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Abstract

Predicting flash flood impacts remains a major challenge due to intrinsic uncertainty in rainfall spatial-temporal structure
and limited understanding of how rainfall organization propagates through hydrological and hydrodynamic processes to
generate urban-scale impacts. These limitations hinder the development of reliable impact-based early warning systems
for small, fast-responding catchments.

To address these challenges, we introduce a Stochastic Rain-on-Grid framework that explicitly accounts for rainfall
uncertainty by coupling a high-resolution stochastic rainfall generator with a 2D hydrodynamic model operating at the
watershed scale. The framework is applied to a representative high-impact flash flood event affecting a piedmont
urbanized area characterized by complex interactions between mountain and urban flooding processes. Using 100
equiprobable synthetic storms reproducing the statistical properties of the observed radar rainfall (200 m, 2 min), we
assess how rainfall spatio-temporal variability alone influences catchment response and street-level flood impacts.
Results show substantial variability in simulated hydrographs despite statistically similar rainfall inputs, while this
variability systematically attenuates at the street scale, leading to more stable hazard classifications. This indicates that
impact-based hydrodynamic indicators are more robust targets for early warning systems than traditional hydrograph-
based metrics. Analysis of rainfall structure metrics reveals that spatial and temporal coefficients of variation consistently
correlate with impact severity. Building on these relationships, we propose the Storm Variability Diagram, which
classifies equiprobable events by expected impact and significantly reduces uncertainty in hazard mapping through
ensemble partitioning.

Overall, this study provides a proof-of-concept for impact-oriented uncertainty assessment through a modular and

transferable framework, supporting uncertainty-aware flash flood forecasting.

Highlights

e A Stochastic Rain-on-Grid framework links rainfall structure to flood impacts

e Rainfall uncertainty attenuates from catchment to street level model outputs

e The newly proposed Storm Variability Diagram classifies storms by their potential ground impacts
e Binary classification of storms may reduce uncertainty in flood hazard nowcasting

e The framework’s predictive capability is verified using observed radar data

Keywords: Flash Floods, Rain-on-Grid modelling, Hazard Assessment, Rainfall Uncertainty
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1. Introduction

Flash floods are among the most destructive natural hazards globally, causing severe socio-economic and
environmental losses due to their rapid onset, high intensity and localized impacts (Marchi et al., 2010; Borga
et al., 2014). These events typically result from convective precipitation systems that deliver intense rainfall
over small, fast-responding catchments (Llasat et al., 2014). Short lead times and complex hydrodynamic
processes make flash floods particularly challenging for forecasting and emergency management.
Understanding and predicting flash-flood generation requires explicitly accounting for a chain of interacting
controls. Precipitation, moisture conditions, infiltration capacity, basin morphology, and land use collectively
control how rainfall is transformed into runoff and routed toward downstream receptors.

The dominant source of uncertainty in flood forecasting and impact estimation remains the stochastic nature
of rainfall, whose variability in space and time strongly conditions rainfall-runoff models and flood forecasts
(Beven, 2012; Lin et al., 2022; Peleg et al., 2022; Xu et al., 2025a). Multiple studies document the strong
sensitivity of hydrological response to rainfall space—time variability (e.g. Emmanuel et al., 2015; Wright et
al., 2020; Saharia et al., 2021; Amengual et al., 2021; Ziaece and Abedini, 2023; Pan et al., 2024).

A focal theme in the literature is the relative importance of temporal versus spatial rainfall structure. Some
studies find that refining temporal resolution exerts a larger effect on peak flows and timing than adding spatial
detail (e.g. Paschalis et al., 2014; Ochoa-Rodriguez et al., 2015; Yang et al., 2016). Conversely, others report
the opposite or a dominant role of spatial heterogeneity under certain conditions (e.g. Bruni et al., 2015;
Cristiano et al. 2017; 2019; Peleg et al., 2017; Zhu et al., 2018; Zhou et al., 2021; Saharia et al., 2021), also
focusing on the effects of moving storms and storm velocity (Nikolopoulos et al., 2014; Perez et al., 2021;
Chen et al., 2023; Perez et al., 2023; Meng et al., 2025). Actually, the effect of rainfall structure on flood
response is not global: it emerges from the interplay between the storm’s spatiotemporal dynamics and the
catchment’s attributes (Zoccatelli et al., 2010; Emmanuel et al., 2012).

One of the main catchment characteristics that significantly affects the flood response is the urban environment,
which adds further complexity. Urbanisation increases impervious areas, introduces engineered drainage
pathways, and alters local atmospheric conditions, magnifying sensitivity to sub-kilometre rainfall
heterogeneity (Cristiano et al., 2017; Yang et al., 2019; Chen et al., 2022). In urban flood studies and modern

flood risk management, the relevant metrics are increasingly focused on hydrodynamic consequences and
3
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impact-based (inundation extent, water depth, flow velocity, and derived hazard indices) rather than purely
hydrological (e.g. peak discharge or runoff hydrograph). This transition, emphasised also in international
guidelines (e.g. WMO, 2021), reflects the operational need to warn about “what the weather will do” rather
than just “what it will be” (Kaltenberger et al., 2020; Apel et al., 2022; Costabile et al., 2023; de Moraes 2023;
Mosimann et al., 2024).

Nevertheless, much of the current literature has concentrated on catchment-scale hydrological outputs using
lumped or semi-distributed models, which cannot represent localized ground-level impacts that determine
exposure and vulnerability (Khosh Bin Ghomash et al., 2022). This separation between rural hydrological
analyses and urban hydrodynamic impact assessment hinders a comprehensive understanding of flood hazard
variability across coupled rural-urban systems. This limitation is especially pressing in complex settings such
as piedmont regions and urban basins, where bowl-shaped terrain can rapidly channel mountain flood
discharges into densely populated areas, producing flood events that combine both mountain and urban
characteristics (e.g. Bellos et al., 2020; Xu et al., 2025b).

Hydrodynamic Rain-on-Grid (RoG) modelling provides a natural pathway to translate high-resolution rainfall
information into localized flood impact assessments. Unlike traditional lumped or semi-distributed approaches,
RoG schemes apply rainfall directly to detailed terrain surfaces and solve water depths and velocities with
two-dimensional shallow water equations solvers. This enables explicit representation of microtopography,
multi-depression storage, and urban flow routing, thereby shifting the focus from bulk hydrologic response to
fine-scale rainfall-topography interactions (Bellos et al., 2025).

Advances in computational resources have removed many traditional barriers to hydrodynamic modelling for
nowcasting, enabling large-scale implementation and integration with Numerical Weather Prediction models
(Ming et al., 2020). Concurrently, progress in weather radar technology has yielded spatially and temporally
dense rainfall fields essential for driving such models. These datasets capture variability at scales critical for
microtopographic runoff generation (Berne et al., 2004; Emmanuel et al., 2012) and have consistently
improved runoff and inundation estimation (i.e. Diakakis et al., 2019; Cao et al., 2023; Bournas and Baltas,

2025).
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By combining radar-derived high-resolution rainfall with efficient RoG modeling, it is now possible to move
beyond generalized runoff predictions and deliver accurate, spatially explicit assessments of street scale
impact-oriented flood forecasting and nowcasting (Costabile et al., 2023).

While high-resolution radar products and RoG modelling enable detailed representation of localized flood
processes, they do not eliminate the intrinsic uncertainty of rainfall itself. Spatial and temporal variability,
storm structure, and measurement limitations can all propagate into large differences in flood hazard estimates.
To explore and handle these uncertainties, stochastic rainfall models may play a key role. These models,
ranging from, the so-called weather generators, random cascade methods, to stochastic storm transposition
approaches (e.g. Bras and Rodriguez-Iturbe, 1985; Burton et al., 2010), aim at the generation of synthetic
rainfall data (realizations) that reproduce the stochastic properties of (fine-scale) rainfall and thus allow
controlled experimentation with alternative storm realizations. In doing so, they provide synthetic rainfall
ensembles that may reveal how different storm structures influence hydrological responses (e.g. Paschalis et
al., 2014; von Ruette et al., 2014; Benoit, 2018).

