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ARTICLE INFO ABSTRACT

Dataset link: https://zenodo.org/records/1374 We focus on a probability-based approach to analyze the flooding volume during extreme rainfall events
2805 in urban areas. Our approach considers uncertainty in both non-operational and operational variables. The
former are quantities that are tied to the characterization of rainfall events and key catchment features, whose

Iéfi:;rj;siﬁvity analysis uncertainties stem from incomplete characterization. The latter comprise elements of the system on which
Urban flooding actions can be taken within a range of design values. As the non-deterministic nature of these two types of
Operational interventions quantities differs at a fundamental level, we rely on an operational Global Sensitivity Analysis theoretical
Uncertainty framework that explicitly recognizes this distinction. As a test bed to showcase our approach, we consider an

Probability of system failure urban catchment in Northern Italy. We assess the sensitivity of the flooding volume to a set of operational

variables, such as diameter and roughness of a set of conduits of the sewer network as well as potential
improvement of the infiltration capacity of the urban catchment. We show that our approach can identify the
operational configuration with the highest effectiveness in mitigating instances of flooding, taking into account

the uncertainties in the non-operational quantities that drive the system behavior.

1. Introduction

The sustainable development of urban communities is strongly in-
fluenced by their ability to cope with intense rainfall events. The
increased severity of these events, as related to global changes, along
with the increased degree of urbanization underpins the documented
intensification of flooding in urban areas (Gray, Zhao, & Stillwell, 2023;
KC, Shrestha, Ninsawat, & Chonwattana, 2021; Li et al.,, 2021; Liu
et al., 2020; Mahmoud & Gan, 2018; Satterthwaite, 2008; Semadeni-
Davies, Hernebring, Svensson, & Gustafsson, 2008; Tellman et al.,
2021; Yin et al., 2018). These scenarios are also associated with di-
verse economic, health, environmental, and safety issues (Bhuiyan,
Er, Muhamad, & Pereira, 2022; Chauhan, Dongol, & Chauhan, 2023;
Hammond, Chen, Djordjevi¢, Butler, & Mark, 2015; Jato-Espino, Toro-
Huertas, & Giiereca, 2022; de Macedo et al., 2023; Mobini, Pirzaman-
bein, Berndtsson, & Larsson, 2022; ten Veldhuis, 2011).

A key challenge for stormwater management is related to the ca-
pability of an urban system to effectively cope with large volumes
of water that can be conveyed through the sewer system without
resulting in system failure and subsequent flooding events (Arnbjerg-
Nielsen et al., 2013; Ashley, Balmforth, Saul, & Blanskby, 2005; Azari
& Tabesh, 2022; D’Ambrosio & Longobardi, 2023; Haghighatafshar
et al., 2020; Hesarkazzazi et al., 2022). This challenge is often exac-
erbated by the omnipresent uncertainty associated with rainfall-runoff
processes (da Silva, Alencar, & de Almeida, 2022; Dell’Oca, Guadagnini,
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& Riva, 2023; Dong, Yu, Farahmand, & Mostafavi, 2020; Iradukunda,
Mwanaumo, & Kabika, 2023; KC et al., 2021; Pour, Wahab, Shahid,
Asaduzzaman, & Dewan, 2020; Suresh, Pekkat, & Subbiah, 2023; Wang
et al., 2023; Wang, Zhang, Chen, Wang and Fu, 2023; Xu, Zhong,
Chen, & Zhang, 2023). Uncertainties related to our understanding of
the dynamics of urban runoff generation arise from our incomplete
knowledge about (i) characteristics of future rainfall events (Forsee
& Ahmad, 2011; Gray et al., 2023; Huong & Pathirana, 2013; Jung,
Chang, & Moradkhani, 2011; Liu et al., 2023; O’Donnell & Thorne,
2020; Pinskwar, Chorynski, & Graczyk, 2023) and (ii) properties driving
the hydrological and hydraulic behavior of the catchment and sewer
system, respectively (Huong & Pathirana, 2013; Ju et al., 2023; Jung
et al., 2011; Miller & Hutchins, 2017).

The presence of these sources of uncertainty has favored the use of
probabilistic approaches to assess urban flooding events and to design
ensuing engineering solutions (Bodoque, Esteban-Mufioz, & Ballesteros-
Canovas, 2023; Haghighatafshar et al., 2020; Hu et al., 2021; Liu et al.,
2023; Piyumi, Abenayake, Jayasinghe, & Wijegunarathna, 2021; Zhao,
Gu, Tang, Gong, & Zhao, 2023). In this context, Jung et al. (2011) in-
vestigate the relevance of uncertainties related to climate change, land
use, and hydrological parameters on urban flooding. Tavakol-Davani
et al. (2016) assess the benefits of rainwater harvesting interventions
in reducing sewer overflow under climate change scenarios. Mahaut
and Andrieu (2019) evaluate the impact of diverse urban developments
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and water management approaches on sewer system overflows upon
considering various scenarios of climate change. Hu et al. (2021) high-
light the relevance of considering alternative model formulations of the
rainfall-runoff process on the reliability of flooding predictions. Suresh
et al. (2023) quantify the efficiency of low-impact developments in
mitigating flooding in urban areas. Zhao et al. (2023) highlight the
benefits of pursuing sustainable land cover development in urban areas
to cope with the exacerbation of rainfall events. Liu et al. (2023)
document an increase of more than 50% in the probability of flooding
in Beijing (China) when considering diverse possible climate scenarios.

This series of studies highlights the need for considering multi-
ple sources of uncertainty associated with diverse and interconnected
hydrological factors when evaluating alternative engineering actions
that can be implemented to enhance the current capability of an
urban drainage system. In this context, global sensitivity analysis (GSA)
serves as a valuable tool to quantify the impact of uncertainties on
the efficiency of urban drainage systems. Uncertainties can be related
to variables on which one cannot intervene, such as the intensity or
duration of a rain event (hereafter denoted as non-operational variables)
as well as with elements of the system on which we can intervene
and for which we can engineer a plausible range of design values,
such as the diameter of a pipe in a sewer system (hereafter denoted
as operational variables). While the nature of variability in the non-
operational and operational variables is markedly different, classical GSA
approaches do not recognize this aspect (Pianosi et al., 2016; Razavi
et al., 2021). A recent methodological framework, termed operational
sensitivity analysis (SA) has been proposed by Dell’Oca (2023) to
overcome this limitation. Operational SA quantifies the sensitivity of
a model quantity of interest to operational variables whilst considering
the uncertainty in the non-operational variables. In other words, while
classical GSA addresses the question ‘What is the relevance of the un-
certain (i.e., operational and non-operational) variables on a quantity of
interest?’, operational SA addresses the question ‘What is the relevance
of the diverse operational variables (upon which one could intervene),
given the uncertainty in the non-operational variables?’

