{p, }) by 4% (from 1270 L-s" to 1220 L-s").

The figures (Fig. 5a and Fig. 5b) confirmed the strong
interaction between catchment characteristics (Fimp, FD),
rainfall data, and the acceptable uncertainty threshold (o). A
change in rainfall distribution, from R3 to R2 (Fimp = 24.26
ha), in the context of calculations for verifying sewer capacity,
performance evaluation, or climate-smart sewer design, leads
to a 33.3% increase in Q_ (Figure 5b). Meanwhile, an increase
in P, = 6.0 mm to P, = 8.0 mm (under R2 temporal rainfall
distribution) results in a 68% increase in Q_ (Figure 5a). The
calculation results for the remaining variants are presented in
Figure A8 in Appendix A.

An increase in catchment imperviousness (from F, =
16.26 ha to F . =2426 ha), for rainfall duration t = 30 min
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and P = 6.0 mm (type R2), led to a 42% increase in Q. It was
found that as o increases, the range of variability of Q_ also
increases for the assumed values of Pg,, = CONst, across rainfall
types R2, R3, and R4 (Figure 5b). In practice, an increase in 6
indicates a greater reserve of sewer capacity at the design stage
and an increase in the reliability of system operation during
heavy rainfall.

In addition to catchment characteristics, the significant
influence of SWMM model parameters on Q_ simulation
results was confirmed (Figures S5c and 5d). It was found that a
reduction in the Manning roughness coefficient of impervious
areas (nimp) and the sewer roughness coefficient (n_ ) leads
to an increase in Q_ (0.5th percentile), while the impervious
area correction factor () shows an inverse relationship. For a

rainfall duration of t = 30 min and P, = 8.0 mm, it was shown
that despite an increase from Fimp = 11.17 ha (FD = 1.08) to
F ,=15.26 ha(FD=1.14), as aresult of catchment urbanization,
it is possible to maintain a constant flow of Q = 1000 L-s°
' by increasing the Manning roughness coefficient from
n, = 0.0157m"?s to 0.018 m"*'s (Figure 5d).

The inclusion of the likelihood function was shown
to have a significant impact on the calculated values of
dimp, L | I and B, as confirmed by the resulting curves
(Fig. 5c, d). The introduction of the likelihood function during
the identification of SWMM parameters influencing Q_, under
a defined uncertainty threshold (o), leads to an increase in
their values by approximately 2 — 15% compared to the variant

where the likelihood function is omitted.
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Figure 5. (a) Influence of maximum design flow (Q, ), catchment characteristics (Fimp), rainfall data on p, probability; (b) Influence
of maximum design flow (Q,,), rainfall distribution (type R2, R3, R4), acceptable uncertainty threshold (o) on p probability; (c)
Influence of maximum design flow (Q, ), rainfall data, permissible uncertainty threshold (o) on d,  with neglect and consideration

of likelihood of SWMM parameters; (d) Influence of maximum design flow (Q, )

, catchment characteristics (F. ), temporal rainfall

imp.

distribution on d,  with neglect and consideration of reliability of SWMM parameters.
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Discussions

Model for simulating maximum flow

The MARS method was used to simulate processes of 5 sub-
catchments and identify the condition of conduits, flows,
slopes, etc. To date, this method has not been applied to the
calculation of maximum flows in sewer lines (Table 5), even
though it has been used to simulate flows in river catchments

(Fig. 1). The ML computational models presented in this
study differ from those developed by other authors (She and
You, 2019; Yang and Chui, 2020; Kratzert et al., 2019) in
that they are expressed as analytical equations. This format
allows the influence of independent variables on maximum
flow simulation results to be assessed directly, without the
need for additional calculations. In the present study, non-
linear relationships between rainfall data and the estimated

Table 5. Review of a mechanistic machine learning model incorporating input data for predicting maxi-mum flow