While stochastic rainfall modelling has achieved methodological maturity and Rain-on-Grid approaches have
demonstrated clear value for flash-flood nowcasting, their integration within impact-based and probabilistic
flood assessment frameworks remains heterogeneous across the literature.

Recent studies have addressed flood impacts and associated uncertainties using a wide range of methodological
approaches. These include physically based hydrodynamic models driven by Numerical Weather Prediction
ensembles, scenario-based frameworks for coastal and compound flooding, regional to global impact models
relying on synthetic event libraries, probabilistic damage assessments based on exposure and vulnerability or
fragility functions, some of which explored using machine learning and deep learning techniques (e.g. Agonafir
and Zheng, 2025; Pentakota et al, 2025; Song et al., 2025; Wang et al., 2024; Wu et al., 2025).

In this context, the combined use of radar-derived rainfall statistics, stochastic generation of equiprobable
storm realizations, and high-resolution Rain-on-Grid hydrodynamic modelling represents a complementary
pathway for impact-oriented flash flood analysis. This approach enables an explicit propagation of rainfall
space—time uncertainty through the hydrological and hydrodynamic response and supports a probabilistic

interpretation of street-scale, hazard-based impact proxies.
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This paper introduces a Stochastic Rain-on-Grid framework that leverages the synergy between radar-derived
rainfall statistics, stochastic ensemble generation, and high-resolution hydrodynamic modelling to provide
comprehensive uncertainty quantification for flood impact assessment. With reference to the 2017 Mandra
flash flood (West Attica, Greece) as a test case, for which high-resolution radar observations (200 m in space
and 2 min in time) and prior successful Rain-on-Grid simulations (Costabile et al., 2023) are available, we
generate an ensemble of 100 equiprobable storm realizations statistically consistent with the recorded storm.
This event serves not merely as a test case, but as a typical example of a complex, high-impact flash flood in
small watersheds and piedmont urbanized area. Its characteristics make it an ideal setting to establish our
methodological blueprint and to explore the relationships between rainfall variability and flood impact, that
can guide future multi-event investigations.

The study, therefore, uses this event as a paradigm to address the following research questions:

1. Q1: How do equiprobable rainfall scenarios with different spatial and temporal variability influence
hydrological and hydrodynamic impact indicators? Does variability attenuate or amplify as we move
from the catchment scale to the street scale?

2. Q2: To what extent can simple rainfall structural metrics explain the resulting variability in flood
impacts, serving as effective proxies for impact severity?

3. Q3: How can the insights generated by our stochastic Rain-on-Grid framework inform and support the

development of impact-based nowcasting systems?

2. Methods

The proposed methodological framework presents an integrated approach that combines stochastic rainstorm
generation with RoG modelling for a probabilistic assessment of flood impacts (Figure 1).

Radar-based rainfall observations serve as the reference dataset for the stochastic storm generator. This module
is used to produce an ensemble of synthetic rainfall fields (100 in this work) characterized by different spatio-
temporal structures while maintaining statistical consistency with the observed reference event. The generated
precipitation fields constitute the distributed meteorological forcing for RoG model based on the two-

dimensional shallow water equations (2D SWEs), which has been previously calibrated over the target
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catchment and validated using historical watermarks. This modeling approach simultaneously enables an
investigation at two distinct spatial scales: (i) the catchment scale, where the focus is on determining the
hydrological response, specifically, assessing the hydrological impact in terms of peak discharge and flood
volume, and (ii) the street scale, where the objective is to evaluate the hydrodynamic impacts in terms of
maximum water levels within the urban area and the associated street-scale hazard.

Concurrently, a comprehensive analysis of the spatio-temporal variability of the synthetic events is performed
using established indicators from the literature, in order to explore correlations between rainfall properties and
resulting impacts. This approach allows for the classification of events according to their spatio-temporal
patterns and the severity of associated ground impacts.

Each module and methodological phase of the framework will be described in detail in the following sections.
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Figure 1. Methodological framework

2.1 Generation of Synthetic rainfall events: anySim model

For the generation of synthetic data numerous approaches have been proposed, often called “weather
generators” (Wilks and Wilby 1999). For instance, the literature offers ARMA-type models (e.g., Bras and
Rodriguez-Iturbe 1985; Koutsoyiannis 1999, 2016), point process models (e.g., Onof et al. 2000; Gyasi-Agyei

2005; Kilsby et al. 2007; Tarpanelli et al. 2012; Kossieris et al. 2016), two-part (discrete - continuous) models,
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based on Markov chains (e.g., Breinl et al. 2013; Ailliot et al. 2015), resampling methods (e.g., Rajagopalan
and Lall 1999; Mehrotra et al. 2006) and the more recently-emerged copula-based approaches (e.g., Nelsen
2007; Bardossy and Pegram 2009; Serinaldi 2009; Lee and Salas 2011; Tsoukalas et al. 2018a, b, 2019, 2020).
In this study the stochastically-generated rainfall data were generated using the anySim model, described in
Tsoukalas et al., (2018b, 2019, 2020), and implemented in R language. anySim allows the simulation of
stationary non-Gaussian (and intermittent) stochastic processes and random fields with arbitrary, valid (i.e.,
positive definite), spatiotemporal correlation structures. As a side note, it is remarked that since this study
focuses on a particular extreme rainfall event (2017 event of Mandra), the implied assumption of stationarity
is regarded realistic (Koutsoyiannis and Montanari, 2015) and proves particularly useful for the development
of a parsimonious stochastic modelling approach (i.e., avoid over-parameterization).

Therefore, the synthetic data generated represent stochastically-equiprobable events of the historical rainfall
data, in terms of marginal distribution and spatiotemporal correlation structure, assuming stationarity (within
the event), while potential advection effects of the rainfall event were not taken into account, which nonetheless
is arguably difficult to quantify using solely a single rainfall event (or in general, limited historical data).

In more detail, using the historical data (as calibration/training data for the stochastic model) provided by the
National Observatory of Athens (NOA) over the polygon of the study area (Section 3), an ensemble (consisted
of 100 members) of spatiotemporal rainfall events (realizations of a random field) was generated assuming
that a process modelled by: 1) a zero-inflated (to account for rainfall intermittency) exponentiated Weibull
(eWei) distribution (Choudhury 2005), fitted using the method of L-moments (Hosking 1990), 2) a separable
spatiotemporal correlation structure, provided by the product of a power-exponential (for space) and a Cauchy-
type (for time) correlation structure (Koutsoyiannis 2000; Tsoukalas et al. 2020). The eWei distribution
parameters were estimated as follows (using the same notation with the above work): ¢ = 2.886,a = 3.333,
and 6 = 0.090. On the other hand, the product-type spatiotemporal correlation structure was established by of

the following functions:
L
time — Cauchy-type correlation structure:  pr(t,Ar = 0.809s,ar = 0.134) = (1 + Apart) or
(1

. d\4%s
space — power-exponential: ps(d, Ag = 340091 m,as = 1.67) = exp (— (/1—) ) 2)
S
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In the above formulas, t, denotes the temporal lag, d the Euclidean (separation) distance among two points in
space, A > 0 and ar > 0 are scale and shape (smoothness) parameters, while A¢ > 0 and ag € (0,2) are also
scale and shape parameters. A7 and Ag are expressed in seconds and meters, respectively.

It is noted that all synthetic rainfall fields/events of the ensemble have the same temporal and spatial resolution

(2 min and 200 m), as well as duration (2017-11-14 23.00 GMT until 2017-11-15 11.58 GMT) and spatial
extent with the historical data/rainfall event and the model domain of the area of interest respectively (Section
3).
It is important to stress that radar observations and their statistical properties are used in this study solely to
condition and calibrate the stochastic rainfall generator. The generated rainfall fields are not intended to predict
the future evolution of the meteorological system or the occurrence of extreme precipitation events. Instead,
they represent alternative, statistically plausible realizations of the internal space—time variability of the
observed storm. The ensemble of synthetic rainfall events should be interpreted as a sampling of rainfall
structural uncertainty, rather than as a set of forecast scenarios. Each realization is equally probable and
statistically consistent with the observed storm characteristics, and the ensemble is used to explore how this
uncertainty propagates through the hydrological and hydrodynamic models.

