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Zusammenfassung

Hochwässer gehören zu den am weitesten verbreiteten und zerstörerischsten Naturkata-

strophen, und es wird prognostiziert, dass ihr Risiko aufgrund sozioökonomischer und

klimatischer Veränderungen zunehmen wird, was eine wachsende globale Bedrohung

darstellt. Die Fähigkeit, Hoch- oder Extremhochwasser vorherzusehen, ist für eine wirk-

same Gefahrenabwehr unerlässlich. Ein entscheidender Aspekt zur Verbesserung der

Hochwasserrisikoanalyse liegt in einem verbesserten wissenschaftlichen Verständnisses

der Prozesse, die Überschwemmungen verursachen, insbesondere derjenigen, die mit

extremen Ereignissen verbunden sind. Das Verhalten von Hochwasserhäufigkeitsvertei-

lungen mit sogenannten „heavy tails“ – also endlastigen Verteilungen mit ausgeprägten

Randbereichen – ist ein wichtiger Hinweis auf die Wahrscheinlichkeit extremer Über-

schwemmungen. Das unterstreicht, wie wichtig es ist, solche Muster genau zu erkennen

und zuverlässig vorherzusagen.. Diese Dissertation zielt darauf ab, das Verständnis für

stark heavy-tail Abfluss- und Hochwasserverteilungen zu verbessern und gleichzeitig

neue Methoden für die Vorhersage und das Management extremer Hochwasserereignisse

in der Praxis einzuführen.

Die Dissertation ist in drei Hauptabschnitte gegliedert, zusammen mit einer Einlei-

tung und einem Schlusskapitel, das die wichtigsten Ergebnisse zusammenfasst und einen

Ausblick auf zukünftige Forschungsrichtungen gibt. Im ersten Abschnitt wird untersucht,

welche Rolle Verteilungen mit leichten und schweren Rändern bei der Schätzung von

Hochwasserquantilen spielen. Hierzu wird ein nicht-parametrischer Ansatz entwickelt,

der es ermöglicht, im Rahmen der metastatistischen Extremwerttheorie (MEV) zwischen

diesen Verteilungstypen zu unterscheiden und mithilfe des Tail-Ratio-Index die jeweils am

besten geeignete Verteilung für Abflussspitzen auszuwählen. Die vorgeschlagene Methode

wird anhand täglicher Abflusszeitreihen von 182 Pegeln in Deutschland getestet. Für

die Mehrheit der analysierten Einzugsgebiete konnte eine eindeutig geeignete Verteilung

identifiziert werden, die zudem gegenüber Änderungen in den zugrunde liegenden Daten

robust ist. Eine passende Verteilungsauswahl verbessert sowohl die Schätzung häufiger

als auch seltener Hochwasserereignisse im Vergleich zu einem Ansatz, bei dem in allen

Gebieten dieselbe Verteilungsfunktion verwendet wird. Schließlich zeigt die Studie, dass

die entwickelte Methode im Vergleich zur Anwendung der verallgemeinerten Extremwert-

verteilung (GEV), die als Standard in der Hochwasserstatistik gilt, deutlich geringere

Unsicherheiten bei der Schätzung hoher Hochwasserquantile aufweist. Die Ergebnisse

dieser Studie tragen dazu bei, sowohl die Unterschätzung als auch die Überschätzung

seltener Hochwasser zu minimieren, und verbessern damit unsere Fähigkeit, die von

seltenen hydrologischen Extremereignissen ausgehenden Gefahren genau zu bewerten.



Im zweiten Teil dieser Dissertation werden Kenntnisse über Abflussbildungspro-

zesse bei Hochwasserereignissen mit der metastatistischen Extremwerttheorie (MEV)

verknüpft. Diese Theorie nutzt Informationen aus gewöhnlichen Ereignissen, um Rück-

schlüsse auf das Ausmaß und die Häufigkeit extremer Hochwasser zu ziehen. Die Studie

konzentriert sich auf Flusseinzugsgebiete, in denen ein Sprung in der Hochwasserwahr-

scheinlichkeitskurve zu beobachten ist – ein Verhalten, das mit herkömmlichen Methoden

der Hochwasserstatistik nur schwer abgebildet werden kann. Die Ergebnisse zeigen, dass

in diesen Einzugsgebieten Hochwasser aus unterschiedlichen Abflusserzeugungsprozessen

resultieren, wobei mindestens einer dieser Prozesse eine endlastige Verteilung aufweist.

Die vorgeschlagene Methode ist in der Lage, solche ungewöhnlichen Hochwasserwahr-

scheinlichkeitskurven realitätsnah zu reproduzieren. Diese Erkenntnisse liefern neue

Einblicke in die Entstehung sogenannter Hochwasserscheiden und bieten eine Metho-

dik zur verbesserten Schätzung von Hochwasserquantilen in besonders risikobehafteten

Fällen.

Der dritte Abschnitt dieser Dissertation befasst sich mit den Herausforderungen

bei der Identifizierung von nicht-stationärem Verhalten in der Hochwasserstatistik, ins-

besondere bei kurzen Datensätzen. Ansätze der metastatistischen Extremwerttheorie

(SMEV), die auch gewöhnliche Hochwasserereignisse in die Hochwasserstatistik einbe-

ziehen – anstatt sich ausschließlich auf Extremereignisse zu stützen – bieten potenziell

Vorteile bei der Analyse nicht-stationären Verhaltens. Dennoch wurde dieser Aspekt

bisher kaum untersucht. Diese Studie analysiert das Potenzial des nicht-stationären

SMEV-Modells. Die vorgeschlagene Methode wird anhand täglicher Abflusszeitreihen

von 19 Pegeln in Deutschland getestet, die alle ein nicht-stationäres Verhalten aufweisen.