Input

Studies Variable Methods

RN SwW CT SP UN
Vojnovic et al. (2003) Q(t) ML (MLP)
Zhou et al. (2014) Q ML (SLRM)
Yao et al. (2016) Qm, V ML (MLR)
Gargano et al. (2015) Q(t) ML (SVM)
Yao et al. (2017) Qm MC (MLR)
Liu et al. (2017) Qm MC (MQR)
Jato-Espino et al. (2017) Qm ML (MQR)
Jato-Espino et al. (2018) Qm ML (MQR)
Kratzert et al. (2019) Qm ML (LSTM)
She and You (2019) Q(t) MC (RBF-NARX)
Yang and Chui (2020) Q(t) ML (XGboost)
Bell et al. (2020) Qm, V ML (logit)
Fatone et al. (2021) Qm ML (logit)
Palmitessa et al. (2022) Q(t), h, Vov ML (DNN)
Meierdiercks et al. (2010) Q(t) MC (SWMM)
Mejia et al. (2010) Q(t) MC(GUIH)
Cantone and Schmidt (2011) Q(t) MC (IUHM)
Zhang et al. (2014) Q(t) MC (GSSH)
Chadalawada et al. (2017) Q(t) MC (IUH)
Ichiba et al. (2018) Q(t) SWMM
Qui et al. (2020) Q(t) SWMM
Wolfs and Willems (2016) Q(t) MC+ML
this study Qm MC (MARS)

where: RN — rainfall; SW — sewer characteristics; CT — catchment characteristics; SP — spatial; UN — uncertainty (calibration
parameter describe of the storage catchment, capacity of sewer); 1 — functional; 2 — unfunctional; SVM — support vector machines;
DNN - deep neural network; XGboost — Extreme Gradient Boosting; MLR — multinomial linear regression; MQR — mulithomial
polynomial regression; RBF — radial basis function; LSTM — long short term memory; MLP — multilayer perceptron; MC —
mechanistic model; GUIH — Geomorphological Unit Hydrogram Instantaneous Hydrogram; IUHM — lllinous Unit Hydrogram Model;

GSSH - ; IUH — Instantaneous Unit Hydrogram.
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coefficients in the MARS model were identified, as confirmed
by the obtained correlation coefficients. However, it was not
possible to establish generalized relationships for determining
these coefficients, which means the developed model is not
universal.

Similar case-study-based approaches were proposed by
Fatone et al. (2021), who considered SWMM parameters
(0, s dimp’ n_ ) and rainfall data but neglected catchment
and sewer network storage and topology. Yao et al. (2016)
considered catchment imperviousness and, in a simplified
manner, the layout of the sewer network by classifying 6 sub-
catchment types. Bell (2020) included only impervious areas
in his model. Among the reviewed studies, only Jato-Espino
et al. (2018) developed a model for maximum flow prediction
that simultaneously considers catchment imperviousness and
sewer storage as a function of rainfall frequency. This model
shows potential for application to other catchments, but it has
not been widely studied.

Impact of catchment characteristics and sewer
sewage system topology on maximum flow

It was found that the impervious area of the catchment
contributes significantly to an increase in maximum flow,
while other catchment characteristics were not statistically
significant. This finding is consistent with the analyses
of Yao et al. (2016) and Jato-Espino et al. (2018) for small
urban catchments. Bell et al. (2020), based on a review of 55
publications, developed a logistic regression model to estimate
the probability of exceeding the maximum flow based on the
area of green infrastructure (GI) facilities in the catchment and
rainfall data. However, the spatial layout of these features was
not considered due to limited available data. Among drainage
network characteristics, both the fractal dimension and sewer
density were found to influence maximum flow, with observed
correlations to rainfall depth. Yao et al. (2016) showed the
influence of land use spatial layout and sewer system topology
using 5 sub-catchments in Beijing. However, their study did not
attempt to parameterize these spatial features using indicators
such as fractal dimension or semivariogram parameters.

To date, fractal dimension has been determined through
mechanistic model analyses, where its influence on sewer
system performance has been confirmed (Gires et al. 2017).
Ogden et al. (2011), using the GSSH model, showed that
increasing sewer density leads to higher peak flows. This effect
was attributed to changes in the routing of the sewer network
in the catchment, but the spatial configuration of the drainage
system and its effect on runoff were ignored. These findings
are consistent with the results of Gironas et al. (2010), who
used the advanced GIUH model to simulate sewer network
outflow hydrogram. Gires et al. (2017) further demonstrated
the potential of an integrated modeling tool combining MCM
and fractal geometry to simulate sewer systems, impervious
area, and building rooftops across 3 different networks.

Despite these advancements, no prior study has fully
established a quantifiable relationship between catchment
characteristics and maximum flow. The relationship identified
in this study, linking fractal dimension, catchment properties,
and sewer network characteristics, enhances our understanding
of the interactions among these factors and their implications
for urban catchment hydrology.