The choice of 100 realizations reflects a balance between statistical representativeness and computational
feasibility, consistent with the exploratory nature of this study. The ensemble size is not intended to provide an
exhaustive sampling of all possible rainfall configurations, but to allow a statistically meaningful exploration

of the variability of hydrological and hydrodynamic responses induced by rainfall uncertainty.

2.2 Rain-on-Grid Modelling

The RoG or Direct Rainfall Method is a modelling strategy of growing importance in both research and
practice. Its main advantage lies in unifying hydrological and hydrodynamic flash flood processes within a
single 2D hydrodynamic model, thus avoiding the need for separate, coupled modelling systems. The
framework operates by applying rainfall forcing directly onto each cell of the computational domain. The
model then simulates surface runoff generation, accounting for infiltration losses (typically through a
Hortonian process), and routes the flow using the 2D SWEs. Other processes, such as evaporation and

groundwater flow, are generally not included, as their influence is considered to be minimal during the rapid

10
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timescale of flash flood events. Over the last decade, several RoG models have been developed, and a wide
range of rainfall-runoff processes in small to medium watersheds have been successfully simulated in the
literature (e.g., Costabile et al., 2013; Cea and Bladé, 2015; Fernandez-Pato et al., 2016; Bellos and Tsakiris,
2016; Xia et al., 2019; Kirstetter et al., 2021; Buttinger-Kreuzhuber et al., 2022; Caviedes-Voullieme et al.,
2023; Cea et al., 2024; Khosh Bin Ghomash et al., 2025; Wang et al., 2025). The popularity of RoG is further
highlighted by its adoption into widely used hydraulic modelling software such as HEC-RAS, TUFLOW and
TELEMAC 2D, for which numerous applications can be found in the literature (Costabile et al., 2021;
Macchione and Lombardo, 2021; Godara et al. 2024; Ennouini et al., 2024; Varra et al., 2025).

The simulator used in the present work is MY THOS-2D (Modular sYsTem for Hydrodynamic-based rainfall-
runOff Simulations), formerly known as the UniCal model, which was developed at the University of Calabria
(Italy) for research purposes. It solves the 2D-SWE using the Finite Volume Method and it is first order accurate
in time and space. The model includes a dedicated infiltration module, which is based on the well-known
Green—Ampt method, and the friction module based on the use of the Manning-Strickler formulation. The
numerical model, written in Fortran 90, is configured for parallel execution using Message Passing Interface
(MPI), making it suitable for high-performance computing systems. MYTHOS-2D has been proven to provide
reliable results for flood inundation in idealized and real-world urban environments, pluvial flooding in urban
catchments, rainfall-runoff simulations at the basin scale, and flow propagation on infiltrating surfaces

(Costabile et al. 2021; 2024; 2026). All the details are included in the references mentioned above.

2.3 Characterization of storm structure using spatio-temporal variability indicators

For each simulated storm scenario, a set of indicators was computed to describe the spatio-temporal
organization of precipitation. These indicators are grouped into two main categories: (i) metrics that describe
the intrinsic spatial and temporal structure of the storm, independently of the catchment geometry, and (ii)
metrics that explicitly account for the spatial distribution of rainfall relative to the morphology of the
catchment.

The first group includes three indicators which have been inspired by the framework proposed by Tarasova et

al. (2020), Aala et al. (2025): (i) the temporal coefficient of variation of precipitation rate (7cv), (ii) the ratio

11
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between the maximum precipitation rate and the total precipitation volume (Pratio), (iii) the spatial coefficient
of variation of rainfall (Scv) during the event.
Tev quantifies the variability of catchment-averaged rainfall intensity over time during the storm event (Eq.

3). This indicator captures how evenly or unevenly rainfall is distributed across time steps.

Vvar(ro)

"~ mean,(ry)

(3)

Tey

Where r( represents the vector of the catchment average precipitation during the event, while var; and mean,
are variance and mean operators computed over time.

Pratio (Eq. 4) distinguishes between intensity-dominated and volume-dominated storms. A higher value
indicates a short but intense event, while lower values are characteristic of longer, more uniformly distributed

events.

_ max(ro)
Pratio = Zr—o(t) €))

Where 1, (t) represents the catchment average precipitation at time ¢.

Scv reported in Eq. 5 and Eq. 6 measures the degree of spatial heterogeneity of precipitation across the
catchment during the event. It should be emphasized that the index was deliberately weighted by the rainfall
intensity at time ¢, in order to enhance the contribution of more intense precipitation events in the spatial
characterization. This weighting strategy also mitigates the influence of noise potentially introduced by
isolated high-intensity pixels during periods of negligible overall precipitation. Higher values indicate more

localized precipitation patterns, while lower values correspond to more spatially uniform storms.

f vary,, (r(t))

mean,,, (r(t)) ’

6. = XTo(t) - Scv(t)
v X1o(t) '

Scv(t) = (5,6)

Where r(t) represents the map of precipitation rate at time ¢, while vary, and mean,,, represent variance and

mean operators computed across space.
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While the first group of indicators describes the intrinsic organization of the rainfall event independently of its
position within the catchment, the second group relates storm spatial patterns to catchment morphology,
following the framework by Zoccatelli et al. (2011). Specifically, the first (A;) and second (A:) scaled moments
of rainfall are computed: A; quantifies the relative position of the rainfall centroid with respect to the outlet
(Eq. 7), with values >1 indicating upstream concentration and <1 indicating downstream concentration; A:
measures the spatial spread of rainfall along the main flow path (Eq. 7), where values >1 suggest multimodal

distributions, <1 indicate compact storms, and ~1 corresponds to uniform patterns.

8= %
Rog1
1 R, (R, 2]
A= —— |22 (—) 8
2 g2 — 91%|Ro Ry ®)

Where R,, represents the n-th spatial moment of catchment rainfall while g,, represents the #-th moment of the
flow distance, i.e. the distance along the runoft flow path from a given point to the outlet.
Details about the interpretation and expected ranges of these indicators are summarized in prior works (e.g.,

Zoccatelli et al., 2011; Tarasova et al., 2020; Aala et al., 2025).

2.4 Impact Metrics

In order to quantify the severity of ground-level impacts associated with the ensemble of storm events, a
distinction is made between the watershed scale, in terms of hydrological response, and the street scale focusing
on the hydrodynamic impact.
The hydrological response is evaluated through the analysis of the shape of simulated flood hydrographs
resulting from each storm event. Specifically, for each discharge hydrograph three key metrics are extracted: (i)
total surface runoff volume, (ii) peak discharge, and (iii) time to peak. These metrics are calculated at selected
cross-sections located upstream of the urban area of interest.
Conversely, the hydrodynamic impact is assessed exclusively within the urban domain, in terms of:
(i) maps of maximum water depth, (ii) inundation extent which was computed as the sum of the cell areas with

maximum flow depth above 0.10 m, and (iii) maps of hazard classification.
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The latter are derived using the Generalized Flood Impact Index developed by the Australian Institute for
Disaster Resilience (AIDR, 2017). This index defines six hazard categories based on threshold values of water
depth h, and the product of water depth and flow velocity h v, as detailed in Figure 2.