The present work focuses on a scenario of urban flooding where
the actual sewer system is unable to cope with stormwater during
extreme events. In such a system, we identify a set of non-operational
variables (that includes uncertain hydrological properties of the urban
area and characteristics of the rainfall event) and operational variables
(which are related to the properties of a set of sewer pipes and the
infiltration capacity of the urban area). First, we rely on traditional
GSA metrics to assess the sensitivity of the flooding volume to non-
operational variables, while keeping the operational variables at their
current design values. We then resort to operational SA metrics to
quantify the sensitivity of the flooding volume to the operational vari-
ables, thus providing guidance for designing future interventions on the
system.

2. Methodology and materials

This Section is devoted to introducing (i) the GSA metrics con-
sidered to quantify the sensitivity of a model output of interest with
respect to a system/model variable; (ii) the modeling approach adopted
in this study to represent a given hydraulic-hydrological urban sys-
tem; and (iii) an overview of the study area where we showcase our
approach.

2.1. Moment- and probability-based GSA

Here, we briefly recall the theoretical foundations and definitions
of the moment- (Dell’Oca, Riva, & Guadagnini, 2017) and probability-
based (la Cecilia, Porta, Tang, Riva, & Maggi, 2020) global sensitivity
indices employed in this study. Considering a model whose output y
is a function of a collection of random variables (collected in vector
1), the mean and the (centered) n-order statistical moment of y (with,
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e.g., n =2 or 3 for the variance or skewness, respectively) are defined
as

E) = /Fn y(mpydn, (€8]

SM = /r {v - £y} pyan, @
n

where I, and p, denote the support and the probability density func-
tion (pdf) of #, respectively. The mean and n-order statistical moment
of y conditional to the uncertain model variable #; can be evaluated as

El, = / YDPy, ATy, 3)
r""h
n
SMA = / (v -2, } pydn,, @
r""h
where I, is the space of all entries of  excluding #;, p.,, being the

corresponding pdf. Following Dell’Oca et al. (2017), the sensitivity of
the mean of y to #; can be assessed by the following index

AMAE, = /r |y - E2, | pyym: (5)
i

In a similar way, the sensitivity of the n-order statistical moment of y

to #; can be evaluated through

AMASM®™ = / ‘SM'V*(") — SMYm
ni r n ~;
i

Py dn. )

The set of indices in Egs. (5)—(6) quantify the sensitivity of y to #;
as the (average) degree of variability in a given statistical moment of
y that is ascribable to variations of ;. The joint inspection of indices
in Egs. (5)-(6) allows for a comprehensive assessment of the impact
of variable n; on the model output y. A high value of AMAE, or
AMAS M,EI") indicates a strong influence of #; on the mean value or
on the n-order statistical moment of y, respectively (see also Dell’Oca
et al., 2017). As an example, Fig. 1 illustrates the workflow for evalu-
ating AMAE, when the model output y depends on three variables,
i.e. § = (n;mp;m3). These are sampled by drawing an ensemble of
random realizations of n upon which y(n), E;, and E{,h, are evaluated.
Then, Eq. (5) is applied to compute AMAE, . The same strategy is
implemented to evaluate AMASM,;") in Eq. (6).

Following la Cecilia et al. (2020), we introduce the global sensitivity
index that quantifies the sensitivity of the probability of y to exceed a
threshold k (i.e., the exceedance probability P,f (k) = Pr(y(n) > k) with
respect to the variability of #; as

AMAP, = /F )P,,y(k)—ij(k) Py ;s @)
i

where Pf,h (k) is the exceedance probability conditional to 7, i.e., Pf,h
(k) = Pr(y(m) > kln;). The AMAP, index ranges from 0 to 1 and
quantifies the sensitivity of y to #; as the (average) variability in the
exceedance probability of y resulting from changes in »;,. High values
of AMAP, indicate that the exceedance probability is clearly impacted
by 7, i.e. n, should be factored into policies aimed at reducing the risk

of system failure (see also la Cecilia et al., 2020).
2.2. Non-operational and operational system variables

Dell’Oca (2023) emphasize the distinct nature of the random vari-
ables collected in 5 by distinguishing in non-operational, , and opera-
tional, O, variables, i.e., n = (®, 0). In particular, quantities included in
® typically encompass environmental quantities over which we have
minimal (or no) control. The degree of variability associated with &
corresponds to our limited knowledge of the system. For instance,
within the realm of hydraulic-hydrological engineering scenarios, rain-
fall intensity can be considered a non-operational random variable. On
the other hand, quantities included in 6 are operational (or design)
factors that we can modify and manage. The degree of variability
assigned to O reflects the ranges of operational (or design) values one
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Fig. 1. Workflow for the evaluation of AMAE, . (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

takes into account when designing interventions or modifications of the
system. For instance, the diameter of a sewer pipe can be considered
a random operational variable when designing hydraulic engineering
actions in urban areas.