Impact of Rainfall Characteristics on the
Relationship: SWMM parameters — maximum flow
(Sensitivity Analysis)
The complex influence of rainfall load on the coefficients in the
MARS model has been established. An increase in the values of
SWMM parameters (dimp, n_, B, etc.), depending on the range
of their variability, can either increase or decrease Q _. These
results showed the influence of the spatial layout of land use
and sewer network configuration on the outflow hydrogram, as
different layouts generate different hydraulic conditions in the
sewer network, particularly in urban catchments (Fig. 1). In
many previous studies (Szelag et al. 2016, Barco et al. 2008),
the impact of calibrated parameters on sewer performance
(hydrogram, flooding volumes, etc.) was analyzed using
simplified approaches, which often involved a single rainfall
event, limited combinations of calibrated parameters, and the
neglect of temporal rainfall distribution, leading to overly
generalized conclusions (Szelag et al. 2022 b). Fatone et al.
(2021) found that increases in dimp, nosn could lead to a
decrease in maximum flow, while an opposite relationship was
observed for a. The difference in methodological approaches,
classification models (logit) versus regression models
(MARS), enabled the identification of consistent relationships
across both modeling frameworks.

The results of the calculations showed that for rainfall with
t = 30 min (type R2), the Manning roughness coefficient of
sewer (n_ ) has the greatest influence on the maximum flow,
and for rainfall with t = 60 min, the storage depth of impervious
areas (dimp) was the most influential. The influence of the
temporal distribution of rainfall and catchment characteristics
on the results of sensitivity analysis was confirmed by Cristiano
et al. (2018), who performed analyses for 4 urban catchments
(2.5 - 5.3 km?). Similar results were obtained by Fraga et al.
(2016) for a small road catchment (0.005 km?), who found an
influence of rainfall data on sensitivity coefficients and also
showed the key influence of n,  on the hydrogram. Fatone et
al. (2021), using a logistic regression method (rainfall types
R2, R3, and R4), confirmed the highest impact of n_ on
maximum flow (Tables 3 and 4). They found that an increase
in rainfall intensity led to a reduction in sensitivity coefficients,
with highest values obtained for type R1 rainfall distribution
and the lowest for type R2. Krebs et al. (2014) (Imp = 86%)
confirmed the key influence of sewer roughness coefficient
on the catchment outflow hydrogram. On the other hand,
Barco et al. (2008) (Imp = 65%), Krebs et al. (2014) (Imp
=19, 86%) found that maximum flow and runoff volume
were most influenced by depression storage and catchment
imperviousness; their calculations did not include rainfall data.

Risk analysis

Most current risk analysis methods (Fu and Butler 2014, Ursino
et al. 2015) focus on the impact of rainfall uncertainty on the
performance of the sewer networks, particularly regarding
maximum flow, flood volume, and manhole overflows. ,
etc.). In contrast, the proposed risk analysis method considers
not only rainfall uncertainty but also the characteristics of
the catchment and sewer network, as well as uncertainty in
depression storage and sewer capacity, as represented by
SWMM parameters. The model includes a so-called acceptable
uncertainty threshold for maximum flow calculations, which
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can be interpreted as a reserve of canal capacity. This reserve
accounts for climate change and varying catchment conditions,
which is important given potential changes in catchment storage
and the hydrological cycle. A similar approach was proposed by
Sharifi et al. (2024), but their model was limited to analyzing
the impact of climate change on sewer network design.

Soft-sensors for predicting sewer sewage system
performance - field studies

Literature data (Table 6) confirm that an alternative to
classical measurement methods is the used of so-called soft
sensors, which operate based on ML models. This approach
is gaining increasing attention, as evidenced by the growing
number of studies published in this area (Guo et al. 2023).
For the development of such models, it is essential to collect
an sufficiently large datasets, which requires continuous
monitoring of rainfall and sewer network parameters such
as flow, flooding, and water depth. ML models have been

successfully applied to predict catchment flow rates, overflows,
water levels, flood volumes and water depths (Li et al. 2022,
Guo et al. 2023). However, most of these models are case-
specific and typically developed for individual catchments. As
aresult, their applicability is limited and dedicated models must
be developed for each catchment restricting their universality.
Consequently, continuous data collection is required for every
application, leading to operational costs associated with
maintaining high-resolution and high-quality measurement
data (Kwon and Kim 2021, Al Mehedi 2023). Additionally,
issues such as improper calibration or placement of flow
meters can negatively affect the performance of mechanistic
models and reduce the accuracy of predictions, limitations that
are detailed in Table 7.