This index is a useful metric for identifying the impacts of flooding on people, vehicles, and buildings, and it
also provides a practical way to account for uncertainties in the simulated flood variables (i.e., water depths and
flow velocities) by transforming them into six hazard classes (Bellos et al., 2025). These hazard classes should
be interpreted as hazard-based impact proxies derived from physically simulated flood characteristics, rather
than as direct estimates of exposure- or vulnerability-dependent outcomes such as the number of affected people
or economic losses. More detailed impact assessments, including the estimation of building damage or economic
losses, would require the coupling of flood hazard outputs with exposure data and vulnerability or fragility
curves for the affected elements. While such approaches are well established in the literature, they are beyond
the scope of the present study, which deliberately focuses on the probabilistic characterization of hazard-based
impact proxies. In this respect, the adopted index provides an operationally meaningful characterization of flood
hazard severity that represents a necessary upstream component of impact-based forecasting and disaster risk
reduction frameworks, upon which population exposure, vulnerability, and damage models can subsequently be
applied, and it is particularly well suited for operational use by civil protection services, as it can be

communicated more easily to the vulnerable population.

[~

Depth {m})
L

H4

o 1 2 3 4 5
Velocity (m/s)

IlH1: Generally safe for vehicles, people and buildings

I HZ: Unsafe for small vehicles

[ H3: Unsafe for vehicles, children and the elderly

[ 1H4: Unsafe for vehicles and people

I H5: Unsafe for vehicles and people. Structural damage risk for all buildings

Bl HE: Unsafe for vehicles and people. All building types considered vulnerable to failure

Figure 2. Hazard categories according to the AIDR (2017)
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3. Case study and model settings

The flood event occurred on 15 November 2017 in the town of Mandra, located about 30 km west of central
Athens (Greece), in the western part of the greater Athens metropolitan area (Figure 3). It was one of the most
catastrophic flood events in Greece in the last 40 years, resulting in the loss of 24 lives and causing extensive
damage to Mandra’s infrastructure. Mandra is situated at the outlet of two small to medium-sized catchments
(approximately 20-25 kmz2 each), drained by the Agia Aikaterini and Soures streams. The storm which flooded
Mandra was highly localized and therefore, there were no ground observations at the neighboring
meteorological stations. Stamou (2018) and Mitsopoulos et al. (2022) estimate that the rainfall event had a
return period of 150 to 200 years. Moreover, Ntigkakis et al. (2018) estimated the return period of the event,
through a reverse engineering approach. They found that for rainfall time scales which vary from 3 h to 6 h,
the return period of the storm lies within the range of 100-200 years. The Agia Aikaterini stream is integrated
into the town’s urban drainage system. Across the entire computational domain, the soil is classified as loam.
The spatial and temporal characteristics of the storm were captured by NOA’s XPOL, an X-band dual-
polarization Doppler weather radar, with spatial and temporal resolutions of 200 m and 2 min, respectively.
This mobile radar is typically installed on a 500 m-high hill in the northern suburbs of Athens and operates
during rainfall events affecting the wider Athens area (see, e.g. Kalogiros et al., 2013).

The storm was highly localized as a result of an orographic phenomenon driven by Mount Pateras, which lies
upstream of the catchments. At that time, Greece did not have an impact-based early warning system; only
gualitative weather-related warnings were issued by the meteorological service. In this case, even numerical
weather models failed to capture the event, while ground-based meteorological stations recorded only small
rainfall amounts, as they were located far from the storm center.

For all the simulated scenarios, MYTHOS-2D was run using the same settings as in a previous study (Costabile
et al., 2023). In that work, it was demonstrated that MYTHOS-2D, when coupled with radar data, was able to
provide accurate predictions of the flooded area extent and even reproduce the water marks observed during
post-event surveys at more than 30 locations within the town of Mandra. For completeness, some information

about the model setup is reported here.
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The computational domain is based on an unstructured grid composed of triangular irregular elements of
varying size. Specifically, a coarse resolution was adopted for hillslopes (50-60 m2), a more refined grid for
the channel network and floodplain (20-30 m?), and a finer resolution within the town (up to 9 m?) to
adequately capture flow dynamics through buildings and streets. Overall, the grid consists of approximately
10° computational elements.

Buildings were represented using the “building hole” approach, by applying appropriate solid-wall boundary
conditions. For the domain boundaries, transmissive (open) conditions were imposed at the most downstream
section, while solid-wall conditions were applied along the catchment boundaries. Furthermore, following
Bellos et al. (2020), three roughness classes were adopted across the domain, while a single class corresponding
to loam was assumed and uniformly distributed across the two watersheds. Further details and the specific
values of the calibrated parameters can be found in our previous work (Costabile et al., 2023).

Flood maps were computed for the entire catchment (see Figure 3, bottom), but for impact analysis purposes

we focus hereafter only on the town of Mandra.
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Figure 3. Application area of the RoG model, location of the hydrograph calculation sections, and position of the urban
center of Mandra (a). Rainfall patterns for the recorded event. Catchment average rainfall time series (At = 2 min) (top),
spatial cumulative (bottom) and indication of the total rainfall volume (b). Details of the main road network within the

town of Mandra (c). Example of max depth - velocity map extended to the entire study area (d).

4. Results

4.1 Variety of generated spatial-temporal rainfall structures by AnySim

The ensemble of 100 stochastic scenarios generated by the anySim model displays a wide range of spatial and
temporal patterns. Figure 4 shows a selection of representative cases, highlighting the diversity of space-time
rainfall structures within the ensemble. Spatial heterogeneity is illustrated through cumulative rainfall maps,
which emphasize differences in the spatial distribution of total precipitation volumes across the catchment.
Temporal variability is depicted by the spatially averaged rainfall time series (A¢ =2 minutes), providing insight
into the timing and intensity of rainfall events. Focusing on the spatial distribution, Fig. 4(a) shows a relatively
uniform pattern, especially when compared to panels (b) and (c), which display a concentration of cumulative
rainfall in the upstream areas, or panels (d) and (e), where rainfall volumes are predominantly concentrated in
the central region. A different pattern emerges in panels (f) and (g), which show a clear concentration of rainfall
downstream, while panels (h) and (i) reveal multiple localized rainfall cores. A certain degree of variability
also emerges from the time series, which illustrate different scenarios: peak intensities occurring at the
beginning of the event (b), at the end (d), more temporally uniform rainfall (f), or rainfall distributed across

different moments in time (h).
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Figure 4. Representative examples of the spatial and temporal variability observed within the ensemble of 100 stochastic
rainfall scenarios generated by anySim. Each panel (a—i) shows the catchment average rainfall time series (At = 2 min)
(top), the corresponding spatial cumulative (bottom), and an indication of the total rainfall volume for the selected
scenario. The spatial maps highlight a wide range of rainfall patterns, from more uniform distributions (a), to localized
accumulations in the upstream (b, c), centre (d, e), downstream (f, g), or in multiple locations (h, i). The rainfall time
series reveal different temporal dynamics, including events with early (b) or late (d) intensity peaks, more temporally
uniform rainfall (f), or concentration at varying times (h). Although the spatial structure varies considerably, total

precipitation remains within ~10% of the ensemble mean, with the historical event closely matching it.
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The total precipitation across the 100 stochastic scenarios differs by a maximum of 8% from the ensemble
mean, with only one outlier showing a deviation of —12%. The real event, evaluated over the same temporal
window, yields a total volume of 5.79 Mm?, while the stochastic ensemble has an average of 5.72 Mm?, a
coefficient of variation (CV) of 5% and an interquartile CV (Q25—Q7s) of 1%. Therefore, the observed historical
event recorded a total volume which is very close to the ensemble mean.

This confirms that the ensemble maintains realistic event-integrated rainfall volumes, despite the considerable

variability in space-time patterns.

4.2 Variability from the catchment scale to the street scale

4.2.1 Variability of hydrological response

The variety in the spatial and temporal structure of the rainfall scenarios translates into a range of hydrological
responses. Figure 5 presents the distributions of surface runoff volume, peak discharge, and time-to-peak for
the hydrographs computed at the Agia Aikaterini and Soures cross sections. Each metric has been standardized
by its respective ensemble mean to facilitate comparison across scenarios. For each plot, the actual ensemble
mean and the coefficient of variation (CV) of the corresponding indicator are also reported in Table 1, providing

insights into the sensitivity of the hydrological response to rainfall variability.
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Figure 5. Boxplots of Volume, Peak Discharge (Op), and Time to Peak (7p) of the hydrographs simulated for the Soures
and Agia Aikaterini streams in correspondence to the cross section located as shown in Fig.2. Simulated values (top) and

standardized values with respect to the ensemble mean (bottom).