Als Referenz dienen asymptotische, GEV-basierte Modelle, die in der nicht-stationären

Hochwasseranalyse weit verbreitet sind und auf der klassischen Extremwerttheorie (EVT)

beruhen. Sowohl die SMEV- als auch die GEV-Modelle enthalten eine zeitliche Kovaria-

te, sodass ihre Parameter im Verlauf der Zeit linear variieren können. Die Ergebnisse

zeigen, dass GEV-basierte Modelle dazu neigen, Hochwasserquantile zu unterschätzen –

insbesondere bei Wiederkehrperioden von über 10 Jahren – und eine höhere Schätzver-

zerrung aufweisen. Im Gegensatz dazu liefern SMEV-basierte Modelle für diese längeren

Wiederkehrperioden genauere Quantilschätzungen und weisen geringere Unsicherheiten

auf. Diese Ergebnisse zeigen, dass SMEV-basierte Modelle die nicht-stationäre Hochwas-

serhäufigkeitsanalyse verbessern können, was sie zu einem wertvollen Instrument für die

Hochwasserrisikobewertung unter sich ändernden hydrologischen Bedingungen macht.

Die Ergebnisse dieser Studie leisten einen Beitrag zu einer verbesserten und robusteren

Schätzung extremer Hochwasser in Gebieten mit endlastigen Hochwasserverteilungen.

Die vorgeschlagenen Methoden zeigen sich insbesondere als robust gegenüber begrenzten

Datenreihen – einer häufigen Herausforderung in der Hochwasseranalyse – und erhöhen

dadurch ihre Anwendbarkeit auch in Regionen mit unterschiedlichen hydroklimatischen

Bedingungen. Diese Ergebnisse eröffnen zahlreiche Anwendungsmöglichkeiten in der

Hochwasserrisikoanalyse und im Ingenieurwesen, darunter Richtlinien für die Ermittlung

von Hochwasserhäufigkeiten, die Modellierung extremer Hochwasser, die multivariate

Analyse von Hochwassergefahren, die Erforschung komplexer nichtstationärer Muster
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und die Bewertung der Auswirkungen des Klimawandels. Darüber hinaus liefert diese

Forschung wertvolle Erkenntnisse für ein effektiveres Hochwasserrisikomanagement in

einem sich verändernden Klima.

Schlüsselwörter: Schätzung der Hochwasserhäufigkeit, metastatistische Extremwert-

verteilung, Schwanzeigenschaften, Hochwasserverteilung, Heavy-Tailed-Verteilung, Flus-

serzeugungsprozess, Extremwertstatistik,
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Abstract

River floods are among the most widespread and destructive natural disasters, with

their risk projected to increase due to socioeconomic and climate changes, posing a

growing global threat. The ability to anticipate high or extreme floods is essential for

effective hazard mitigation. A crucial aspect of improving flood risk analysis lies in

deepening scientific understanding of the mechanisms driving floods, particularly those

associated with extreme events. Heavy-tailed behavior in flood frequency distributions

serves as a key indicator of extreme flood likelihood, emphasizing the need for accurate

identification and prediction of such patterns. This dissertation aims to advance the

understanding of heavy-tailed streamflow and flood distributions while introducing novel

methods for predicting and managing extreme flood events in practical applications.

The dissertation is structured into three main sections, along with an introduction

and a concluding chapter that summarizes key findings and provides an outlook on

future research directions. The first section investigates the role of light and heavy-tailed

streamflow distributions in high flood quantile estimation. A non-parametric approach

is developed to select the most suitable distribution of ordinary peaks, distinguishing

between light-tailed and heavy-tailed distributions within the Metastatistical Extreme

Value (MEV) framework. The proposed method is tested using daily streamflow time

series from 182 streamflow gauges in Germany. The approach accurately identifies the

most suitable ordinary distribution in the majority of analyzed basins and is robust

to changes of the considered dataset. The study reveals that the preliminary selection

of the ordinary distribution, based on the tail ratio index, improves the estimation of

both frequent and rare floods compared to MEV applied with a single, non-tailored

distribution. Finally, a comparison between the developed methodology and the standard

Generalized Extreme Value (GEV) distribution demonstrates its effectiveness in reducing

estimation uncertainty for high flood quantiles. The findings of this study contribute to

minimizing both underestimation and overestimation of rare floods, thereby enhancing

our ability to accurately assess the hazards posed by infrequent hydrological events.

In the second section of this dissertation, knowledge of runoff-generation mechanisms

across different events is combined with a statistical method that utilizes information

from ordinary events to infer the magnitude and frequency of floods. First, river basins

exhibiting a sharp increase in the magnitude of rare floods (i.e., a flood divide in

their empirical flood magnitude-frequency curve), are identified within a large set of

catchments. Then, a statistical approach that accounts for different runoff-generation

processes is applied to predict the magnitude and frequency of extraordinarily high floods.

The findings reveal that in catchments with a flood divide, ordinary peaks originate from



different runoff-generation processes, with at least one process exhibiting heavy-tailed

behavior. By accounting for these distinct tail behaviors, the proposed method is able to

reproduce flood-frequency curves in catchments exhibiting a flood divide. These results

provide new insights into the origins of flood divides and establish a methodology to

improve high flood quantile estimation in these high-risk cases.

The third section of this dissertation addresses the challenges of identifying non-

stationary behavior in flood frequency analysis, particularly due to limited data records.

The application of the non-asymptotic SMEV approach in non-stationary flood frequency

analysis has been limited to date. This study explores the potential of the non-stationary

SMEV model, which incorporates ordinary events rather than relying solely on extreme

events, to improve flood quantile estimation in non-stationary contexts. The proposed

method is tested using daily streamflow time series from 19 streamflow gauges in Germany,

all of which exhibit non-stationary behavior. As a benchmark, asymptotic GEV-based

models are employed, as they are widely used in non-stationary flood frequency analysis

and rely on Extreme Value Theory (EVT). Both non-stationary SMEV and GEV models

incorporate a temporal covariate (time), allowing their parameters to vary linearly over

time. The performance assessment reveals that GEV-based models tend to underestimate

flood quantiles and exhibit greater bias when estimating quantiles for return periods

exceeding 10 years. In contrast, SMEV-based models demonstrate higher accuracy and

lower uncertainty for these longer return periods. However, non-stationary GEV-based

models show high variability in uncertainty, raising concerns about their reliability in

predicting extreme floods. These results highlight that SMEV-based models can enhance

non-stationary flood frequency analysis by improving accuracy and reducing uncertainty,

making them a valuable tool for flood risk assessment in changing hydrological conditions.