The aforementioned disadvantages - technical limitations,
data quality and integration issues, and errors resulting from
simplified model assumptions, have been addressed in MC
models that incorporate rainfall data, land use, sewer network

Table 6. Review publications on the role of ML models in forecasting and cost reduction of measurement systems

Input to ML model

Measurement Issues

Rainfall data — in tropical
cyclone (TC) regions, flood
events in densely populated
high-risk areas in the Asia-

Pacific region.

Issues in real-time urban flood
forecasting: low accuracy and
time-consuming computations,
inconsistent access to updated
technology, and geographical
variability in data collection leading
to gaps in measurements.

Rainfall data, real-time data
used — heavy rainfall

Discontinuous data; studies
require large sample sizes
(i.e., big data); challenges with
generalizing ML models, data
diversity, especially in the context
of overflow prediction.

Flow data; the LSTM
model was trained on
operational units such as
air temperature, outlets at
different depths and waters.
The goal was to predict
water recession rates.

0.51 ha, small catchment area
with urban infrastructure for green
stormwater retention.

Data includes forecasts
for water demand, leak
detection, forecasting
sewer system conditions —
synthetic data.

Lack of data synchronization; data
issues; problems with data values,
privacy, and trust in algorithms.

No Authors Duration of Measurement Devices and
" | and Year Study Measurement Resolution
. LSTM Sensors (Long Short-
Typhoon Committee .
Term Memory); automatic image
conducted urban o
) o monitoring based on loT, weather
J. Liu, HS flood monitoring ) o
1 ) radar, satellite monitoring -
Cho (2022) | projects for several -
weather radar and satellite
years (UFRM and images providing good spatial and
OSUFFIM) gesp g good sp
temporal resolution.
16 studies,
including five
SH Kwon, ) 9 Flow sensors, UDS system;
) operational UDS )
2 JH Kim ) long-term memory, LSTM - high
studies; research .
(2021) resolution
from the last ten
years
loT smart sensors, humidity
Five vears. focusin sensors at various depths,
MAAI y ’ g water depth sensors, and
. on the rain garden . o .
3 Mehedi in Villanova devices monitoring air and sea
(2023) N temperature - high resolution due
Pennsylvania i
to continuous data from sensors
allowed in the LSTM model.
LSTM sensors; various sensors
used for monitoring water, leak
GFu S detection, sewer defect detection,
4 ’ No data and forecasting sewer system
Sun (2022) " . .
conditions - high, enabling
continuous monitoring and
forecasting based on input data.
loT, smart sensors, a series
A Sharifi of sensors for real-time data
5 No data ) . .
(2024) collection - high, enabling real-
time data collection and analysis.

Hydrological parameters
(flow, temperature, and
precipitation) of urban
drainage systems.

Issues with location and
inaccurate definitions of graphic
concepts.
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layout, and surface runoff conditions (Tabuchi 2020, Moon
2023). Guo et al. (2023) showed the predictive generalization
capacity of such models to forecast sewage flooding for urban
catchments, allowing their use as soft sensors. Since machine
learning methods determine input - output relationships based
on statistical correlations, the development of a universal
model is feasible. This can be achieved by collecting data from

various catchments with diverse physical and geographical
characteristics, or by using mechanistic models as simulators
to generate synthetic datasets for training machine learning
models applicable across multiple catchments. This approach
aligns with ongoing efforts to develop a low-cost soft sensors
capable of predicting sewer network flow rates and identifying
the volume and extent of sewage flooding.

