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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

aoueuUsUlEW Jenbal

sabexo0|q Jos1ep ue) -

as|ou juaique sjuawyoled smol} | pue uonelqies salinbay - 9oUBJIaBUI WBYSAS MO -
pue uoljeUIWEUOD O} | JuBWISOAUI [BRIUI Jo}E wnipaw S/W GO0 wnipaw pue asI0u jusique slajem pajnjjod 68 ‘suonipuod Juswalinses|\
anp Aoeinooe uo 1oedw| | s}soo [euonelado moT pue |[lews WwioJ} SalIo0|op MO] JO} DAI}0BYT 0] aAljIsuas A|ybiH - Buibuajjeyo ui ainseaw ue) - 21)SN02Y
ubly aq poyaw
SSOUBAI0BYD Aoeunooe Aew s}s02 soueusjulew JuSWaINSESW }OBJUOI-UON -
Jiwi Aew uoljeuIWEUOD ulejulewWw O} papasu pue aseyoind - sabueyo
‘sjuswainseaw S| @ouBUBUIEW | Seale jJuswydled suolIpuod uoljeuIWeuod a]e}s Jajem o} asuodsal pidey -
10edwi Aew suolIpuod ng ‘ejesspow aq pain|jod S/W 0} L0 MOJ} 8SIBAIP pue sabueyo sajpadoud Jajem pue slosuag
Bunyb| sjgeuen Aew s}so9 |eniu| ‘|lews Jo4 WIoJ} SSIJI00IaA ul 8AI308Y3 b1l 0} 8AISUSS - UOIjeUIWEIUOD J08}ap 0} AJ|IqY - jeondo
Buuojuow awi-jeay -
slajem
S]S02 9ouUBUSUIBW pUB SUOI}IPUOD |BOO| pajnjjod Buipnjoul ‘suonipuod
uolje||ejsul 8sealoul Aew sbuines sa)el Moy} oyoads o} uoneydepe Buibuajieyo 1o} a|qeyns -
UoIym ‘SUOI}IPUOD |eD0| wusy-buo| buug ued seale S/wQgo}lL0 SNOLIBA SSOIOE | pue uoneiqied salinbay - sjuswalinseaw slosuag
0} uonjejdepe saiinbay ng ‘sjsod |enul YbiH | Juswydled |jlews wioJ} SO0 Aoeunooe ybiH 1509 aseyoind ybiH - Aj100j9A uy Aoeunooe ybiH - J9|ddoq
slole sa)el Moy} uonjeiqied ajdwis -
Juswainseaw pIOAE 0} aulwlalep MoJ| ul Aoeinooe paywi - suole0|
s1s09 wid)-buo| oedw papaau bujues|o pue 0} pJey aq Aew juswipas SNOLIEeA Je Juswalnseaw sajgeud -
UED Juswipas 0} anp | ddueusjulew juanbauy seale | pue |opow a8y} uo SUOI}IPUOD MOJ} pue uoleuIWEIU0D S1S00 slosuag
aoueusjulew juanbaiy ng ‘sjsoo moT | Juawyoleo |lews | puadap sanioojgA | Moj Ul [|om SHIOAA 0] BAI}ISUBS - uolje|jejsul pue aseyoind mo - ainssald
BJEp |ENSIA SBPINOI] -
SSBaUBAI0aYe Jwi| Aew ejep suopIpuUod Jayjeam Aq sanuenbau
UdIym ‘uoljeuiwejuod |eanfjeue ajgenjen sisAjeue oapiA uo suol})Ipuod pajoaye Ajjenb abew) - pue sabeyo0|q j0818p ue) -
pue suolIpPuUod apinolad Ing ‘ybiy aq seale | paseq uonewisa MOJ} SNOLBA S]S02 8ouUBUBjUIEW MOJ} pue selawe)
Bunybi| uo uspuadag | ued sjsod euonesadO | JuswyolED |lEWS Ajo0]an moj4 ul 8AI308Y3 pue aseyoind ybiH - Ayenb Jsjem jo sisAjeue smojy - Bunoyuop
Aouaiole pue Aoeinooe | sjuswainseaw aAissed (s/eW sabueyd
108j)e Aew yoiym 0} anp [enuajod sjuawyoled G 0} dn) SMo|} | [9A8] Jajem 0} BAIIISUSS - seale snoulelunow Ul 8A0aYT -
‘Juawipas pue sabueyo Buines-ABisus | |lews Buuoyuow s/wgolLo wnipaw pue SUOI}IPUOD MOJ} ulejulew o} Asea ‘a)el ainjiey Mo - | SjusWBINSE3|N
|9A3] Jajem O} BAIlISUSS pajwi| Ing S0 MO 10} po09) WIoJ} S8I}I00|aA MOJ Jo} 8|qe)ns moj uj Aoeinooe mo - 1509 MO| ‘uonejejsul ajdwis - olneJpAH
sabueyd moyy 0} asuodsal pidey -
Aouaioiye joaye sumopyeaiq
Aew yoiym ‘Juswipas pue aoueuUs)UIBW MO]| 0} (s/sw gz 031 dn) S]S02 9ouUBUBUIEW Buiziwiuiw ‘sped Buinow op -
suolIpuod |ejuswuoliaua | anp sbuines wisy-buo| |  sease Juswiyoled s/w QL 0} G0 sajel mojy ybiy pue uolejjelsuj - SMOJ} JO slosuag