The findings of this study significantly contribute to our understanding of the

mechanisms driving heavy-tailed flood behavior while introducing a robust approach for

predicting extreme floods. This method reduces sensitivity to limited data, a common

challenge in flood analysis, and improves its applicability across regions with diverse

hydroclimatic conditions. These outcomes open the door to numerous applications in

disaster risk research and engineering, including flood frequency guidelines, modeling of

extreme floods, multivariate flood hazard analysis, exploration of complex non-stationary

patterns, and assessments of climate change-related impacts. Furthermore, this research

provides valuable insights for environmental sustainability, supporting more effective

flood risk management in a changing climate.

Keywords: Flood frequency estimation, Metastatistical extreme value distribution,

Tail properties, Flood divide, Heavy-Tailed distribution, Flow Generation Process,

Extreme value statistics
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1.1 Extreme Value Theory

in extreme event analysis and is widely applied in engineering regulations for mitigation and

adaptation measures. Water infrastructure is designed to withstand events corresponding

to specific return periods. For example, the design discharge for emergency spillways

of concrete dams is typically based on T = 1000 years, while for earth-fill dams, it is

around T = 3000 years. Similarly, levees are designed for T ≈ 200 years, while bridge

piers correspond to T ≈ 100 years. However, these return periods far exceed the length of

available observational records, which typically span only a few decades, with rare cases

reaching 100 years or more. This discrepancy introduces substantial uncertainty in the

estimation of extreme events. Since the design variable to be estimated often has a return

period significantly longer than the available time series, extreme value estimation becomes

an extrapolation exercise beyond the observed range. If one empirically assigns a return

period higher or equal to the series length for the maximum recorded value, the result is an

uncertain and unreliable extrapolation. As a result, statistical modeling becomes essential

to bridge the gap between limited observations and the extreme events of interest. The key

challenge lies in selecting a statistical model that can accurately capture the tail behavior

and provide robust estimates of rare events.

Flood frequency analysis is typically performed using classical extreme value theory, which

involves fitting a statistical distribution to either annual maxima (e.g., Cunnane, 1973;

Villarini and Smith, 2010; Seckin et al., 2011) or a few values exceeding a threshold (i.e., the

Peak Over Threshold (POT) approach (Davison & Smith, 1990). These methods allow for

upper tail inference of a distribution without requiring complete knowledge of the underlying

stochastic process. However, these approaches discard most of the information contained in

the bulk of runoff events ( Tarasova, Basso, Wendi, et al., 2020), often leading to estimations

affected by large uncertainty (Miniussi et al., 2020). This limitation underscores the need for

robust methods that effectively incorporate additional hydrological information to improve

the accuracy of extreme flood quantile estimation.

1.1 Extreme Value Theory

1.1.1 A brief history of extreme value analysis

The statistical analysis of extreme values originated with the pioneering paper of Fisher

and Tippett (1928), in which the extreme value theorem was first introduced, and the three

fundamental limiting distributions were defined. Gnedenko (1943) later proved the theorem

in its general form, and established the foundation for further developments in asymptotic

theory. Subsequent contributions refined theoretical results, improving the understanding

of convergence rates to the asymptotic distributions across a broad range of distribution

functions. Notably, E. J. Gumbel (1958) applied extreme value methods to floods and

drought modeling, and played a pivotal role in raising the awareness among hydrologists

and engineering practitioners about heavy tailed distributions. A major advancement in

extreme value analysis occurred with the development of the Peak Over Threshold (POT)

method by Balkema and De Haan (1974) and Pickands (1975), which had a profound

impact on hydrological applications.
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In the last two decades EV analysis has seen a widening range of applications in diverse fields

such as insurance, engineering design, finance, environmental and urban planning, where

the traditional modelling based on light tails was proved to fail in several circumstances.

The main question remains which of the three limiting distributions should be used to

model a given data set, yet some authors proposed different approaches to tackle the

problem. Recently Cook and Harris (2004) pointed out that relying on asymptotic models

is unnecessary and often may lead to significant errors in high quantile estimation.

1.1.2 Classical Extreme Value Theory

Traditional Extreme Value Theory (EVT) defines extremes as block maxima—that is, the

maximum value, x, observed among all “ordinary” values xi (i = 1, 2, 3, . . . , n) that occurred

within a specified time block, usually taken as 1 year. EVT assumes that the number of

ordinary events in each block are independent and identically distributed (i.i.d.). Under

this assumption, the cumulative distribution of block maxima is given by:

Hn(x) = [F (x)]n. In this framework, the probability that the block maximum exceeds

a specified value x in each year is: p = 1 − Hn(x). This probability is used to define the

return period T as: T = 1
p

= 1
1−Hn(x) . The return period T of a given event magnitude x is

a fundamental concept in extreme value analysis, representing the average time between

two successive exceedances of x (please see Volpi et al., 2015, for a detailed discussion on

different definitions of T ).

According to the Three Types Theorem (Fisher and Tippett, 1928; Gnedenko, 1943; Gumbel,

2004), there are only three types of non-degenerate extreme value distributions: 1) Frechet

distribution 2) Gumbel distribution and 3) Reverse-Weibull distribution. These three

limiting distributions are unified within the Generalized Extreme Value (GEV) distribution

( Coles, 2001), with their classification depending on the value of its shape parameter.

F (y; θ) = F (y; ξ, α, κ) =











exp

(

−
[

1 + κ
(y−ξ)

α

]
1

−κ

)

, κ ̸= 0,

exp
(

− exp
(

− (y−ξ)
α

))

, κ = 0.

(1.1)

The parameter vector θ comprises κ, α, and ξ, representing the shape, scale, and location

parameters, respectively. The shape parameter κ determines the tail behavior of the distri-

bution, classifying the Generalized Extreme Value (GEV) into three subfamilies: Extreme

Value (EV) type I distribution when κ = 0; EV type II when κ > 0 (indicating heavy-tailed

behavior); and EV type III when κ < 0 (indicating an upper-bounded distribution).

Traditional Extreme Value Theory (EVT) offers a well-defined theoretical framework

through the Generalized Extreme Value (GEV) distribution, but its strict assumptions,

such as the justification for assuming a large number of events per year (ideally tending

to infinity), limit its practical applicability. Which makes it impossible in practice to

detect whether the actual distribution of extremes is close to an asymptotic Generalized

Extreme Value form (see for example Cook and Harris (2004); Koutsoyiannis (2004a)).