Table 7. MC models for predicting flow intensity in sewer network catchments of different sizes

Authors

No. and Year

Catchment
Size

Measurement
Devices

Measurement
Resolution

Measurement Data

Measurement Issues

Tabuchi
(2020)

Paris, France;
1800 km?;
500 km of

main sewage
channels,

modeled by 3113

Flow control of the Seine
in Paris, and the 5-year
and 10-year wet and dry
flow rates; MAGES - real-
time control system in the
Paris Metropolitan Region

Simulation (approx.
3 minutes within 24
hours); 5-minute

Real-time rainfall data;
Flow data; Historical
and operational data

from the sanitation
system, including
sewer network

Processing rainfall data and
configuring real-time data
exchange platforms between
SIAAP (Interdepartmental
Syndicate for Sanitation in
the Paris Region) and each

) cycle performance, partner: limitations related to
nodes (23,000 - 150 management sites ) ) )
) ) maintenance records, |sewage pollution and the impact
computational (basins, valves, and ) :
and real-time of discharges on the natural
nodes) pumps) ] .
environmental data. environment.
The RTC system has Sewage flow data; Data quality inconsistencies and
Kentucky, USA; o . . . .
385 square ~30 control facilities, RTC system Rainfall forecasts; challenges in integrating diverse
) q including retention updated based on | Water levels; Flows; data sources; Infrastructure
2 Tao (2020) | miles catchment, ) . ) . N
11 Ohio River basins, storage, five-minute data | Operational data: gate limitations, as well as
catchments diversion controls, and | sampling intervals | positions, pump rates, |inadequate spatial and temporal
pump stations. treatment capacities resolution of data.
Rainfall data Rainfall data, water ) ) )
Weather system (https:// . Errors in R-R simulation
) collected at levels; Additional o
Seoul, South www.kma.go.kr), rain results (SWMM), uncertainty in

flow meters

3 | Moon (2023) 1-minute resolution synthetic data o
Korea; 42.50 km? | gauge sensors; water ] catchment data for estimating
o for 21 years generated by a rainfall- . ) )
level monitoring systems parameters is relatively high.
(2001-2021). runoff model
Pump performance; ) Found a nonlinear response
. . . . Rainfall data; . )
Wuhan, China; technologies for High spatial and relationship between pump
4 Wu (2023) o . ) Overflow data; Pump
8494 km? monitoring rainfall and | temporal resolution performance and the area
performance data
floodwater levels covered by LID and UFS.
£6dz, Poland; Continuous
335 ha Flow sensors, rain quantitative o ) o
L Precipitation data, Technical limitations:
o catchment, gauges, standalone and qualitative . ) ]
M. Zawilski ) o ) L flows in the sewage Discontinuous data,
5 sealing degree monitoring stations for monitoring from ]
(2013) ] system, suspended Measurement accuracy issues,
- 40%; 60 Total Suspended Solids 1989-1992, . L ] )
) ) solids data Calibration difficulties.
subcatchments (TSS) pluviometric data
(1.79-17.16 ha) from 2010-2012
Precipitation data,
Simulation, rain gauge hydrological data:
Poland, 288 ha gaug v 9 Errors arise from assuming
L. sensors (so-called flow and water level ;
Nowogonski | catchment, 72 . Temporal and too few subcatchments, which
6 pluviometers), flow . . measurements, ) .
(2019) subcatchments ) spatial resolution ) . underestimates maximum runoff
sensors in channels, spatial data - velocity, . )
of 4 ha each . ) and stabilizes it at a lower level.
and water level sensors assuming uniform
runoff from rainfall
Low effectiveness of the
. IMGW-PIB ) ) )
M. Szczecin, . ) Minute data for Rainfall data; Flows; | Btaszczyk formula: Major errors,
) meteorological station ) ) . )
7 Wawrzyniak | Poland; 300.55 ) ) ) 30 years from Real-time ML algorithm poor fit to data. Better fit for
devices in Szczecin, .
(2023) km? 1986-2015 training R&D models (e.g., KOSTRA

atlas, PANDa, PMAXTP).
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Limitations and future directions

The presented model is conceptual in nature and was developed
using data from a single urban catchment with an area of 63
ha. As such, it should be regarded as a case study aimed at
demonstrating the potential of machine learning-based soft
sensors for predicting peak flows in stormwater systems without
the need for continuous flow monitoring. Although the model
was calibrated for a specific location, it is designed for broader
applicability, both within Poland and internationally, pending
further validation with data from catchments exhibiting diverse
land use patterns and sewer system configurations.

A principal limitation of the study is the reliance on
precipitation data from a single pluviometer located outside the
study catchment. While this approach is generally acceptable
for small catchments (Del Giudice et al., 2013; Bell et al.,
2020), the use of denser rain gauge networks or radar-based
rainfall estimates is recommended for larger areas to more
accurately capture spatial variability in rainfall.