0} uoneldepe salinbay

g ‘sjs09 [eniul YBIH

abue| pue |lews

wol} SaI}Io0|sA

je Aoeinooe ybiH

uone.qijeo salinbay -

abuel apIMm & JOA0 aInsesw ued -

oljoubewoos|3

S]S00 8dueusjulew

S}S02 uolje|jejsul
pue aseyodind ybiH -

Bulioyuow swi-jeay -

pue Aoeinooe 1oaye Aew uondwnsuoo ABisus (sfew Q1 uoleUILIEBIUOD puUB ERNEIEE
yoIym ‘uoneulweiuod | moj ‘sbuines wisy-buoy seale s/w G o} Q| oL 0) ebues epm sebueyo ainjeladws} [ewiUIW ‘POYIBW JOBJUOD-UON - sJosuss
0} OAISUSS g ‘s}soo [enul ybiH | Juswyoleo jlews wouy sanIoojaA | e ssoloe anosyg 0} DAIISUSS - (%z-1¥) Aoeanooe ybiy - oluosel|n
(n)
suonipuo) uononpay Kyoojap POYIaN
oaoadg jo jJoeduw ABiauz pue }so) uoneoso] Mo|4 ajey moj4 sabejueapesiq sabejueApy | Juswainseapy




IS

www.czasopisma.pan.pl P N www.journals.pan.pl

56 Krzysztof Barbusiniski, Bartosz Szelag, Anita Biatek, Marek Kalenik, Tomas Bakalar

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
ofthe 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 =0.10
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_' Xy
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:

Qi = ap + X]_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:

h(x;,¢)) = {“’ (x(’) fo?x{o: t’f’ U

] — 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.ta (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)
Q;(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 ===t )

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

Zy=1-> an(u) = Qu(Xp, Xcren X1, X2, -0y Xp) = an@)
Z =0 = Qu(Xg Xcren X1, %2, -, Xp=p) = ehw (6)

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

Zk=

where: N — number of Monte Carlo (MC) samples;
Q, (x5, x23 x3 .., 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),

e 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 ¢ = 0.10,
0.15, and 0.20,
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e 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 . X
=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) >, Xp, Xcrch 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) XN X¥-p- 1,
., 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, = fQ + ¢Q),
= fQ *0Q ). p=Q, Q). 1, =f(Q,*0c-Q,) for
c=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, N 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

204
... 25%~T5%
: | == Median Line
15+
n
E 104
E
G -
0.5 4 ‘
0.0 . .

5 R N

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. A5). 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

0,060 30b F;f @60 R2

itk
g‘gsﬁ @ 60_R4
0.0%
0.1.‘-52
ﬂ_r_ﬁ; 30a_R2 @ ©60_R3
Ug' o | : 30b_R4
i 30a H4# ® S0 gs
30b_R3
°
L]
R, T
e 2 T
,”,_..r;: Q"i‘? ;"'l-'v
r:-: ."?_f"_c‘ - _q_

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 A5 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, f, n o 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 a. 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), a(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: o(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 q, 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

a(Gk) a(n__)

sew:

a(F,,,)

imp:

a(FD)
Pt

q

P

t=5

FD

r

P_IP

t=5"" t=10

P_IP

t=5"" t=15

P_ /P

t=10"" t=15

P_IP

t=5"" t

P_ [P

t=10"" t

P_ P

t=15"" t

sr

P_IP

t=5" sr

t=10"" sr

P_ P

t=10"" 0.5tr

P_.JIP

t=15

0.5tr

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

a(d, ) a(B) a(n, ) a(a) aty)

0.00 0.05

0.00 0.05

o
o
N

where: FD, - fractal dimension of the temporal distribution of rainfall in the event; P

0.08 0.10

0.12
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o|lo| o
® | N | ®
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@
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0.07

0.02
=)

T

- maximum 5-, 10-, 15-minute
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.