These constraints make it difficult to determine whether extreme value distributions exhibit

heavy tails, leading to significant theoretical and practical challenges. Similarly, the Peak

Over Threshold (POT) approach relies on strict asymptotic assumptions and requires
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careful threshold selection, often making it ineffective in practice. Additionally, both EVT

and POT do not make good use of the available information and consider only a small

fraction of available observations (annual maxima or a few values over a high threshold)

data, missing opportunities to optimize quantile estimation uncertainty. This limitation

is particularly problematic in non-stationary processes, where understanding variations in

extreme values over time is crucial. To address these issues, Marani and Ignaccolo (2015)

introduced the Metastatistical Extreme Value Distribution (MEVD), which leverages all

available data to construct the distribution of yearly maxima from the distribution of

ordinary values. The MEVD has been primarily applied to rainfall (Zorzetto et al., 2016;

Marra et al., 2018), where it has been shown to significantly reduce estimation uncertainty

compared to traditional approaches. This improvement is particularly notable for return

periods longer than the sample size used for distribution estimation.

To address these issues, Marani and Ignaccolo (2015) introduced the Metastatistical

Extreme Value Distribution (MEVD), which leverages all available data to construct the

distribution of yearly maxima from the distribution of ordinary values. The MEVD has

been primarily applied to rainfall (Zorzetto et al., 2016; Marra et al., 2018; Zorzetto and

Marani, 2019), where it has been shown to significantly reduce estimation uncertainty

compared to traditional approaches.

1.1.3 The Metastatistical Extreme Value Distribution (MEVD)

Recently, developments in extreme value statistics and novel theoretical approaches to

appraise extreme events have proposed estimating the maxima by leveraging the information

content of the full distribution of ordinary events (Basso et al., 2016 ; M. Marani and

Ignaccolo, 2015), thus making more effective use of the available data. In particular, the

Metastatistical Extreme Value (MEV) distribution (M. Marani and Ignaccolo, 2015; E.

Zorzetto et al., 2016) postulates that extremes emerge from the set of ordinary peaks (i.e.,

all the independent values, not annual maxima or peak-over-threshold values), which are

characterized by means of suitably selected probability distributions.

The MEVD approach considers both the distribution describing the ordinary values,

denoted by F (x; θj), and the number of occurrences in each year, n, as random variables.

The MEVD assumes that ordinary events are independent and expresses the probability

that a yearly maximum is smaller than or equal to a specified value x as follows (Miniussi

et al., 2020):

ζ(x) =
∞

∑

n=1

∫

Ω
θ⃗

[

F (x; θ⃗)
]n

g(n, θ⃗) dθ⃗ (1.2)

where g(n, θ) is the joint probability distribution of the random variables N and Θ

(discrete in n and continuous in θ) and ΩΘ is the population of the parameter values. An

approximation of the ensemble average can be obtained by computing the sample mean

over the entire historical series (M), resulting in

ζMEVD(x) =
1

M

M
∑

j=1

|F (x, θj)|nj (1.3)
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where F (x; θj) is the cumulative distribution of ordinary values. j denotes the year

index in the MEVD framework, and nj is the number of events in year j. M is the number

of the years in historical period.

Theoretically, MEVD can account for the inter-annual variability of the ordinary

distribution as well (for a detailed discussion on the topic, we refer to Miniussi and

Marani (2020)). However, as the number of independent ordinary events (peaks) available

in observed streamflow series is typically limited, the advantages—such as robust parameter

estimation and uncertainty reduction—of considering the whole sample for fitting the

parameters of the ordinary distribution outweigh those obtained from the use of yearly

varying parameters (Miniussi et al., 2020).

This dissertation aims to address the challenges related to understanding and quantifying

flood tail behavior in flood frequency analysis, as well as to improve the modeling of extreme

floods. The thesis is structured around three major topics: (i) reliable detection and

prediction of light- and heavy-tailed flood distributions using the Modified Extreme Value

(MEV) distribution, (ii) influence of heterogeneous flow generation processes on extreme

flood estimations, and (iii) non-stationary flood frequency analysis using the MEV approach.

1.2 Challenges and Research Prospects

Drawing from an extensive literature review, the challenges and opportunities in under-

standing the flood tail behavior and predicting extreme floods are outlined into three key

main areas:

1. Reliable detection and prediction of light and heavy-tailed flood distribu-

tions:

A major challenge in flood frequency analysis lies in addressing the uncertainty

associated with estimating heavy-tailed flood behavior, primarily due to the scarcity

of accessible, long-term hydrological data. The importance of upper-tail behavior in

describing extreme events has been highlighted by numerous studies (e.g., Smith et

al., 2018; Wietzke et al., 2020). To investigate tail properties, previous studies have

utilized various graphical methods, including the generalized Hill ratio plot, log-log

plot (also known as the tail probability plot), and the mean excess function (El Adlouni

et al., 2008). However, these graphical methods are inherently subjective, as they rely

on visual interpretation and are not well-suited for analyzing large datasets. These

limitations highlight the need for robust and objective methods (B. I. Cook et al.,

2004). Recent efforts have been made to address this issue. For example, Nerantzaki

and Papalexious (2019) developed an automated procedure for applying the mean

excess function to investigate tail properties of precipitation on a global scale. Wietzke

et al. (2020) conducted a detailed inter-comparison of various upper-tail indicators to

identify the most appropriate method. Their study considered the shape parameter of

the GEV distribution, the Gini Index (Eliazar and Sokolov, 2010), the obesity index

(Cooke and Nieboer, 2011), and the upper-tail ratio (Smith et al., 2018). Their findings

suggest that the GEV shape parameter is the most suitable indicator for distinguishing

between different tail behaviors. However, this indicator has the drawback of being
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parametric, meaning it requires a prior assumption of a distribution and fitting it to a

sample of maxima, which introduces notable uncertainties (Basso et al., 2021). To

address these uncertainties and improve the reliability of extreme flood estimations,

developing robust, non-parametric approaches capable of objectively characterizing

upper-tail behavior remains a significant challenge in hydrological research.