Hydrodynamic calculations and simulations based on the
studies of Barcoetal. (2008) and Catone etal. (2011) demonstrated
the influence of infiltration processes on surface runoff in large
urban catchments. In contrast, the present study focused on a
small catchment where the contribution of green areas to runoff
generation was negligible. Sobol sensitivity analysis revealed a
marginal impact of infiltration-related parameters, particularly
dimp and B (Kiczko et al., 2018), which justified their exclusion
from the modeling process. These findings are consistent with
those of Fatone et al. (2021), who also reported the influence of
these parameters as statistically insignificant.

Additionally, uniform parameterization was applied across
the catchment, which is a common practice when modeling
small urban areas in Poland (Watgga et al., 2013, Banasik
et al., 2014). These studies, focusing on rainfall-runoff
modeling using SCS-CN method, demonstrated that spatial
variability had a limited effect on peak flow estimation in
small catchments, such as the Stluzewiecki Stream catchment
in Warsaw. Nonetheless, future research should account for
spatial heterogeneity to further enhance model accuracy.

Calibration events were carefully selected to exclude
sewer overflows and surface flooding, thereby ensuring mass
balance consistency, as recommended in the literature (Jato-
Espino et al., 2017). Consequently, the current model does
not account for hydraulic overload scenarios, an important
limitation that should be addressed in future work to improve
model robustness.

Future research should explore the application of
dimensionality reduction techniques and the development
of hybrid models that integrate data-driven approaches with
conceptual hydrological modeling. Despite its limitations,
the proposed soft sensor offers an energy-efficient alternative
to traditional flow monitoring devices and shows significant
potential for integration into real-time stormwater management
systems.

Conclusions

One of the currently major challenges in hydrology is the
development of universal models that can be applied to model
different urban catchments. Mechanistic models often fall
short in this regard due to their limited flexibility.

As part of the research, an attempt was made to develop
a universal model that incorporates key factors such as
catchment characteristics, sewer network topology, sewer
storage, and rainfall data. This process involved both model
construction and sensitivity analysis. However, it was not
possible to parameterize the estimated coefficients of the
MARS model with rainfall data characteristics. As a result,
the proposed models lack universality and cannot be directly
transferred to other urban catchments. Despite this limitation,
the obtained results revealed complex relationships between
depression storage, sewer network, and peak flow, which were
captured through the analytical structure of the MARS model.
Notably, although empirical relationships for unambiguous
coefficient identification could not be established, a very strong
correlation was observed between the estimated coefficients
and rainfall data. This finding holds significant cognitive value
in understanding the behavior of the studied catchment.

Also noteworthy is the developed risk analysis method,
which accounts for both the reliability of calibrated parameters
and the capacity of sewers. This analysis was conducted based
on the existing system conditions and incorporated a safety
margin coefficient that defines the potential excess capacity.
This approach enabled the estimation of the additional volume
of wastewater that the network could convey under extreme
conditions. The introduction of this coefficient provides a
valuable metric for assessing and enhancing the adaptability
of existing sewer networks to future climate change impacts.

Considering the utilitarian nature of the approach and the
potential application of the obtained results to the analyzed
catchment, further research is warranted. The goal of future
work will be to develop universal relationships that can be
applied to other catchments. Ultimately, objective is to create a
tool that will enable efficient management of urban catchments
using modern hydrological solutions, including zero-emission
soft sensors that require no physical installation and generate
zero energy consumption. This tool will be designed to adapt
to evolving hydrological and climatic conditions, enabling
effective monitoring of phenomena such as heavy rainfall or
droughts. In turn, it will support sustainable water resource
management, increase the resilience of urban infrastructure to
climate change impacts, and help mitigate the risk of damage
caused by extreme weather events.
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Innowacyjna metoda prognozowania maksymalnego przeptywu w systemach kanalizacji

deszczowej z wykorzystaniem soft-sensoréw.