Ensemble mean Ensemble CV
Section Volume (m?) Op (m?) Tp (h) Volume Qp Tp
Soures 580158 101.9 9.3 0.38 0.53 0.31
Agia Aikaterini 582955 110.2 8.7 0.31 0.48 0.35

Table 1. Ensamble mean and Coefficient of Variation of Volume, Peak Discharge and Time to peak of the hydrograph
simulated at Soures and Agia Aikaterini cross sections.

Peak discharge varies from approximately 14 m*/s to more than 320 m?/s, while time to peak ranges from just
over 1 hour to nearly 14 hours. Similarly, runoff volumes span from about 148,000 m? to over 1,050,000 m?3.
With coefficient of variation (CV) reaching up to 0.53 for peak discharge and around 0.35 for time to peak, the
high sensitivity of flow dynamics to the spatio-temporal structure of rainfall results evident.

However, it is worth noting that the lowest values of peak discharge may be partly explained by rainfall peaks
occurring downstream of the cross-sections used to compute discharge (red and blue sections in Figure 3),

which makes them less representative of actual hydrological impacts.
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4.2.2 Variability of maximum water depths and hazard classes

Focusing on the urban area, Figure 6 illustrates the ensemble mean (left) and coefficient of variation (right) of
maximum water depth (top) and flood hazard classes derived using the AIDR methodology (bottom). The
mean water depth map highlights critical zones, with localized values exceeding 2.5 m, while the
corresponding hazard classification reveals a concentration of higher-risk streets near the main road, gradually
decreasing toward the periphery.

The CV provides a complementary perspective, enabling a direct comparison between the continuous variable
(water depth) and the discrete hazard classes. Overall, variability appears moderate (CV < 1), though certain
hotspots exhibit high sensitivity (CV > 2), reflecting the influence of rainfall variability on flood dynamics.
Mean hazard levels range predominantly from medium to high (classes 3—5), especially along main streets.
CV values for hazard classes reach up to 0.6 in some locations, indicating areas where even small
hydrodynamic changes may alter the impact classification. In areas experiencing severe flooding, the CV of
both variables are comparable. However, in less affected zones, the discretization tends to smooth out
variability, leading to hazard-class CV values that can be up to an order of magnitude lower than those

associated with water depths.
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Figure 6. Ensemble mean and coefficient of variation (CV) of maximum water depth (top) and flood hazard class
(bottom) for the urban area of Mandra. Hazard classes are computed based on maximum water depth and velocity

following the AIDR methodology. Each map uses an independent colour scale.

To further characterize these spatial patterns, Figure 7 (top) compares the distribution of CV values for both
maximum water depth (considering depths > 0.10 m) and hazard classes. As expected, the continuous variable
exhibits greater variability, with an average CV of 0.43 and a wider range, including more frequent occurrences
of high values. In contrast, the hazard class CV distribution, averaging 0.25, is narrower and skewed toward
lower values. This behavior highlights the dampening effect of the hazard mapping process, which reduces
sensitivity to minor variations in water depth. Overall, the coefficients of variation (CVs) computed across
different impact metrics variables reveal a progressive attenuation of variability moving from catchment to

street level (Figure 7, bottom): while hydrological indicators (e.g., peak discharge) exhibit the highest
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435  sensitivity to rainfall structure, this variability is partially dampened in the spatial distribution of maximum

436  water depths, and further reduced in the final classification of flood hazard.
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438 Figure 7. Comparison of the spatial distribution of CV values for maximum water depths (considering only cells with
439 depths > 0.10 m) and hazard classes across the urban domain. The figure also compares the CV values of peak discharges
440 simulated at the Soures and Agia Aikaterini cross sections with the average CVs computed for maximum water depths

441 and hazard classes.

442 4.3 Rainfall structure metrics as predictors of flood impacts

443  4.3.1 Correlation between rainstorm spatio-temporal structure and flood impacts

444  Given the observed variability in flood impacts, we have explored to what extent this variability is influenced
445 by the spatio-temporal structure of rainfall. Figure 8 presents heatmaps of the Pearson (8a) and Spearman (8b)

446  correlation coefficients between the rainfall structure indicators introduced in Section 2.3 and the impact
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metrics described in Section 2.4, computed across the full set of 100 scenarios. The use of a blue-to-red color
scale helps visually emphasize both the strength and the direction of the correlations.

Overall, both correlation analyses reveal consistent patterns of association, with only minor differences in
coefficient magnitude between the two methods. This consistency suggests that the relationships between
rainfall structure indicators and impact metrics are predominantly linear, although some non-linear trends may

be better captured by the rank-based Spearman correlation.

(a) Pearson correlation coefficient (r) .
Tev
#  Scv 0.5
£
8 Pratio - 035 0.27 043 0.42 0.34 0.35 0.36 0.34 0
=
£ Ar 037 0.02 0.30 0.11 0.06 0.06 0.05 0.06 05
A2 042 0.34 047 031 -0.30 026 -0.28 -0.30
-1
by @ ¥ e © & & &
\\, \\, . . @Q & o)
Q\c Q\‘o O-@ @_Q\ @Q Q\é\% ._30\ Q?‘Q%
& @'5& é‘*& ¥ Gl N
¥ X° . . &
be‘ SEJ &
& &
Impacts
(b) Spearman correlation coefficient (rho)
1
Tcv i 045
® Scvi 032 0.5
£
8 Pratio - 032 0.22 0.40 0.33 0.26 0.31 0.27 027 0
=l
£ A1r o038 -0.07 0.34 0.09 0.02 0.01 0.02 0.03 05
A2 015 L%‘ -0.18 0.32 -0.30 -0.21 -0.28 -0.29
-1
ks @ ¥ < © & <@ S
Y Ny & > o ¥ N ©
A I A
@ < & SR i© N
40\\) ._\O\Q & & &
6{9 b\? \(“)
e? e
Impacts

Figure 8. (a) Pearson and (b) Spearman correlation coefficients between indicators of rainfall spatio-temporal variability
(Tev, Scv, Pratio, A1, Az) and impacts in terms of runoff volumes computed at Agia-Aikaterini (A) and Soures (S) cross

sections, maximum depths (spatial average), inundated areas, inundation volume, AIDR hazard class (spatial average).

Among the indicators, 7cv shows strong and positive correlations with all impact variables in both Pearson (»
=0.50 - 0.61) and Spearman (pho = 0.45 - 0.56) analyses, highlighting its robust influence on hydrological
and hydraulic responses. Scv, on the other hand, exhibits consistently negative correlations, particularly with
peak discharge and inundation-related metrics (e.g., p = - 0.55 with peak discharge at Soures), suggesting that

greater spatial spread in rainfall is associated with lower impact severity.
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The indicators A; and A, display weaker and less consistent relationships with the impacts. In particular, A,
generally shows low or negative correlations across most metrics, with slightly stronger effects observed in
the Spearman analysis (e.g., p = - 0.33 with inundated area).

Overall, the results indicate that 7cv, and to a lesser extent, Scv, are the most relevant indicators for explaining
the variability in flood impacts across the ensemble, underscoring the importance of temporal concentration

and spatial coherence in driving hydrological response.

4.3.2 Storm variability diagram based on the anySim-generated output
Given the prominent roles of Tcv and Scv in controlling impact variability, we propose a new framework, the

Storm Variability Diagram, to classify and interpret the joint influence of these two indicators (Figure 9).
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Figure 9. Distribution of the stochastic storms on the Storm Variability Diagram showing the relationship between Scv’

and Tcv’, standardized values of Scv and Tev respectively

This diagram is a Cartesian plane where the x-axis represents the standardized temporal coefficient of variation

(Tev’) and the y-axis the standardized spatial coefficient of variation (Scv’) of each storm. Standardization is
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carried out using the ensemble mean as reference, to emphasize storms with Scv and 7cv values higher or lower
than the ensemble mean and facilitate comparison and interpretability.