2. Influence of heterogeneous flow generation processes on extreme flood

estimations:

Understanding the impact of diverse flow generation processes on flood estimates

remains a significant challenge in hydrology. The inherent complexity of these processes

introduces substantial variability in the prediction of extreme floods (Merz and Blöschl

2003; Blöschl et., 2015), underscoring the need for innovative methodologies to enhance

the accuracy of flood quantile estimations. This challenge is particularly pronounced

when a small number of extreme events dominate observed flood records in terms

of magnitude (Smith et al., 2018). These occurrences are evident in flood-frequency

curves as a marked increase in the magnitude of rare events, a phenomenon recently

termed "flood divides" (Basso et al., 2023). The emergence of flood divides has often

been attributed to data scarcity, which hampers the effective characterization of the

tail of flood distributions (e.g., Miniussi et al., 2023). However, previous research

has also linked flood divides to nonlinear catchment responses, arising from unique

physioclimatic characteristics of river basins (Rogger et al., 2012; Basso et al.,2023)

and from the presence of multiple runoff-generation mechanisms within a catchment

(Yu et al., 2022; Merz et al., 2022). Runoff events and subsequent floods may be

triggered by various processes, including rainfall on dry or saturated soils, snowmelt,

or a combination of these factors (Hirschboeck, 1987b; Villarini and Smith, 2010;

Sikorska et al., 2015). Traditional flood magnitude-frequency analysis often proves

inadequate for handling the heterogeneity of flood records, particularly when flood

events differ significantly, leading to the manifestation of flood divides ( Hirschboeck,

1987a). Mixed extreme value distributions have been proposed as a potential solution

for such cases. However, these methods face challenges due to the limited availability

of extreme flood observations, which introduces significant estimation uncertainty

(Alila and Mtiraoui, 2002; Barth et al., 2019 ; Waylen and Woo, 1982). Therefore,

there is a critical need to develop and implement innovative methodologies to improve

the reliability and accuracy of flood quantile estimations.

3. Challenges in reliable detection of non-stationarity in flood frequency

analysis:

Traditional flood frequency analysis assumes a stationary hydrological process (Seckin

et al., 2011; Villarini et al., 2009), failing to account for climate variability and human-

induced changes that alter hydrological regimes. Stationary Flood Frequency Analysis

(S-FFA) assumes that the statistical properties of extreme discharges (e.g., mean and

variance) remain constant over time, relying on a time-invariant distribution ( Haktanir

et al., 2013; (Morrison and Smith, 2002). The widely used Generalized Extreme Value

(GEV) distribution, based on Extreme Value Theory (EVT), assumes an infinite number

7



1. Introduction

of events per block, making it unsuitable for limited hydrometeorological datasets and

leading to significant uncertainty in flood quantile estimation. Traditional methods

focus primarily on extreme events, neglecting valuable information from ordinary

runoff events, which further amplifies predictive errors and estimation uncertainties

(Miniussi et al., 2020; Vidrio-Sahagún and He, 2022). While non-stationary methods

attempt to address hydrological variability, their reliance on asymptotic assumptions

introduces additional challenges, particularly when long-term hydrological data are

scarce, limiting their ability to capture temporal variations in flood distributions

effectively. Non-asymptotic approaches, such as the Metastatistical Extreme Value

(MEV) distribution, offer a promising alternative by utilizing data more efficiently

and reducing uncertainty (Miniussi et al., 2020). However, their application within a

non-stationary framework remains limited. These challenges highlight the need for

innovative methods that enhance accuracy and practicality in non-stationary flood

frequency analysis, ensuring reliable predictions for effective flood risk management.

Developing an adaptable and robust analytical framework is essential for overcoming

these limitations and improving flood hazard assessments in a changing climate.

1.3 Research objectives and dissertation structure

This research aims to address the challenges in extreme flood estimation, as outlined

in Section 1.2. Specifically, Chapter 2 introduces a robust methodology for selecting

the most suitable ordinary distribution within the Metastatistical Extreme Value (MEV)

framework, ensuring improved reliability and accuracy in extreme value analysis. Chapter

3 presents an innovative approach for predicting extraordinarily high floods resulting from

heterogeneous flow generation processes, addressing the complexities associated with diverse

hydrological conditions. Chapter 4 explores non-stationary hydrological frequency analysis

by implementing the Simplified Metastatistical Extreme Value (SMEV) distribution to

effectively analyze and account for non-stationary hydrological conditions. Through these

contributions, this research aims to advance both theoretical and practical understanding

of extreme flood estimation under stationary and non-stationary conditions. The three

chapters address different aspects of the topic by employing diverse methodologies and

datasets, ensuring a comprehensive analysis of the specific issues posed in each chapter. Each

chapter is preceded by a detailed literature review focused on its specific topic, discussing

the state of the art and identifying research gaps. Based on this, each chapter formulates

distinct research questions, which are explored in detail as follows:

Challenge 1: A method for selecting the optimal ordinary distribution within

the Metastatistical Extreme Value Framework (Chapter 2) :

• How does the tail behavior of a distribution influence the reliability of extreme flood

estimations?

• How can light-tailed and heavy-tailed distributions be distinguished within the Metas-

tatistical Extreme Value framework?
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• Can the development of a non-parametric index lead to more reliable estimation of

flood tail behavior across diverse catchments?

Challenge 2: Modeling of extraordinarily high floods driven by heterogeneous

flow generation processes (Chapter 3):

• How do heterogeneous flow generation processes contribute to the occurrence of

extraordinarily high floods?

• How do multiple runoff-generation processes influence the tail behavior of flood

distributions?

• How does integrating multiple runoff-generation processes within the mixed-SMEV

framework enhance the accuracy of flood estimation in river basins with a flood divide?

Challenge 3: Non-Stationary flood frequency analysis by using the Simplified

Metastatistical Extreme Value Framework (Chapter 4):

• How does non-stationarity in hydrological systems affect the accuracy of flood quantile

estimation?

• How can we effectively evaluate prediction uncertainty across different return periods?

• How effective is the proposed framework in capturing temporal variations and improving

flood risk predictions under changing climatic?