Streszczenie. Tworzenie uniwersalnych modeli hydrologicznych do modelowania zlewni miejskich jest jednym
z najwigkszych wyzwan wspolczesnej hydrologii. Niniejsze badanie podejmuje prob¢ opracowania modelu
uwzgledniajacego réznorodne cechy zlewni, topologi¢ sieci kanalizacyjnej, retencj¢ w kanatach oraz dane
opadowe, a takze przeprowadzenia analizy wrazliwosci modelu na zmiany parametrow wejsciowych. Celem
byto zbadanie, w jakim stopniu zastosowanie zaawansowanych metod analitycznych, takich jak modele MARS
(Multivariate Adaptive Regression Splines) oraz technologia soft-sensoréw, moze poprawi¢ prognozowanie
przeplywow szczytowych (Qm) w systemach kanalizacji deszczowej. W badaniu wykorzystano zaawansowane
metody analityczne, w tym modele MARS, do prognozowania przeptywow szczytowych w systemach kanalizacji
deszczowej. W proces modelowania wiaczono technologie soft-sensorow, uwzgledniajaca réznorodne cechy zlewni,
topologig¢ sieci kanalizacyjnej, retencj¢ w kanatach oraz zmienne dane opadowe. Dodatkowo przeprowadzono analizg
wrazliwo$ci w celu oceny reakcji modelu na zmiany parametrow wejsciowych. Wyniki pokazaty, ze potaczenie modeli
MARS z soft-sensorami pozwala na uzyskanie wysokiej doktadnosci prognoz (R? = 0,96, RMSE = 0,038), pomimo
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zmienno$ci warunkéw opadowych. Jednakze, nie udalo si¢ opracowaé uniwersalnych zaleznosci modelowych
z powodu trudnos$ci w parametryzacji modelu w konteks$cie zmiennych danych opadowych. Chociaz proponowane
podejscie nie prowadzi do stworzenia uniwersalnych narzedzi, dostarcza cennych wskazéwek do dalszych badan
nad adaptacja systemow kanalizacyjnych do zmieniajacych si¢ warunkow hydrologicznych. Zastosowana metoda
analizy ryzyka umozliwita uwzglgdnienie przepustowosci sieci kanalizacyjnej oraz wprowadzenie wspotczynnika
marginesu bezpieczenstwa, ktory ocenia elastyczno$¢ systemu w kontek$cie przysztych zmian klimatycznych.
Badanie wskazuje kierunki przyszlych prac nad modelami, ktore moglyby by¢ stosowane w réznych zlewniach
miejskich, szczegodlnie poprzez rozwoj bezkosztowych, zeroemisyjnych soft-sensorow.

Section A1. GLUE (Generalized Likelihood Uncertainty)

The uncertainty analysis involves the following steps:

o Selection of SWMM model parameter ranges (determination
of the prior distribution) — Table A1,

e Simulation of parameters (N=5000N = 5000 samples) using
the Monte Carlo method,

e Simulation of runoff hydrographs from the catchment for
rainfall-runoff events, considering uncertainty,

The transformation of the a priori distribution P(0) to the a

posteriori P(8QQ) was performed by the likelihood function

L(6/Q) using the equations (1A) (2A):

P(0/0) = D (14)
JL(Q/6)P(6)
where: P(0) represents the prior coefficient distribution (see
Table Al), and L(64Q) is the likelihood function used to
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assign weights to the Monte Carlo sample based on model fit
to observed basin flows Q and P(8Q)), yielding the posterior
distribution of model coefficient 0. The likelihood function
used is from Romanowicz and Beven (2006):

Iiv=1(Qi - @)2

P (2A)

L(Q/6) = exp

where: Q, and @ denote the i -values of these measurements
and simulated flows; «is a scaling factor for the variance c>
of model residual, used to adjust the width of the confidence
intervals. The value of x (the factor used to control the variance
of the a posteriori distribution) was determined ensuring, that
95% of measured flow points is enclosed by 95% confidence
intervals of the model output (Kiczko et al. 2018).

I
PLAN MIASTA Z KANALEM DESZCZOWYAM S0
= _NN -\f..-"i__f S000 )
“Collleehn,) 7 =

= Swiglokrzyska

gk
Sl
T
3
ol

5
s



An innovative method of predicting the maximum flow in stormwater sewage systems using soft-sensors 73

P/ P ot

0,9
0,8
0,7
0,6
0,5
0.4
0,3
0,2
0,1

0,9
0,8
0,7
0,6
0,5
0.4
0,3
0,2
0,1

S —
— — /
e /" /
L~
/ // /
/ y R1
| R3
//
—
.-—"'""-.-—-F—-——.-—-—
0 0,1 0,2 0,3 0,4 0,5 0,6 0,7 0,8 0,9 1
t/t,
Figure A2. Temporal rainfall distributions (¢ = R1, R2, R3, R4)
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Figure A3. The base function in the MARS model