The space is divided into four quadrants, according to the combination of higher (H) and lower (L) values of
Scv and Tev. For example, Sy-Ty is related to higher values of both Scv and Tev, whereas Si-Ti, is associated
to the lower values of both Scv and Tcv. Physically, storms in the Sy-Tu quadrant are characterized by both
strong temporal fluctuations and high spatial heterogeneity. Figure 9 shows the distribution of the 100
stochastic rainstorms generated by anySim in the Storm Variability Diagram. Different colours highlight the
presence of distinct clusters associated with the four quadrants of the diagram. The largest groups correspond
to storms in the Sy-TL (magenta points) and Si-Ty (green points) quadrants, while the other two quadrants

contain fewer events.
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Figure 10. Hydrological and hydrodynamic impacts of four representative storm. Each quadrant corresponds to a storm
type from the Storm Variability Diagram and displays: (a) cumulative rainfall, (b) rainfall hyetograph and hydrograph
simulated at Agia Aikaterini and Soures cross sections, (¢) maximum water depths, and (d) hazard classification in the

Mandra town.
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491  Figure 10 illustrates representative scenarios and their associated impacts from each quadrant of the Storm
492  Variability Diagram. For each scenario, the following elements are presented: (a) cumulative rainfall
493  distribution; (b) time series of spatially averaged rainfall intensity alongside simulated hydrographs at key
494  locations; (¢) maps of maximum simulated water depths; and (d) final hazard classification maps for the city
495  centre of Mandra. The storm depicted in the Sy-TL quadrant produces markedly less intense impacts, both in
496  terms of simulated hydrographs and in the maps of maximum water depths and hazard classes, compared to
497  the other three quadrants, particularly those on the right side of the diagram, corresponding to the higher

498  temporal variability (Tx) region.
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500 Figure 11. Hydrological impacts: standardized flood volume and peak discharge computed for Agia Aikaterini cross

501 section (top), Soures (bottom).
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The relationship between the quadrants and hydrological impacts is summarized in Figure 11, which presents
combined boxplots and swarmplots of standardized Volume and Peak Discharge, separated by the four
quadrants of the Storm Variability Diagram. Results are shown for both the Agia Aikaterini (top) and Soures
(bottom) catchments. The most severe impacts are associated with storms characterized by low spatial
variability and high temporal variability (Si-Tu). These trends are similarly reflected in the hydrodynamic
impacts, which are summarized here in terms of flooded area extent, spatial average of maximum water depths,
and spatial average of the AIDR hazard class. Figure 12°s boxplots highlight a clear pattern of decreasing

median values and variability when moving from scenarios in the Sy-Tx quadrant toward those in the Sy-TL

quadrant.
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Figure 12. Hydrodynamic impacts in terms of standardized inundated area, spatial average of the maximum depths,
spatial average of AIDR hazard category. Significance test (T-test) applied to the Sy-Ty and S.-Ty yields p-values < 0.05

across all three impact variables confirming that the differences between the two clusters are statistically significant.

A comparison across the identified clusters yields three main insights.
Marked differences in variability are observed across the considered impact variables. Notably, among
hydrological metrics, peak discharge exhibits the highest variability, although this does not consistently
translate into proportional differences in hydrodynamic impacts. Moreover, there is a clear tendency for the
Su-Tw and Sy -Ty groups to be associated with above-average impacts, while the remaining two clusters

generally correspond to lower-impact scenarios. This distinction is statistically supported by the results of a
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significance test (T-test) applied to the Sy-Twx and Si.-Tw groups, yielding p-values < 0.05 across all three impact
variables. Furthermore, the Sy-Tx cluster is underrepresented, suggesting it may be either less frequent or less
relevant within the ensemble. Building on the previous findings, a simplified binary classification of the
scenarios is introduced, based on their standardized temporal variability (Tcv’): Scenarios with Tev’ < 1,
associated on average with less severe impacts; Scenarios with Tev’ > 1, associated on average with more
severe impacts. Focusing on hydrodynamic impacts, Figure 13 presents combined boxplots and swarmplots of
standardized impact metrics, grouped according to the two subsets: Tcv’ < 1 and Tev’ > 1. Within the two
subgroups, the distributions of the variables representing hydrodynamic impacts show minimally overlapping
interquartile ranges (IQRs) and clearly distinct median values. This distinction is further supported by the
results of a t-test, which yields p-values < 0.05 for all the impact metrics, confirming that the observed

differences between the two groups are statistically significant.
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Figure 13. Hydrodynamic impacts: standardized inundated area, spatial average of the maximum depths, spatial average
of AIDR hazard class. Significance test (T-test) applied to the Tcv’ <1 subset and 7cv™>1 subset yields p-values < 0.05

across all three impact variables confirming that the differences between the two clusters are statistically significant.
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4.4 Application of the Storm Variability Diagram for reducing uncertainty in impact-oriented
nowcasting

4.4.1 Ensemble based predicted hazard maps

From an operational, impact based-forecasting perspective, these findings suggest the potential to simplify the
representation of street-level flood hazard by defining only two representative maps, derived from the IQR of
the two Tcv’-based clusters. The first map, based on the IQR of scenarios with Tev’ < 1, is representative of a
medium-to-low impact scenarios, while the second, based on the IQR of scenarios with Tcv’ > 1, corresponds
to a medium-to-high impact scenario.

To evaluate how the uncertainty captured by the full ensemble compares with that of the two IQR-based
reference maps informed by the Storm Variability Diagram, Figure 14 illustrates the spatial distribution of the
dominant AIDR hazard class, i.e., the most frequently predicted class at each grid cell across the ensemble,
and its corresponding degree of dominance, expressed as the percentage of ensemble members agreeing on
that class. Dominance levels are categorized as Low (0—33%), Medium (33-67%), and High (67—-100%). The
comparison is shown for the full ensemble as well as for the two IQR-based scenario subsets (7cv’ < 1 and
Tev’ > 1).

A key finding is the significant increase in dominance when the ensemble is partitioned according to the Storm
Variability Diagram. The map for the entire ensemble (top right) shows predominantly moderate agreement,
indicating considerable uncertainty. Despite this difference in agreement, the resulting dominant hazard maps
(left panels) are remarkably similar, consistently identifying the paths of highest hazard (H5-H6).

The analysis of agreement levels between the real-case AIDR classification and (i) the full ensemble, (ii) IQR
subset IQR subset 7cv™>1 (higher impact storms), and (iii)) and 7cv’<l (lower-impact storms) reveals
meaningful differences in spatial agreement (Table 2).

Notably, the IQR subsets exhibit a substantially higher proportion of high agreement between simulations
compared to the full ensemble, which reflects the broader variability inherent in the entire stochastic set. This
implies that ensemble-based nowcasting can benefit from clustering based on the Storm Variability diagram to

reduce uncertainty and improve the reliability of impact predictions.
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Figure 14. Maps of the dominant AIDR hazard class (left) and corresponding agreement levels (right) for the full

ensemble (top), the IQR subset with Tev’ < 1 (center), and the IQR subset with 7cv’ > 1 (bottom). Black rectangles

highlight areas where both the dominant hazard level and its associated dominance vary depending on the scenario

subset, indicating transitions in predicted hazard class.

Agreement Total ensemble Tev’ <1 Tev’>1
Low 0.5% 0.0% 0.0%

Moderate 52.0% 16.1% 26.4%
High 47.5% 83.9% 73.6%

Table 2. Percentage of the spatial domain falling within each level of agreement in terms of AIDR flood hazard

classification and: (i) the full stochastic ensemble, (ii) IQR subset 7cv >1 (higher-impact scenarios), and Tcv'<1 (lower-

impact scenarios).