Under these premises, a model output is a function of both opera-
tional and non-operational variables, i.e., y = y(n) = y(®, 0). Therefore,
we can introduce the expected value of y with respect to , and 0 as
Ey(@) = / Y@, 0)ped; E}(6) = / Y@, 8)pydo. ®)

Iy Iy

Note that Eg(a)) and E)(0) are random quantities due to the ran-
domness in @ and 6, respectively. In a similar way, one can define nth
order centered statistical moment of y, i.e.,

SMy " (@) = / {¥(.0) - E}(@)}" pado. ©)
Ty

SME"(0) = / {¥@,0) - EX(0)}" pydo, 10
Iy

where both SM g’(")(m) and SMf,’(")(G) are random quantities. For com-
pleteness, we also introduce the mean and n-order statistical moments
conditional to w;,

EY (0)= / W@, 0)po,, 0, 1D
SM20) = /r (0.0~ E2, @) by do.,, 12)
and to 0,
E{Gi (@) = / o, 9)P~9id9N9i, (13)
~0;
N Mf’éi")(w) = /F {y(w, 0)-E., (m)} P9, d6.g,. 14)
~0;

2.3. Moment-based global sensitivity analysis: Current system state

Considering the system under investigation at its current state in
terms of the operational variables, i.e., 0 = 6° (superscript ¢ denoting
the current deterministic configuration of the operational variables), we
evaluate

pwida),-, (15)

~w;

AMAE,, (6°) = / ‘E{f)(e")—EV (6°)
L,

AMAS M (6°) = / ‘SMOVJ*(”)(BC)—SMf’;)’_’)(Bc) Po,do;, (16)
i rw’. i

to quantify the sensitivity of the mean and the n-order statistical

moments of y with respect to the non-operational variables ;. Note

that indices (15)—(16) are the counterparts of (5)-(6) when we focus

on the current state of the operational variables and we only retain the

uncertainty in the non-operational variable.

2.4. Moment-based global sensitivity analysis: the operational picture

Considering a management/design perspective and following
Dell’Oca (2023), we compute

AMAE, (@) = / |E})(@) - E*, ()|p,,d6;. a7
Iy, i
AMASM" (@) = / 1S MY (@) — S M (@)|pg,d6;. (18)
i rH,- i 4

to quantify the sensitivity of the mean and the n-statistical moments of
y with respect to the operational variable 6; (while recognizing the lack
of knowledge in the non-operational variables ®). Note that, AMAE, (@)
and AMASMg’)(w) are random global sensitivity indices due to their
dependence on ®. Thus, it is possible to evaluate the whole pdf of
operational sensitivity indices AMAE, (@) and AMASM;:”(co). The pdf
of an operational sensitivity index offers a comprehensive quantification
of both the impact that ; has on a given statistical moment of y, and
the associated uncertainty stemming from the lack of knowledge about
o. For example, a pdf of AMAE, (») characterized by a distinct peak
and a small variance indicates a low uncertainty (across the ensemble
of realizations of @) in the sensitivity of the mean of y to the operational
variable 6;. Conversely, a wide pdf of AMAE, () indicates a strong
uncertainty in the impact of §; on the mean behavior of y.

As an example, Fig. 2 depicts the workflow for evaluating the pdf of
AMAE,, (w) when the model output y depends on three non-operational
variables & = (w;; ®,; w3;) and two operational variables 6 = (6,; 6,). For
a random realization of w, we (i) sample 6 to compute Eg(w) (using
Eq. (8)) and Ef o () (using Eq. (13)) and (ii) evaluate the (random)
sensitivity index AMAE9[ (®) (using Eq. (17)). Steps (i)-(ii) are repeated
for an ensemble of realizations of  to evaluate the pdf of AMAE; (@).
The same strategy is adopted to estimate the pdf of AMAS M é:')(co).

2.5. Probability of failure: Current system state and operational interven-
tions

The exceedance probability introduced in Section 2.1 measures
the likelihood that y exceeds the threshold k. Here, such an event is
classified as a system failure and is hereafter denoted by the symbol
X, safe conditions being denoted by the symbol v'. When assessing the
current state of the system (i.e., for 0 = 6°), we define the probability
of failure, P¢, and non-failure (safety), P, of the system as

P = Pr(y(@,6°) > k), PS=1-P.. (19)

Fig. 3a depicts a sketch of diverse realizations of  (circles) distinguish-
ing between those that correspond to system failure (red circles) from
their counterparts associated with safe system states (green circles).

Following the methodology described in Section 2.1, we quantify
the sensitivity of the probability of system failure with respect to the
variability of w; when being at the current state through the following
index

AMAP;’CO’ =/r P; - P;N(U( P, d ;s (20)
where Pj o is the probability of failure at the current system state

conditional to w;.



L. Sandoval et al.

Sustainable Cities and Society 117 (2024) 105928

2]
w54 ~
-—# ’
o,
— (@)
:’al (@)
62 A o 3]02 (a))
»6.0) C > AMAE, (o)

/ 0,

v

0.

1

Fig. 2. Workflow for the evaluation of the pdf of AMAE, (®). (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this

article.)

(a) Current state

(b) Operational configuration

P PL/Y|X]

Pf .P[ \/017_,-| XC]

Fig. 3. Sketch of the ensemble of random realizations of @ at (a) the current state and (b) under an operational intervention. Considering the current state, the system can either
fail (red circle) or remain functional (green circle). After the operational intervention, there are realizations where the system transitions from failing to safe conditions (blue
circles). (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

Considering jointly the uncertainty in both @ and possible opera-
tional interventions (i.e., design variability in 0), the (unconditional)
probabilities of failure, P”, and safety, P}’ are defined as

P?=1-P".

’ 4 @n

PY = Pr(y(@,0) > k),

It is also possible to define the probabilities of failure, P;’p (w), and
safety, P;p (w), for a generic realization of the non-operational variable
® as

Pl (@) = Pr(y(~ @,60) > k), PP(@) =1~ P (@), (22)

where both P.”(w) and P;" (@) are random quantities, due to the ran-
domness in ®. Following the methodological steps outlined in Sec-
tion 2.4, here we introduce the probability-based global sensitivity
indices within the operational picture as

AMAP, (@) = / 23)
Iy,

Pl (@)= P, ()| pg,d0;,

where P)‘:"~ o (@) is the probability of failure conditional to ith operational
variable 6, in the generic random realization . It is important to
note that, AMAP) (@) is a random global sensitivity index due to

its dependence on @ and quantifies the sensitivity of the probability

of failure with respect to the operational variable §; within a single
realization of @. Thus, it is possible to assess the pdf of AMAP,) (@) to
inspect the sensitivity of the probability of failure to the operational
variable 6;, across the whole ensemble of realizations of ®. Note that
the evaluation workflow for AMAP), (w) is patterned after that for
AMAE, (®) illustrated in Fig. 2.