These refined challenges and research questions provide a clearer and more comprehensive

direction for addressing critical issues in flood estimation studies. Individual results, discus-

sions, and chapter conclusions corresponding to these focus areas are presented directly

within each chapter. This dissertation concludes with a discussion on the potential applica-

tions and future research directions for predicting extreme floods within the Metastatistical

Extreme Value (MEV) framework, aiming to enhance hazard prediction and prevention

efforts.
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2
A method for selecting the optimal

ordinary distribution within the

Metastatistical Extreme Value Framework

Floods are a major global hazard, causing extensive damage and significant loss of human life

across the world (UNISDR, 2015). Between 1980 and 2009, floods claimed over half a million

lives and affected approximately 2.8 billion people worldwide (Doocy et al., 2013). In Germany,

severe flood events, such as those in June 2013 and July 2021, resulted in widespread devastation.

The 2021 floods alone affected more than 40,000 people and caused 184 fatalities, primarily due

to extreme precipitation (Fekete and Sandholz, 2021). The economic impacts of such events have

been substantial, with damages ranging from several billion euros in 2002 (Thieken et al., 2005) to

over 30 billion euros in 2021 (Deutsche Welle, 2021). Consequently, a reliable assessment of natural

hazards underlying these disasters is critical for enhancing societal preparedness. In particular,

accurate estimation of flood magnitude and frequency is essential for the design and management

of engineering and hydraulic structures, which serve as an essential tools in reducing damage and

protecting a wide range of social and economic activities (Eash, 1997, Blöschl et al., 2013, Macdonald

et al., 2006).

Flood frequency analysis is usually performed, according to the classical extreme value theory,

by fitting a distribution on either annual maxima (e.g., Cunnane, 1973, Villarin and Smith, 2010,

Seckin et al., 2011) or a few values over a high threshold (i.e., the Peak Over Threshold approach;

Davison and Smith, 1990) Commonly used distributions are Gumbel, Log-Normal, Pearson Type

III, Gamma, Log-Pearson and GEV (Bobee et al., 1993, Morrison and Smith, 2002, Haktanir et al.,

2013). The possibility given by these approaches of inferring the upper tail of a distribution without

knowing the whole stochastic underlying process is appealing and was necessary in time periods

when only annual maxima were recorded. However, these approaches discard most of the information

contained in the bulk of runoff events Tarasova, Basso, and Merz, 2020, thus typically providing
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estimations affected by large uncertainty (Miniussi et al., 2020). The limitations of traditional

extreme value approaches have been highlighted by several studies (e.g., Klemes, 1974, Iliopoulou

and Koutsoyiannis, 2019, Lombardo et al., 2019). Among others, Hu et al. (2020) found that the

estimation of shape parameter of the GEV distribution (which chiefly controls its tail, i.e., the part of

the distribution which describes rare events) is very sensitive to the sampling of flow data and highly

affected by the length of the available time series. This problem can lead to huge uncertainty for the

estimation of low-frequency quantiles, thus prohibiting the GEV to be a competitive candidate for

the calculation of at-site flood statistics when only short observational series are available (Renard

et al., 2013), as it occurs in large parts of the world d (Müller and Thompson, 2016).

Recently, developments in extreme value statistics and novel theoretical approaches to appraise

extreme discharges have proposed to estimate maxima by leveraging the information content of the

full distribution of events (e.g., M. Marani and Ignaccolo, 2015, Basso et al., 2016), thus making

more effective use of the available data. In particular, the Metastatistical extreme value (MEV)

distribution (M. Marani and Ignaccolo, 2015; E. Zorzetto et al., 2016) postulates that extremes

emerge from the set of ordinary peaks (i.e., all the independent values, not annual maxima or peak

over threshold values), which are characterized by means of suitably selected probability distributions.

The flexibility of MEV for the choice of the underlying distribution of ordinary events expressly

allows for selecting the statistical model which better represents the upper tail of the distribution, a

pivotal feature for achieving a correct characterization of extreme events.

The importance of the upper tail behaviour of a distribution for the description of extremes is

further highlighted by the number of past and recent studies dealing with the subject (e.g., Smith et

al., 2018; Wietzke et al., 2020. To investigate the tail properties, previous studies employed different

graphical methods, including the generalized Hill ratio plot, log-log plot (also called tail probability

plot), and the mean excess function (El Adlouni et al., 2008).These graphical methods, being based

on visual interpretation, lack objectivity and cannot be easily implemented when analyzing large

datasets. These drawbacks call for the development of robust and objective methods (B. I. Cook

et al., 2004). Recent attempts towards this direction have been done. For example, Nerantzaki

and Papalexious (2019) developed an automated procedure for the application of the mean excess

function to investigate the tail properties of precipitation at the global scale. Wietzke et al., 2020

made a detailed inter-comparison of different upper tail indicators with the aim of indicating the

most appropriate method. They considered the shape parameter of the GEV distribution, the Gini

Index (Eliazar and Sokolov, 2010), the obesity index (Cooke and Nieboer, 2011) and the upper

tail ratio (Smith et al., 2018). Their findings eventually suggest that the GEV shape parameter is

the most suitable indicator for distinguishing between different tail behaviors. This indicator has

however the drawback of being parametric, i.e., it requires the prior assumption of a distribution

and it’s fitting to the sample of maxima, which entails notable uncertainties (Basso et al., 2021).

In this work, I leverage the flexibility of MEV in seeking for the optimal distribution of ordinary

events, and develop a methodology that enables selection ex ante of the best fitting ordinary peaks

distribution. Related benefits for the estimation of flood quantiles are then evaluated. I thus intend

to provide indications on how to suitably apply the MEV framework for the prediction of hydrologic

extremes. The chapter is organized as follows: in Section 2.2.1, we describe the data and the

methodology used in this study; Section 2.2.2 and 2.2.3 displays and discusses the results, which are

finally summarized in Section 2.3.
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2.1.2 The Metastatistical extreme value (MEV) distribution

2.1.2.1 Theoretical framework

In the present work I adopt a recently developed extreme value approach, the Metastatistical

extreme value (MEV) distribution (M. Marani and Ignaccolo, 2015; E. Zorzetto et al., 2016; Marra,

Nikolopoulos, et al., 2018) for the study of peak flows. This method postulates that extremes emerge

from ordinary events (i.e., all the independent values, not annual maxima or peak over threshold

values) and treats as random variables both the parameters of the ordinary distributions and the

number of event occurrences in each year.