32



571

572

573

574

575

576

577

578

579

580

581

582

583

584

585

586

587

588

589

590

5901

592

593

594

595

596

4.4.2 Comparison between predicted hazard maps and real-based hazard patterns

The impacts simulated using the historical rainfall event were not included in Figs. 11-13, as those analyses
were explicitly designed to investigate ensemble-based impact distributions. This ensemble analysis
represented a necessary preliminary step to first elucidate the interpretative potential of the Storm Variability
Diagram and, subsequently, to introduce the operational tool represented by the hazard maps shown in Figure
14, based on only one metric (Tcv’), which constitute the core innovation of this work.

Once this ensemble-based framework was established, its operational consistency can be assessed by verifying
whether the expected impact scenarios inferred from rainfall structure is consistent with observed outcomes.
For this purpose, the historical event was introduced in this section not as a benchmark for model validation,
but as an independent reference to test the coherence of the proposed interpretation framework.

Specifically, Figure 14 represented the main operational output of the proposed methodology, showing that the
expected hazard pattern, characterised by reduced spatial variability, depends on the value of Tcv'. In this
context, the historical rainfall event was characterised by Tcv =1.16 and Tev' = 0.935. Our framework therefore
statistically favoured the Tcv’' < 1 ensemble scenario as the most plausible structural pattern for its impacts.
Accordingly, the following analysis aimed to demonstrate that the hazard map derived from the observed event
exhibited a higher degree of similarity with the ensemble-based hazard scenario expected for Tev' < 1 than
with alternative scenarios (Tcv' > 1).

The comparison is based on the Critical Success Index (CSI) and Hit Rate (HR), as defined in Egs. 9 and 10,
respectively. These metrics evaluate the spatial overlap between the hazard map resulting from the simulation

based on historical rainfall and each reference map, based on the IQR subsets.

_ Areal n Aref

€Sl = ————
Areal U Aref

)

_ Arealn Aref

HR = — — 7 (10)

Where Areal represents the area related to the simulation based on historical radar rainfall and Aref is the
ensemble-based reference.
Figure 15 presents the CSI and HR values for the AIDR hazard classes, derived from the comparison between

the output map from the simulation based on historical radar rainfall and the IQR mean maps corresponding
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to Tev’< 1 and Tev’'> 1, respectively. The IQR mean map for 7cv’< 1 consistently achieves higher CSI and
HR values across most hazard classes (H1 through H6). This is especially evident for H4, HS, and H6 (high
and very high hazard) in terms of both CSI and HR. These findings indicate a stronger alignment of the
observed scenario with the group of scenarios associated with expected low to medium impacts, consistently

with expectations based on the 7cv value of the observed event.
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Figure 15. Hit Rate and Critical Success Index as measure of overlapping of the areas belonging to the different AIDR
hazard classes. The output of the simulation based on historical radar rainfall is compared to the mean IQR of the Tev’ <1

(low to medium impacts expected) and to the mean IQR of the Tev’>1 (medium to high impacts expected)

5. Discussion

The results shown in this work offer a pathway to manage and reduce rainfall uncertainty in operational

nowcasting contexts. Herein we discuss the three research questions posed in the introduction, based on the
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key results derived from this perspective, we highlight their implications, while we outline the limitations and

future directions.

5.1 Uncertainty at the watershed and street scales: Comparing Hydrological and
Hydrodynamic Variability

Despite the stochastic generator's ability to reproduce the statistical properties and spatiotemporal correlations
of the historical rainfall event, the resulting ground-level impacts exhibit remarkable variability. This finding
has profound implications for flood forecasting: it demonstrates that statistical consistency at the
meteorological level does not guarantee predictable outcomes at the impact level. Two rainfall events with
identical statistical signatures can produce significantly different flooding scenarios. This disconnect between
meteorological similarity and impact diversity highlights a critical gap in current forecasting approaches that
rely heavily on return period estimates or statistical rainfall characteristics. The results suggest that the internal
structure and organization of rainfall events plays a decisive role in determining flood severity.

A primary finding of this study is the significant difference in the magnitude of variability observed between
the two scales of analysis: the watershed and the street scale. The analysis reveals that the hydrodynamic
response is substantially less variable than the hydrological response. While the flood hydrographs show a
considerable degree of uncertainty (with a CV up to 0.53), the final impact maps exhibit a much higher level
of stability (average CV around 0.25). This suggests that while the catchment's hydrological response is highly
sensitive to the rainfall's spatio-temporal structure, the subsequent propagation of runoff through the urban
fabric exerts a dominant stabilizing effect. The interaction of the flow with micro-topography (buildings, roads)
introduces diffusion and storage processes that lead to more consistent inundation patterns. This effect is
further amplified by the hazard classification logic: the discretization of continuous depth and velocity values
into a limited number of hazard classes acts as a final stabilizing step, making the impact map even more
robust. The key implication of this finding is that direct impact indicators, such as street level hazard, are
inherently less sensitive to rainfall organization and thus more suitable, for providing actionable, spatially
consistent guidance for warning system and emergency management compared to aggregated hydrological

metrics (like peak flow), which remain more sensitive to the initial rainfall variability.
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Finally, it is important to note that the synthetic events generated by anySim exhibit limited variability in total
rainfall volume across the ensemble (coefficient of variation < 10%), as a direct consequence of the stochastic
generation process aimed at reproducing the statistical properties of the observed event. This constrained
volume variability is intentional and reflects the framework's focus on exploring the impact of rainfall
spatiotemporal structure rather than total volume differences. For this reason, correlations between total rainfall
volume and hydrological/hydrodynamic response metrics are not pursued in this study. Such correlations
would be potentially misleading for two reasons: (i) volume differences are not a dominant source of variability
within the ensemble (CV < 10%), and (ii) several impact metrics (e.g., Vol _A, Qp_A) are evaluated at upstream
cross-sections where spatial organization of rainfall relative to the drainage network plays a more critical role
than basin-total volume. Future multi-event studies incorporating storms with wider volume ranges could

disentangle the relative contributions of volume versus structure to flood variability.

5.2 Linking Rainfall Structure and Hydrodynamic Impact

To understand which rainfall characteristics are the most influential to the severity of impacts, a correlation
analysis was conducted between a set of descriptive rainfall metrics and various impact indicators. Among all
the metrics analysed, spatial variability (Scv) and, even more clearly, temporal variability (7cv), showed the
most consistent, albeit moderate, correlations with the entire spectrum of impact metrics considered, both
hydrological and hydrodynamic.

Based on this observation, the "Storm Variability Diagram" was introduced as a tool to visually explore this
relationship. In the diagram, the axes represent the two variables (7cv and Scv) standardized by their mean
value calculated over the entire ensemble of 100 realizations. The purpose of this standardization is to make
the values dimensionless and comparable, and it naturally divides the diagram into four quadrants, depending
on whether the 7cv and Scv values for a given scenario are above or below the ensemble mean.

This quadrant-based division, while fundamentally statistical, also offers a potential framework for physical
interpretation (Aala et al., 2025). For instance, scenarios clustering in the Si-Ty quadrant defined by above-
average temporal and below-average spatial variability might be analogous to meteorological events
characterized by spatially focused bursts, such as isolated severe cells. Conversely, events in the opposite

quadrant could correspond to patterns resembling more extensive and steady rainfall, akin to stratiform
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systems. Framing the statistical results in this way provides a potential meteorological key to interpretation,
linking abstract variability metrics to a propensity for causing severe impacts, thereby adding a physically
intuitive layer to the underlying statistical evidence.

However, it is crucial to emphasize that the Storm Variability Diagram should not be interpreted as a
deterministic classification tool. Its purpose is not to assert that a storm with specific spatial (Scv) and temporal
(Tev) variability characteristics will necessarily produce an impact of a predetermined magnitude. Instead, the
diagram must be understood from a probabilistic perspective. The grouping based on the quadrants indicates
the higher or lower likelihood of observing ensemble realizations (and thus, flood scenarios) associated with a
particular risk condition. For instance, a storm falling into a specific quadrant does not guarantee a "high-risk"
outcome; rather, it signals that scenarios of severe impact are significantly more likely to be found within that

cluster compared to others.