When considering a potential intervention (i.e., the choice of a
specific configuration 6 = @’ of the operational variables) in an existing
system, it is important to quantify the benefit of this choice as compared
to the current system state 6. This evaluation can be carried out using
the law of total probability according to which the probability of system
failure after intervention, P:p’ = Pr(y(@, ) > k), can be computed as

op
P, = P; . P[xap/ jxe1 + P‘; . P[Xop/ e 24

where P orj |y is the probability of failure after intervention if the
system is failing in its current state. Such quantity quantifies the prob-
ability that setting @/ will not prevent y from exceeding the threshold k
when failure is occurring in the current system state. The term Py op; |, <)
is the probability that the system fails after intervention even though
the system is not failing in its current state. It represents the probability
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Fig. 4. Study area, location within (a) Italy and the Lombardy Region, (b) Lecco Province and (c) the municipality of Galbiate. (d) Network conduits, their slopes and elevation
of the ground surface. (e) Network nodes with the indication of flood volumes following a 1-h rainfall event with a 10-years return period. (f) Conduit network, highlighting (in
pink) conduits whose diameter and roughness are considered as operational quantities in our study. (g) Sub-catchments forming the study area, highlighting (in pink) those in
which infiltration attributes (i.e., CN values) are considered as operational quantities in our study. (For interpretation of the references to color in this figure legend, the reader

is referred to the web version of this article.)

that the intervention yields negative impacts, causing the system to fail
despite being safe in its current state.

In a similar way, one can evaluate the probability of safety after the
. . opj opj
intervention, P," =1- P "7, as

opj
P =

, P; . P[/npj xe] + Pj . P[/apj Vel (25)

where P ;.. is the probability of achieving safety after the inter-
vention when the system is failing in its current state. This quantity
measures the likelihood that setting &/ will shift the system from failure
to safe conditions. Note that this term can be employed to represent
the effectiveness of the intervention. The term P ;¢ in Eq. (25) is
the probability of maintaining safety after the intervention when the
system is already safe in its current state. Formulations (24) and (25)
are elucidated in Fig. 3b for Py ¢ = 0 (i.e, in the typical case of
non-harmful interventions).

Finally, to grasp the intensity of the non-operational variables for
which the system fails or it is safe at the current state 6° and af-
ter the intervention ¢/, we introduce the expected value of the ith
non-operational variable w; conditional to system failure and safety,
respectively defined as

@, ;0
E) =/ w,-pwnxada),-; E/‘ =/ w,.pw”/uda),-,
T, I,

@j @

(26)

with @ = c,0p;. Here p,, v« is the pdf of w; when the system fails at
the current state (for « = ¢) and after the intervention (for a = opj).
Whereas p,, ,« is its counterpart when the system does not fail.

2.6. Modeling approach

We rest on a description of the rainfall event grounded on the widely

used power-law formulation (Burlando & Rosso, 1996)
hyr, =hyr,d", 27)

where h,r, [L] is the rainfall depth related to an event with return
period Tk [T] and duration d [T], h]'TR [LT~"] is its counterpart

associated with unit rain duration, and »n [—] is a scaling coefficient.
Rainfall intensity is simulated according to the Chicago hyetograph
with a centered peak.

The Storm Water Management Model — SWMM (Arjenaki, Sanayei,
Heidarzadeh, & Mahabadi, 2021; Mohammed, Zwain, & Hassan, 2021;
Rossman, 2010) is employed to evaluate surface runoff, water infiltra-
tion and flow within the sewer system associated with the area we
consider as a testbed for our approach (see Section 2.7). The urban
catchment is conceptualized as the collection of sub-catchments, each
characterized by its surface area A; [L?], representative width W; [L],
storage capacity (per unit area) 6,; [L], and slope S; [—].

Infiltration is evaluated via the widely used Curve Number method
(Boughton, 1989). The latter quantifies the volume of rainfall infiltrat-
ing into the soil (per unit value of A; during the time step 4r), F;[L],
as

(ha)®

hy + S,

C
— —C,,

F.=h, —
i At CN[-

. with S, = (28)

ax
where hy, [L] is the rainfall depth during time step 4t, S, [L] is
the soil maximum moisture storage capacity, C; and C, are constants
(in the metric system units: C; = 25400 mm and C, = 250 mm),
and CN, is a dimensionless parameter ranging from 0 to 100. Sub-
catchments characterized by high values of CN are associated with
reduced infiltration capacity and vice versa. It is worth noting that
our focus is on high-intensity precipitation events occurring across
temporal windows of minutes or hours. Thus, the contributions of
evaporation are neglected.

The runoff of the ith sub-catchment Q; is evaluated according to the
Manning formulation, i.e.

SR,
0, = S R (29)
Ry

where n; [T/L'/?] is the roughness coefficient associated with the ith
sub-catchment, R; = 6, — 6;; [L], and 6, and W, are, respectively, the

1
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height of the water and the width of the equivalent (in terms of Q;)
rectangular channel representing the ith sub-catchment.

The sewer network is conceptualized as a set of nodes and conduits
that receive the runoff from pertinent sub-catchments. Flow in each
conduit of the sewer network is solved according to Dynamic Wave
formulations specifically tailored for closed conduits (Rossman, 2017).
As system variables, key geometric attributes of the sewer network
are required: land surface elevation z; [L] and depth ¢ ;L] of the
jth node of the sewer network, as well as length L, [L], diameter
# [L], and roughness n.; [T/L'/?] of the kth conduit. A flooding
event occurs at node j when the hydraulic head therein exceeds ¢;.
Temporal integration of the spill flow rates associated with a rain event
determines the flood volume FV; [L3] at the jth node. The sum of
FV; at all flooded nodes in an area of interest yields the overall flood
volume, FV [L?]. The latter represents our model output of interest
(i.e., y = FV), for which we assess the sensitivity to the operational and
non-operational variables.