t=5" | t=10" ' t=15

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 (). 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 rainfall duration of t = 30 min and P = 8.0 mm, it was shown
found that as o increases, the range of variability of Q_ also that despite an increase from F, = 11 17 ha (FD = 1.08) to
increases for the assumed values of p,, = const, across rainfall F ,=1526ha(FD=1.14), asaresultof catchment urbanization,
types R2, R3, and R4 (Figure 5b). In practice, an increase in ¢ it 1s possible to maintain a constant flow of Q = 1000 L-s°
indicates a greater reserve of sewer capacity at the design stage ' by increasing the Manning roughness coefficient from
and an increase in the reliability of system operation during n, = 0.0157m"?s to 0.018 m"*'s (Figure 5d).
heavy rainfall. The inclusion of the likelihood function was shown

In addition to catchment characteristics, the significant to have a significant impact on the calculated values of
influence of SWMM model parameters on Q_ simulation dimp, nosn and B, as confirmed by the resulting curves
results was confirmed (Figures 5c and 5d). It was found that a (Fig. 5c, d). The introduction of the likelihood function during
reduction in the Manning roughness coefficient of impervious the identification of SWMM parameters influencing Q_, under
areas (nimp) and the sewer roughness coefficient (n_ ) leads a defined uncertainty threshold (o), leads to an increase in
to an increase in Q_ (0.5th percentile), while the impervious their values by approximately 2 — 15% compared to the variant
area correction factor () shows an inverse relationship. For a where the likelihood function is omitted.

(a) (b}
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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 characterlstlcs (Flrnp) temporal rainfall
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 Sw 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 — mulitnomial
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
) L 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 ’ d 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 .
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.




www.czasopisma.pan.pl P N www.journals.pan.pl
Y

An innovative method of predicting the maximum flow in stormwater sewage systems using soft-sensors

67

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

3 | Moon (2023)

Korea; 42.50 km?

gauge sensors; water
level monitoring systems

1-minute resolution
for 21 years

) cycle performance, partner: limitations related to
nodes (23,000 - 150 management sites ) ) )
) ) maintenance records, |sewage pollution and the impact
computational (basins, valves, and ) A
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
) 9 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

synthetic data
generated by a rainfall-

catchment data for estimating
parameters is relatively high.

flow meters

(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, i .
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, o
(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 Stuzewiecki 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 probe opracowania modelu
uwzgledniajacego réznorodne cechy zlewni, topologi¢ sieci kanalizacyjnej, retencj¢ w kanalach 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-sensorow, moze poprawi¢ prognozowanie
przeplywow szczytowych (Qm) w systemach kanalizacji deszczowej. W badaniu wykorzystano zaawansowane
metody analityczne, w tym modele MARS, do prognozowania przeplywow szczytowych w systemach kanalizacji
deszczowej. W proces modelowania wiaczono technologi¢ soft-sensoréw, uwzgledniajaca roznorodne cechy zlewni,
topologig¢ sieci kanalizacyjnej, retencje w kanatach oraz zmienne dane opadowe. Dodatkowo przeprowadzono analize
wrazliwo$ci w celu oceny reakcji modelu na zmiany parametrow wejsciowych. Wyniki pokazaty, ze potgczenie modeli
MARS z soft-sensorami pozwala na uzyskanie wysokiej doktadnosci prognoz (R? = 0,96, RMSE = 0,038), pomimo
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zmienno$ci warunkow opadowych. Jednakze, nie udato si¢ opracowac uniwersalnych zalezno$ci modelowych
z powodu trudnos$ci w parametryzacji modelu w konteks$cie zmiennych danych opadowych. Chociaz proponowane
podejscie nie prowadzi do stworzenia uniwersalnych narzedzi, dostarcza cennych wskazowek do dalszych badan
nad adaptacja systemow kanalizacyjnych do zmieniajacych si¢ warunkow hydrologicznych. Zastosowana metoda
analizy ryzyka umozliwita uwzglednienie przepustowosci sieci kanalizacyjnej oraz wprowadzenie wspotczynnika
marginesu bezpieczenstwa, ktory ocenia elastyczno$¢ systemu w kontekscie przysztych zmian klimatycznych.
Badanie wskazuje kierunki przysztych prac nad modelami, ktore moglyby by¢ stosowane w roéznych zlewniach
miejskich, szczegdlnie 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):

_ L(Q/9)P(0)
QIO = TLmpe) (A

where: P(0) represents the prior coefficient distribution (see
Table Al), and L(6Q) is the likelihood function used to
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Figure A1. Map of the situational stormwater sewage network
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assign weights to the Monte Carlo sample based on model fit
to observed basin flows Q and P(84QQ), yielding the posterior
distribution of model coefficient 8. The likelihood function
used is from Romanowicz and Beven (2006):

Iiv=1(Qi - 61)2

o2 (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 6>
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).
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Figure A2. Temporal rainfall distributions (¢ = R1, R2, R3, R4)
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Figure A3. The base function in the MARS model