5.3 Potential for forecasting/nowcasting applications

The most application-oriented result is the possibility of using the rainfall structure to contextualize forecast
uncertainty.

Identifying Tcv and Scv as the most influential predictors of impact variability provides a practical pathway to
link rainfall structure to expected impact categories. This enables forecasters to interpret rainfall ensemble
outputs not only in terms of cumulative depth or return period, but through physically meaningful descriptors
of temporal concentration and spatial coherence. These variables can be computed rapidly from forecast
rainfall fields, facilitating early, pre-simulation screening of scenarios likely to produce more severe impacts.
In particular, the analysis of the impact distribution within the quadrants of the Storm Variability Diagram
revealed that the separation along the temporal variability axis (7cv) was the clearest in discriminating between
events of medium to higher or medium to lower impact. This led directly to the binary classification that proved
effective in reducing prediction uncertainty. The binary classification of scenarios based on a 7cv threshold
value allowed for the grouping of simulations into two scenario-types with considerably higher internal spatial
consistency (up to 84% agreement), compared to that of the entire ensemble (48%), with a reduced variability.
This approach offers a practical methodology. Instead of relying on an ensemble of 100 simulations, a

forecaster could use the 7cv of a rainfall forecast to place it within one of the two classes and associate it with
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a pre-calculated hazard map. The verification performed using the observed radar data showed that the real
impact map corresponded to that of the group predicted by the characteristics of the observed rainfall. This
result supports the validity of the framework as a "proof-of-concept," suggesting a path to obtain rapid
estimates of potential impact that account for uncertainty, without the need to run the entire set of simulations
in real-time.

In previous work (Costabile et al., 2023), we showed that an impact-based flood warning system for Mandra,
based on short-term weather forecasts (up to 3 h) using radar data and detailed hydrodynamic simulations, is
feasible, assuming a computational cost of approximately 0.5 h. With the upgrade of our methodological
approach to incorporate stochastic rainfall fields, we estimate that an early warning system with a 2 h lead time

can be developed, provided that all equiprobable rainfall scenarios are simulated in parallel.

5.4 Study Limitations and Future Perspectives

A fundamental limitation of this study is its reliance on a single case study, the 2017 Mandra flash flood. We
acknowledge that the specific quantitative results may be intrinsically linked to the hydro-geomorphological
characteristics of the Mandra catchment and to the specific meteorological nature of the analysed storm.
Therefore, the findings presented should be interpreted as a detailed characterization for this specific event,
rather than universally applicable principles. Future research is essential to validate and generalize these
insights. The next logical step would be to apply the same framework to a diverse set of catchments with
different characteristics and to a variety of storm types to investigate how the relationships between rainfall
variability and flood impact change across different contexts. It should also be noted that the storm variability
diagram is inherently tied to the rainfall generator employed, and future studies should investigate the influence
of generator characteristics on the resulting outcomes, as well as the effect of the ensemble size on the results,
which herein was set to 100, due to the significant computational effort associated with using a larger sized
ensemble.

Moreover, the analysis focused solely on the uncertainty arising from the internal structure of the rainfall,
keeping other important sources of variability constant, such as the initial soil moisture conditions or the
hydrodynamic model parameters. In particular, the Green-Ampt infiltration scheme was maintained constant

across all scenarios to isolate the effects of rainfall variability from soil moisture uncertainty. While this
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prevents exploration of rainfall-infiltration interactions, it enables clear attribution of response variability to
storm structure. Future work could incorporate stochastic infiltration parameters, though this would require
additional validation data and significantly complicate interpretation. The framework’s modular structure
facilitates these enhancements without fundamental redesign. Alternative stochastic generators, infiltration

schemes, or impact metrics can be substituted while maintaining the core uncertainty quantification approach.

6. Conclusions

This study developed a Stochastic Rain-on-Grid framework that couples high-resolution stochastic rainfall
generation with 2D hydrodynamic modeling for assessing uncertainty in flash flood impact estimation and
forecasting. While individual components exist in literature, their integration for impact-oriented uncertainty
quantification represents a methodological advancement that bridges catchment-scale hydrological uncertainty
with urban hydrodynamic impact assessment. The potential of this framework has been demonstrated for the
2017 Mandra event, which serves not merely as a test case, but as a typical example of a complex, high-impact
flash flood in a piedmont urbanized area, whose features combine both mountain and urban flood processes.

In relation to the three research questions posed in the introduction, the overall analysis reveals several key

findings, each of which highlights practical potential for warning systems and emergency management

e Research question Q1: substantial variability emerges in hydrological response (CV values exceeding
0.50 for peak discharge) which systematically attenuates through the hydrodynamic model, yielding
more stable hazard classifications (average CV = 0.25). This hierarchical attenuation, occurring
through the transformation made in cascade at both watershed level and urban district level, suggests
that impact-based indicators are inherently more robust for operational warning systems than
traditional hydrological metrics. Importantly, these indicators should capture the full range of possible
outcomes rather than relying solely on deterministic hydrographs or return periods. Overall, these
findings emphasize that the spatio-temporal structure of rainfall is a critical factor for warning systems
and cannot be reduced to cumulative rainfall depth alone, highlighting the practical value of adopting
impact-based approaches in emergency management.

e Research question Q2: the analysis of various rainfall structure metrics revealed that spatial coefficient

of variation (Scv) and particularly temporal coefficient of variation (7cv) showed moderate but

39



744

745

746

747

748

749

750

751

752

753

754

755

756

757

758

759

760

761

762

763

764

765

766

767

768

769

770

771

consistent correlations with both hydrological and hydrodynamic impact indicators, providing
physically-based proxies for expected flood severity under equiprobable rainfall scenarios. Building
on the observed correlations between 7cv and Scv with impact severity, we developed the Storm
Variability Diagram, structured upon the no dimensional values of Tcv and Scv using their mean values,
that successfully statistically classifies equiprobable events by their expected impact magnitude.
Specifically, when scenarios were grouped according to the diagram’s quadrants, clear correlations
emerged between storm variability patterns and impact severity, thus enabling a pre-simulation
screening of scenarios likely to produce more severe impacts. While storm space—time structure
represents the primary driver of these differences, it is plausible that the small variability in total
rainfall volume within the ensemble may also exert a secondary influence on the results.

e Research question Q3: the interpretation of the Storm Variability Diagram as tool to provide
probabilistic relations between rainfall organization and characteristic hydrological and hydrodynamic
responses, potentially offer a practical pathway to reduce ensemble uncertainty in operational
nowcasting systems. Specifically, further binary classification based on standardized 7cv values
(Tev™>1 vs Tev’<l) enabled generation of distinct hazard maps with significantly greater spatial
agreement (up to 84% high agreement vs 48% for the full ensemble) and reduced uncertainty. The
framework's predictive capability was verified by demonstrating that the hazard map simulated using
the observed radar data corresponds to one of the two binary classification groups, in coherence with
the rainfall structure characteristics of the original radar observations. This consistency confirms the
diagram's ability to link rainfall structure to impact patterns and supports its potential for rapid
uncertainty assessment without computationally expensive full ensemble simulations.

In summary, this study establishes a proof-of-concept for an impact-oriented approach in managing rainfall
uncertainty. A main limitation is that the framework was demonstrated on a single flash-flood event, so its
quantitative findings may be specific to the hydro-geomorphological and meteorological characteristics of the
Mandra basin. Extending the analysis to multiple catchments and storm typologies is therefore essential to
assess generality. Similarly, integrating spatial variability of soil moisture, uncertainties in radar measurements,
and hydrodynamic modelling parameters into a multi-source uncertainty framework represents a natural next
step. Finally, assessing the operational use of the proposed classification scheme with rainfall forecasts will be
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important to evaluate its real-time nowcasting performance. These directions collectively support the

development of robust, computationally efficient, impact-based flash-flood forecasting systems.
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