2.7. Study area

We illustrate our approach on an urban catchment located in
the municipality of Galbiate (Northen Italy, Lombardy Region, Lecco
Province, see Fig. 4(a—c)). Galbiate is nested in a mountainous region,
with elevations between 225 and 922 m above sea level. It has a
population of about 8400 people with a population density of 540
people per square kilometer. The study area spans 8.30 hectares and is
served by a sewer network consisting of 30 conduits (total length 1.34
km), 30 collection nodes and 1 outlet node (see Fig. 4d). The catchment
is characterized by rather high values of CN (see Fig. 4e) reflecting a
rather low infiltration capacity of the area. This characteristic prompted
sewer system managers to identify it as an area of interest, after
preliminary investigations revealed possible flooding in the area during
heavy rainfall events. As an example, Fig. 4e depicts the flood volumes
FV, at the most critical sewer nodes, evaluated for a rainfall event
characterized by T = 10 years and d = 1 hour.

Here, we focus on the area highlighted in 4g, where flooding events
are more severe under the current state of the system. We then tie our
work to the preliminary design phase of future interventions to quantify
the impact of operational variables (elements on which actions can be
taken) on the magnitude of the flood, while accounting for the uncer-
tain nature of the urban catchment features. In line with standard sewer
systems intervention practices, we focus on the following operational
variables:

 Roughness, n,, and diameter, ¢, of the six conduits embedded in
the flooded area (see Fig. 4f). Increasing ¢ as well as decreasing
n. result in a reduction (at a fixed flow rate) in the hydraulic head
within the sewer conduits, thus mitigating the risk of flooding.
CN coefficient of the seven sub-catchments forming the flooded
area (see Fig. 4g). Decreasing CN, by for example modifying
the coverage of the sub-catchments, enhances their infiltration
capacity, thus reducing the incoming flow to the sewer system.
Here, the idea of intervening on CN stems from the observation
that, at the current state, these sub-catchments are characterized
by low infiltration capacity (see Fig. 4e).

To account for incomplete knowledge of the features of the ur-
ban catchment and of the rainfall event, we consider the following
non-operational variables, whose estimates are prone to high uncer-
tainty (de Michele, Rosso, & Rulli, 2005; Yu & Coulthard, 2015):

+ Rainfall depth, hl,TR (for the unit rain duration) and duration,
d. The estimation of h, s, variability (or support) is based on
an uncertainty propagation analysis performed on the equations
describing the rainfall probability indicator lines specific to the
region of interest (de Michele et al., 2005). The rainfall duration
is chosen to fall within the range of 15-60 min, in line with the
common occurrence of intense precipitation events in the area.
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Table 1
Ranges of variability for uncertain variables and values for deterministic model inputs
employed in the study.

Variable - Symbol Units Type Value
Conduit roughness®- n, s/m'/3 Operational 0.009, 0.014
Conduit diameter®- ¢ m Operational 0.3, 0.4, 0.5, 0.6
CN reduction®- CN, - Operational 5, 10, 15
Rainfall depth - A, ;, mm Non-operational [30-55]
Rainfall duration - d min Non-operational [15-60]
Surface roughness - n, s/m'/? Non-operational [0.01-0.25]
Storage capacity - &, mm Non-operational [0-10]
Return period - Ty years Fixed 10

Peak position - r - Fixed 0.5

Surface slope - .5, - Fixed Sup. Material
Surface area - A; m? Fixed Sup. Material
Surface width - W, m Fixed Sup. Material
Surface elevation - z; m Fixed Sup. Material
Node depth - ¢; m Fixed Sup. Material
Conduit length - L, m Fixed Sup. Material

2 Only for the conduits highlighted in pink in Fig. 4f.
b Only for the sub-catchments highlighted in pink in Fig. 4g.

» Roughness coefficient, n; and the storage capacity, &,, of the sub-
catchments. The support of n; is selected on the basis of typical
roughness coefficients for urban catchments (Rossman, 2010).
The storage capacity support is assessed according to the slope
of the sub-catchments (Kidd, 1978; Rossman, 2010; Viessman &
Lewis, 2003).

Table 1 lists (i) plausible values of the operational variables, 6 =
(n,, ¢, CN reduction), each treated here as a discrete random quan-
tity, and (ii) support ranges (selected as described above) of the non-
operational variables, ® = (h o,d,n, ), here treated as continuous
random variables. Both 0 and ® are assumed to have a uniform pdf
across their supports. This allows us to assign equal weight to all values
of 6 or @ within their respective supports. For illustration purposes, we
assume that each non-operational variable is homogeneous in space. If
data are available regarding the shape of the pdf of 6 and/or @ as well
as the spatial variability of 6, this information can be readily included
in our workflow. Moreover, since d < 60 min (as is typical for extreme
events), we set n = 1 in Eq. (27). For completeness, Table 1 also lists
system variables that we consider as deterministically known and/or
that are not considered in the context of future interventions. Note that
we set T = 10 years, as usually required by local regulating bodies.

3. Results and discussion

In the following (Sections 3.1 and 3.3), we start by illustrating, mak-
ing use of the deterministic moment-based (15) and the probability-
based (20) sensitivity indices, the impact of the non-operational vari-
ables @ = (hy 1. d, n,. 5,) on the total flood volume, FV, for the setting
illustrated in Section 2.7 at the current state of the system, 6 = 6°. This
task is performed by relying on a Monte Carlo (MC) strategy to sample
the stochastic four-dimensional I, space.