This approach therefore leverages all the information content of the bulk of the events distribution,

i.e., not only of its tail as done in traditional extreme value distribution methods (Gnedenko, 1943;

the reader is referred to Serinaldi et al. (2020) for a systematic explanation of the underlying

theory and the differences between traditional extreme value theory and MEV). Moreover, the MEV

framework allows for flexibility in the choice of the distribution of ordinary values, by enabling the

selection of the distribution that describes them best (further details on this point are provided

in the following sections). The discrete formulation of the MEV cumulative distribution function,

expressed as an average over the M observational years, is E. Zorzetto et al. (2016).

ξ(x) =
1

M

M
∑

j=1

|F (x, θ)|nj (2.1)

where F (x; θ) is the ordinary distribution of peak flows, θ is a vector of parameters of this distribution

(notice that in the above formulation we adopt time invariant parameters of the ordinary distribution,

as the subscript j does not appear in θ) and j is the number of events within each year (here

considered variable across years).

Theoretically, MEV can account for the inter-annual variability of the ordinary distribution as

well (for a detailed discussion on the topic we refer to Miniussi and M. Marani, 2020). However, as

the number of independent ordinary events (peaks) available in observed streamflow series is typically

limited, the advantages (robust parameter estimation and uncertainty reduction) of considering the

whole sample for fitting the parameters of the ordinary distribution overcome those obtained from

the use of yearly varying parameters miniussi2020.

In order to identify a set of independent ordinary events from daily streamflow records, which

are typically highly correlated, I use the decorrelation procedure recommended by the guidelines of

the US Water Resources Council (USWRC, 1976). This is a well-established method which has been

adopted in many studies in different regions of the world (see, e.g., Lang et al. (1999) and Miniussi,

M. Marani, and Villarini, 2020). At first, I identify one peak within each time block of length T =

5days + log(A), where A is the basin area in square miles, is the minimum lag time required by the

independence criterion and the value of T is rounded off to the nearest integer number. This would

result for German catchment sizes of one event peak each 6th to 9th day. The second step consists

in checking that the magnitude of the minimum flow between two consecutive peaks is lower than

75% of the lowest one, to enable discarding secondary peaks which occur during recession events.

If this requirement is not fulfilled, the smallest peak in the pair is eliminated. The set of all peak

discharge values obtained from this procedure constitutes the sample of ordinary events, on which

the ordinary distribution F (x; θ) in Equation (2.1) is then fitted. In our dataset, the average number
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of flood peaks per year resulting from this selection process ranges from 8 to 24 (median value: 17)

and their mean inter-arrival time is 23 days, which is much larger than the required minimum lag

time of 6 to 9 days for event independence (USWRC, 1976).

2.1.3 Ordinary distributions

Once the ordinary peaks are selected, we must choose a distribution to describe their statistical

properties. miniussi2020 identified the Gamma distribution as the best performing distribution to

model flood peaks in the conterminous United States. Yet, they also suggested that the statistical

properties of the ordinary peaks must be investigated before choosing the distribution that describes

them best. As mentioned, MEV allows for handling diverse ordinary distributions. Thus, I leverage

this flexibility of MEV and examine as potential candidates for the set of German river basins the

two parameters Gamma and Log-Normal distributions. Both these distributions are widely used for

flood frequency analysis (Stedinger, 1980 Chen et al., 2004) while exhibiting different characteristics

especially for what concerns their tail properties, being Gamma a light-tailed distribution (El Adlouni

et al., 2008) and the Log-normal akin to a heavy-tailed one (Koutsoyiannis, 2020). Although Gamma

and Log-Normal are used in this study, as in a preliminary scrutiny they were found to be the

most suitable distributions for the considered dataset, the proposed approach applies to any other

choice for the distributions of ordinary events. The cumulative distribution function of the Gamma

distribution is (Davis, 1959; Hosking, 1990; Lancaster, 1966)

F (x; α, β) =
β−α

∫ x
0 tα−1e

(− t
β

)
dt

Γ(α)
(2.2)

where α and β are respectively the shape and scale parameters, and Γ is the gamma function. The

cumulative distribution function of the Log-Normal distribution is instead (McAlister, 1879; Bobee

et al., 1993)

F (x; µ, σ) = Φ

(

log x − µ

σ

)

(2.3)

where µ and σ are respectively the scale and shape parameters of the Log-Normal distribution, and

Φ is the standard normal distribution function.

I estimate parameters of the Gamma and Log-Normal distributions by fitting them on the sample of

ordinary peaks (selected as explained in Section 2.1.2) by means of L-Moments (Greenwood et al.,

1979; Hosking, 1990). The choice of L-moments is motivated by their lower sensitivity to outliers

and to limited sizes of the calibration samples when compared to Maximum Likelihood hosking1997.

2.1.4 Tail ratio method and sensitivity analysis

I propose and apply in this study a methodology that enables the choice of the best ordinary

distribution to be used in Equation (2.1), based on the statistical properties of the ordinary peaks.

This non- parametric approach avoids the need to evaluate every time the goodness-of-fit of different

distributions on randomly extracted samples of ordinary peaks. Rather, it allows for appraising

the behaviour of the upper tail of the ordinary peaks (a crucial step for the selection of the best

ordinary distribution) and thus choose a priori, between Gamma and Log-Normal, the most suitable

distribution to characterize them.
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The method relies on the calculation of the tail ratio index, which is defined as the ratio between

the empirical 99th and 95th percentiles of ordinary peaks, similarly to the procedure suggested by

Nerantzaki2019 to evaluate the tail behavior of daily precipitation. In the present study, I tested

different ratios (99th to 90th , as in Nerantzaki2019 , 99th to 95th and intermediate ratios) with

similar results. In the end, we found that in the case of flood peaks considering the ratio between

the 99th and 95th percentile allows to describe best the upper tail of the distribution in our dataset.