Sections 3.2 and 3.4 are devoted to our investigation of the sen-
sitivity of FV to the operational variables 6 = (n.,¢,CN,), while
considering uncertainty in . The study involves the use of both (ran-
dom) moment-based (17)—(18) and (random) probability-based (23)
sensitivity indices, collectively aiming to capture diverse complemen-
tary aspects of the variability in FV. We recall that, the operational
sensitivity analysis requires these steps: (i) draw a realization @ of the
non-operational variables; (ii) evaluate the (random) sensitivity indices
(17)—(18) and (23) at all possible combinations of the operational vari-
ables; (iii) repeat steps (i)-(ii) for all the realizations of ® (we employ
the same MC realizations employed to sample I, introduced above)
and evaluate the pdf of all random sensitivity indices. Stable results
are achieved by relying on 5 x 10* realizations of @ for set (i.e., 24) of
the operational variables. Thus, a total of 1.2 x 10® model evaluations
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Fig. 5. Ensemble of random realizations of FV (@,0) (gray dots) versus w; = ((a)h, ; (b)d;(c)n,;(d)s,). The conditional mean of the flooding volume at the current system state,
EV(6°) (solid curve) as well as the 5th, IT,s, and 95th, II,4s, percentiles (dotted curves) are also included.

have been performed in our study. All computations are performed
upon relying on an Intel Core i9-13900KF processor and 128Gb RAM,
the average time per simulation being approximately 0.05 s. Note that
in instances involving prediction models which computational burden
may be unaffordable, surrogate modeling techniques can be used within
our approach (e.g., Dell’'Oca, Guadagnini and Riva, 2020; Dell’Oca
et al., 2017; Zeighami, Sandoval, Guadagnini, & Di Federico, 2023).

3.1. Current system state: Moment-based GSA

In this section, we focus on the GSA of FV with respect to the non-
operational variables ® = (hy ¢, d,ny, 8,), given the current system 6°.
Assessing the sensitivity of the statistical moments of FV' to each non-
operational variable w; allows to establish the most relevant sources of
uncertainty (embedded in ®) in predicting flood volume at the current
system state. The objective of this analysis is to address the following
questions ‘Given the current state of the system, how significant is

the impact of the inherent uncertainty in rainfall event attributes and
urban catchment drainage characteristics on the statistical moments of
the total flood volume?’ and ‘What investigations aimed at reducing
uncertainty should be prioritized to improve reliability of flood volume
predictions?’.

Fig. 5 depicts the entire collection of random realizations of flood
volume, FV (w,0), highlighting their dependence on each component
of o (i.e., w; = (@)hy9; (b)d; (c)ng; and (d)5;). The expected value
of FV conditional to each w;, Efa‘ji(ec), is also included in each plot
(solid curve) as well as the confidence bounds associated with the 0.05
and 0.95 percentiles. Despite the significant variability exhibited by
FV, which stems from the uncertainty associated with w, the overall
trend displayed by the results is consistent with typical expectations.
Heavy rainfall events and/or long rain durations lead to increased FV
(see Fig. 5a, b). Conversely, urban basins that are rougher (i.e., asso-
ciated with high n, values) and/or are characterized by higher storage
capacity (i.e, high §,) yield reduced FV values (see Fig. 5c,d).
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Fig. 6. Probability density function of (a) AMAE, (o) and (c) AMAYV, (o), for 0, = (n.,¢,CN,). Ratios (b) RE,

RE; = AMAE, (#)/AMAE,(@), and (d) RV; = AMAV, (@)/AMAV, (@), RV, = AMAV, (@)/AMAV, (@), and RV,
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Table 2

Global sensitivity indices AMAE, (6°) and AMAV,, (¢°) associated with the non-
operational variable w;, given the current state of system 6°.

o, AMAE,, (6°) AMAY,, (6°)
R0 0.68 0.57
d 0.50 0.51
n, 0.22 0.22
5 0.43 0.35

Table 2 lists the moment-based GSA metrics suitable for quanti-
fying the sensitivity of mean, AMAEwi(O‘) (Eq. (15)), and variance
AMAVwi(QC) (Eq. (16) with n = 2) of FV with respect to each of the non-
operational variables. Although Table 2 reveals that all non-operational
variables considered impact the prediction of the mean flood volume
and the associated uncertainty (measured by its variance), its analysis
allows for planning future experimental activities. Priority should be
given to improving our understanding of the features of rainfall events
(i.e., on the characterization of &, ;, and d). Subsequently, attention
could be directed toward the characterization of the storage capacity
of the catchment, followed by its surface roughness.

3.2. Operational interventions: Moment-based operational GSA

Here, we focus on the moment-based GSA of FV with respect to
the operational variables 6 = (n,,¢,CN,). The main goal is to assess
the strength with which each operational variable 6; impacts the flood
volume when the urban catchment and rain attributes, @, are uncertain.

Fig. 6 depicts the pdf of (a) AMAEBI, () (Eq. (17)) and (¢) AMAVgi (@)
(Eq. (18) with n = 2), for §; = n.,¢,CN,. Results are complemented
by the boxplots of the ratios (b) RE, = AMAE(y (0)/AMAE, (@),
RE, = AMAEcy (#)/AMAE(®), and RE; = AMAE, (#)/AMAE(®),

= AMAE_y (0)/AMAE, (@), RE, = AMAE, ()/AMAE,(e), and
= AMAY, (@)/AMAV, (o). (For interpretation of the references to

Table 3
Operational moment-based global sensitivity indices: mean and standard deviation,

AMAE"” +o'/"\’]’VIAE , of AMAE, (#), and mean and standard deviation, AMAV”" +6AMAV s
of AMAVHV (@) for 6, = (n,.$,CN,).
o, AMAE) £ 00, [x107] AMAY,” £ 070, [x107]
n, 9.9 + 12.8 25+ 45
P 26.9 + 40.0 34+ 67
CN, 43+71 07 +1.1

as well as (d) RV, = AMAVy (0)/AMAV, (@), RV, = AMAV y (@)/
AMAV, (@), and RV; = AMAYV, (w)/AMAV¢(a)) Fig. 6 is complemented
by Table 3 which displays mean, AMAE , and standard deviation,
of AMAE, (w), as well as mean, AMAV P and standard devia-

b

tion, ¢

AMAY of AMAYV) (@). Note that AMAE”” quant1f1es the average

(across the reahzatlons of w) impact of 6, on predlctmg the mean flood
volume, while ¢ AM AE, provides a measure of how this mean prediction
is affected by uncertainty due to our lack of knowledge in w. Similarly,
AMAV”” quantifies the average 1mpact of 6, on flood volume variability

(represented by its variance) and o

AMAE 4

AM AV, is an indicator of how this
variability is affected by uncertainty in .

Variations in the diameter ¢ of the conduits of the sewer system (see
Fig. 6a and Table 3) yield the most relevant changes in the expected
value of FV, as clearly visible by the pronounced right tail in the pdf
of AMAE (@), and the relatively large value of AMAE;" . However,
this impact is associated with high variability across the ensemble of
realizations ®, as quantified by CAMAE," Conversely, the operational
variables n, and CN, yield a reduced degree of uncertainty (i.e., more
compact supports of the pdf of AMAE, (») and AMAE.y (®)) and
exert a smaller influence on the expected value of FV. This result is
further elucidated in Fig. 6b. Since RE, and RE; are always smaller
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Fig. 7. (a) Probability of system failure P at the current system state, 6, versus the threshold flooding volume, k. (b) Probability-based sensitivity index of the probability of
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Fig. 8. (a) Unconditional probability of system failure, P’ (solid curve), considering all possible values of the operational variables and the uncertainty in the non-operational
variables, versus the threshold k and the counterpart, P¢ (dashed gray curve), evaluated at the current system state. (b) Operational probability-based sensitivity index, AMAP,”,
versus the threshold k for 6, = (n.,¢,CN,). (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

than one, variations in ¢ always have a larger impact on the expected
value of FV as compared to variations in n, and/or CN,.. Additionally,
values of RE; reveal that the expected value of FV is overall more
sensitive to variations in n, than to those in CN,, the opposite behavior
(i.e., RE; > 1) being observed only for a few realizations of ®.

Considering the variance of FV (see Fig. 6¢ and Table 3), the least
important parameter is CN,, while ¢ and n, have a similar impact.
Note that the pdf of AMAV_y (@) is characterized by a smaller support
than the pdfs associated with ¢ and .. This finding suggests that there
is less uncertainty (across the realizations of ) about the influence of
CN, on the variability of FV than what can be observed with reference
to ¢ and n.. Moreover, Fig. 6d reveals that variations in ¢ (see RV, and
RV;) are always the most important (in a relative sense) in defining the
variance of FV across the ensemble of w, while variations of CN,. are
the least influential as quantified by RV;.

In summary, our results reveal that the diameter of the sewer con-
duits is the dominant operational variable affecting both the expected
value and the variability (as rendered through the variance) of the
flood volume, given the range of possible realizations of the non-
operational variables. This finding suggests that optimizing the value of
¢ should be the starting point of any intervention aimed at improving
the system performance in the target area. Moreover, the effect of
¢ on both the mean and variance of FV is associated with a high
degree of uncertainty across the ensemble of realizations of ®. This
implies that efforts aimed at reducing the uncertainty inherent in ®
can yield substantial improvement in our understanding of how ¢
influences the system. Such insights are critically important for de-
veloping interventions aimed at enhancing system performance under
uncertainty.

3.3. Current system state: Probability-based GSA

This Section is keyed to the analysis of the probability of system
failure Pg, Eq. (19), given the current configuration of the operational
variables. Fig. 7a depicts P as a function of the threshold flooding
volume k, which represents the maximum flood water allowable under
safe conditions. Fig. 7b depicts the sensitivity index of the probability
of failure, AMAP (Eq. (20)), for w; = (hy¢.d,ny.6), versus k. The
probability of failure is markedly influenced by 4, ;(, followed by (in
decreasing order of importance) d, §,, and n,. An exception is noted for
k < 44 m? for which &, is slightly more influential than d on P¢. These
results are in line with findings reported in Section 3.1. Moreover, one
can observe that AMAP; = consistently decreases with k when & > 200
m3, suggesting that the f)robability of large flooding events exhibit
reduced sensitivity to the uncertainty in non-operational variables.

3.4. Operational interventions: Probability-based operational GSA

The main objective of this Section is to assess the strength with
which each operational variable 6; impacts the probability of system
failure, when @ is uncertain. This analysis aims to address questions
such as “Considering the uncertainty about the rainfall event attributes
and urban catchment characteristics, which operational variable has the
greatest impact on the probability of system failure?” and “How effec-
tive are diverse combinations of the operational variables in mitigating
the probability of system failure?”.

Fig. 8a juxtaposes the unconditional probability of system failure,
P (Eq. (21)), and the probability of system failure at the current
system state, Py (Eq. (19)), versus the threshold flooding volume k. All



L. Sandoval et al.

Sustainable Cities and Society 117 (2024) 105928

— 0V ¢ —— 0° [ P, [ P.-Pymxq | PP
1.0 1.0
() " (b) (©
_ 04 > >
= fa) e
g < 0.5 < 0.5
< 0.2 3 2
[a W) (ol
—___—\
O'00 250 500 0'00 250 500 0'OO 250 500
k [m3] k [m®] k [m?]

Fig. 9. (a) Effectiveness of interventions quantified by P, .., (gray curves). The results obtained with the best, 6%, and worst, 8", interventions are shown by green and red
[vrxe]

curves, respectively. Terms PS, PS - Py, ) and P, for (b) j =6" and (c) j = 6".
the web version of this article.)

-—-— E)(él,,c‘ —— E:;’,,L'
55 (a)
_so¢” - -]
5 T
é ”""f
24517
<
-
0 e
k [m3]
0.150
_______________ (©)
N T ]
01250 __
0.050
0.025
0 100 200 300 400 500
k [m?]

o

Fig. 10. Expected value of w; conditional to system failure E’
hy105 () d; (©) ng; (d) 5.

proposed intervention combinations result in a mitigation of the flood
volume, compared to the current state scenario, for each realization
of ®. This leads to a decrease in the probability of system failure
after an intervention, i.e., P’ < P (see Fig. 8a). At the same time,
the difference between P¢ and P;” decreases as k increases, since an
increase in the flood volume deemed acceptable reduces the probability
of system failure and the benefit of interventions.

Fig. 8b depicts AMAP,”, i.e., the mean of AMAP, (@) across the
ensemble of w, versus k. On average (across the ensemble of w), ¢ has
the largest impact on the probability of system failure. Additionally,
indices AMAP,” exhibit higher values for smaller k thresholds, i.e., an
operational varlable 0; is more likely to affect the probability of system

(red curves) and safety E '
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failure when the threshold k is relatively low, as usually required
in urban areas. A similar behavior is observed for the variance of
AMAP”‘” (w) (not shown). These findings can guide stakeholders in
prlOI‘ltlZlng their attention on ¢, as it emerges (on average across
) as the most critical operational variable for interventions aimed at
mitigating the probability of system failure.

We now proceed to investigate the effectiveness of the envisioned
operational interventions in the system. In our study case, the di-
verse operational interventions are not harmful to the system since:
()] Pyorjyep = 0, i.e., if in its current state the system is safe, an
intervention will not cause it to fail; or equivalently, (i) P, o ) =1,

e., if the system is safe in its the current state it will be safe after
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the interventions. As noted in Fig. 8a, the effectiveness of proposed
operational interventions in reducing the probability of system failure
diminishes for increasing k, when compared to the current system state.
This aspect is further elucidated in Fig. 9a. The latter compares the
effectiveness (as expressed in terms of Py yorj e} S€€ EQ. (25)) of diverse
operational interventions 6/ (gray curves) versus k. Results obtained
with the worst 6" (red curve) and best 6% (green curve) combinations
of the operational variables are highlighted therein. Inspection of Fig. 9a
reveals a general decrease in P, /9P [xe] with k. This is related to the
observation that it becomes more challenging to mitigate the system
failure (through operational interventions) when extremely large vol-
umes of water are conveyed to the sewer. At the same time, setting
¢ = 0%, the effectiveness of the intervention remains approximately
constant with k. This finding suggests that, under the least favorable op-
erational settings, interventions could transition from failure to safety
only a fixed subset of realizations of @ (generating reduced volumes of
water conveyed to the sewer).

Fig. 9 depicts for (b) 62 and (c) 6": the probability of no failure
at the current state, Pj (which ensures no failure under operational
interventions since Py ;<) = 1 in our case); the probability of failure
under the operational intervention, P:p’ ; and PSPy o, Ixe] which repre-
sents the correction through an operational intervention of the system
failure (see Eq. (25)) versus k. Note that the evolution of P‘j with k
is identical for both operational conditions. Under 62 intervention, the
term Pg - P o x| contributes significantly to reducing the probability
of system failure. Conversely, with the intervention 6%, the impact of
PS - P yovj|xe) OD P;p / is marginal, and the reduction of the probability
of system failure with k is mainly imputable to the increase of PJ
(i.e., relaxation of the threshold k that favors the system safety).

Fig. 10 complements the analysis by depicting E;,"* (red curves)
and E‘“/'"” (green curves) with a« = ¢ (current state, dashed curves)
and a = 65 (after the best operational intervention, continuous curves)
evaluated based on Eq. (26) as a function of k. These metrics make it
possible to determine the mean magnitude of the non-operational vari-
ables at which the system either fails (Ey"™") or it is safe (Ef;" “*) in the
current state and after the intervention 6%. The number of realizations
(across the ensemble w) where the system fails after the intervention
68 tends to decrease as k increases. As such, the ensuing estimate of
Efi’eB becomes noisy and it is then not defined for large threshold
values (i.e., no system failure is observed under 68 for k > 400 m® in
our case). Fig. 10 reveals that: (i) for w; = (hy jo;d), Ei}"'eB > Ei’:"c,
i.e., when considering 6%, system failure can be observed during more
severe rainfall events than the current system state and (equivalently)
E;’“SB > EJ', i.e., intervention 6” allows the system to cope with
higher-severity rainfall events than the current system state; and (ii) for
w; = (ng8,), Ef:‘”eB < Ey" and E:f’”eB < E;)”C, i.e., under 65, system
failure occurs in cases where the urban catchment is characterized by
reduced surface roughness and/or storage capacity compared to the
current system state.

4. Conclusions

We focus on instances of flooding due to the inability of the sewer
network in an urban catchment to effectively drain the runoff gen-
erated in response to an intense rainfall event. Our study is framed
in a stochastic context, encompassing multiple sources of uncertainty.
We consider the rainfall event and key catchment characteristics as
non-operational variables, affected by uncertainty due to our inabil-
ity to exhaustively characterize them. Additionally, we account for
uncertainty related to operational variables, which are controllable
and modifiable through engineering interventions. We recall that the
nature of the variability in the non-operational variables differs at a
fundamental level from the one associated with operational variables.
Hence, our approach incorporates both standard and operational Global
Sensitivity Analysis (GSA) frameworks. Our study led to the following
major conclusions.
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+ In the current state of the system, uncertainties in the rainfall
event characteristics are the main elements impacting the sta-
tistical moments and the probability of system failure (i.e., the
probability that the flood volume exceeds a threshold). From a
practical perspective, this implies that, given the current system
state, efforts focused on flood estimation enhancement should
prioritize strategies for reducing uncertainty in extreme rainfall
predictions.

When exploring the impact of operational variables on flooding,
our analyses document that the diameter of sewer conduits is the
operational variable with the greatest influence (on average across
potential scenarios of non-operational variables) on diverse statis-
tical moments of the flood volume and the probability of system
failure. However, a notable degree of uncertainty is associated
with the degree of sensitivity of the flood volume to the diameter
of conduits, due to the lack of knowledge about non-operational
variables. From a practical perspective, these findings emphasize
the importance of carefully selecting conduit diameters, taking
into account the uncertainty associated with the non-operational
variables.

Our stochastic framework allows us to quantify the effective-
ness of all proposed interventions. By conducting a GSA on the
probability of system failure at the current system state and ex-
ploring various operational interventions, the proposed approach
allows us to identify the operational setup that offers the highest
effectiveness in mitigating flooding events.

The strategy proposed in the present work is general and has the
potential to be applied to a variety of studies focused on the sustain-
ability of cities and urban environments when the system behavior is
impacted by uncertain non-operational and operational quantities. The
research also contributes to the sustainable development of urban areas
by providing a rich understanding of flood risks and assisting in the
designing phase of effective flood mitigation strategies.

Potential extensions of this work encompass: (i) including un-
certainty in the mathematical models used to describe the physical
processes (see Dell’Oca et al., 2023; Dell’Oca, Riva and Guadagnini,
2020); and (ii) integrating multiple target quantities (e.g., floodways,
maximum flood velocity) and/or constraints of any nature into the
operational variables.
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