The method is inspired by the upper tail ratio of (J. A. Smith et al., 2018), although pursuing a

different aim and with clear advantages when compared to it. The upper tail ratio is defined as

the ratio between the maximum event in the record and the empirical 10-years return level. It is

computed from annual maxima and is therefore sensitive to the observational sample size. Conversely,

our proposed method (the tail ratio index) is calculated accounting for the whole distribution of

ordinary peaks. First, its definition is consistent with the rationale underlying the MEV framework,

which considers extremes emerging from ordinary events. Second, the whole set of ordinary peaks

(a median number of 1184 in the considered catchments) is used in the tail ratio index instead of

annual maxima, which results in more robust calculations. Therefore, I believe that the proposed

method is transferrable to other areas, with potential limitations in catchments characterized by

drier conditions, in which the low number of ordinary peaks might impair the robustness of its

computation

The steps involved in the establishment and evaluation of the proposed tail ratio method are the

following: (1) I select the best ordinary distribution for each station evaluating the goodness-of-fit of

Gamma and Log-Normal distributions on the complete series of ordinary peaks, by means of the skill

score metric (Murphy and Winkler, 1992; Hashino et al., 2006); (2) I calculate the tail ratio index of

each series and seek a threshold to distinguish relatively lighter and heavier tailed distributions. I

choose to this purpose the threshold of the tail ratio index that allows maximizing the number of

catchments for which the optimal (i.e., the one with the highest skill score value) distribution is

selected; (3) in order to evaluate the robustness of the threshold identified on the whole German

dataset and the possibility to apply it to different datasets (i.e., subsamples of the original one), I

randomly select for 100 times 50% of the basins and calculate again the threshold value obtained

from each resampling; (4) I check the capability of this threshold to correctly distinguish between

catchments for which either the Gamma or the Log-Normal distributions are optimal (as in Step 2),

by using the remaining 50% of the basins in the dataset as test catchments.

2.2 Results and Discussion

I first apply the MEV approach by using either a Gamma or a Log-Normal distribution for each

of the 182 German gauges. I then evaluate the capabilities of MEV-Gamma (Figure 2.2a) and

MEV-Log-Normal (Figure 2.2b) to estimate observed maxima in the validation sample. I find that

high quantiles are frequently underestimated by MEV-Gamma (see blue dots below the 45◦ line in

Figure 2.2a). Although this issue is addressed by using MEV-Log-Normal, overestimation prevails in

the latter case. The contrasting behavior of the two distributions suggests that the ordinary peaks

are in some catchments characterized by lighter tails, for which the Gamma is a suitable distribution

and the Log-Normal has a too heavy tail, and vice versa in other basins.
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Table 2.1: Median (Med) and maximum negative (i.e., underestimation, Max-) and positive (i.e., overestimation,
Max+) values of non-dimensional error for all distributions and catchment groups and for different ranges of
the ratio (T/S) between return period (T) and calibration sample size (S).

MEV-Gamma (All Basins) MEV-Gamma (Group 1)

T/S Range Max− Max+ Med Max− Max+ Med

1 < T
S

≤ 2 -0.81 0.90 -0.20 -0.61 0.66 -0.08
2 < T

S
≤ 3 -0.81 0.96 -0.23 -0.64 0.71 -0.10

3 < T
S

≤ 6 -0.90 1.17 -0.28 -0.73 0.86 -0.12

MEV-Log-Normal (All Basins) MEV-Log-Normal (Group 1)

T/S Range Max− Max+ Med Max− Max+ Med

1 < T
S

≤ 2 -0.78 2.28 0.08 -0.78 2.28 0.02
2 < T

S
≤ 3 -0.77 2.71 0.12 -0.77 2.71 0.06

3 < T
S

≤ 6 -0.82 3.93 0.09 -0.82 3.91 0.15

GEV distribution (Group 1) GEV distribution (Group 2)

T/S Range Max− Max+ Med Max− Max+ Med

1 < T
S

≤ 2 -0.60 1.39 -0.04 -0.78 3.12 -0.07
2 < T

S
≤ 3 -0.63 1.63 -0.05 -0.82 3.88 -0.09

3 < T
S

≤ 6 -0.78 2.12 -0.08 -0.91 5.86 -0.12

we highlight that despite similar performances of MEV and GEV in terms of median values, the

latter is affected by much larger uncertainty.

These results agree with the findings of, e.g., odry2017, who stressed the importance of a reduced

uncertainty when estimating high flow values. Notably, in group 1 the over estimation magnitude of

MEV-Gamma is the half of GEV across all T/S (Figure 2.6b, 2.6c). Differences between the relative

performance of MEV Log-Normal and GEV are less pronounced in group 2, but substantially larger

overestimation (i.e., non-dimensional error reaching a value of 6) can occur when employing GEV.

I finally present the comparison between the non-dimensional errors of MEV applied on the

whole dataset (i.e., regardless of the observed tail of the distribution of ordinary peaks; Figure

2.6a, 2.6d) and of both MEV-Gamma (Figure 2.6b) and MEV-Log-Normal (Figure 2.6e) applied to

their respective groups. In this way, I want to underline the benefits deriving from the flexibility

of MEV in the choice of a suitable distribution of ordinary peaks when the catchments within a

dataset exhibit different tail properties. Remarkably, we are able to significantly decrease both the

underestimation by which MEV-Gamma is affected when blindly applied to the whole dataset (blue

dots in Figure 2.6b are closer to the dashed line than in Figure 2.6a) and its uncertainty range (blue

shaded area is narrower in Figure 2.6b than in Figure 2.6a), and to slightly reduce on average the

overestimation issues of MEV-Log-Normal (Figure 2.6e).

These results are highly relevant, as both underestimation and overestimation issues are drawbacks

when estimating high return levels of hydrological variables: in the first case because of the

underestimation of risks (Papalexiou et al., 2013), in the latter because of the enormous economic

costs that can derive from applying design values which are larger than needed (Cho et al., 2004).
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Finally, the subdivision into two groups of the set of German catchments by means of the tail

ratio index, here proposed to select the most suitable distribution of ordinary events in the MEV

approach, exhibits a clear geographical organization (Figure 2.1). Catchments for which a Gamma

distribution (lighter tail) is the most suitable are primarily located in the Western part of Germany

(Figure 2.1, blue dots), where winter floods triggered by precipitation on wet soils are dominant

Tarasova, Basso, and Merz, 2020, with some catchments also gathered in the Alpine Fore lands.

Catchments for which a Log-Normal distribution (which has a relatively heavier tail) is the best

choice are instead mostly located in the Eastern and Southern areas of the country (Figure 2.1,

orange dots), regions affected by the occurrence of Vb-cyclones (Hofstätter et al., 2016) causing

rare but intense rainfall on dry soils which produces large floods. The geographical clustering we

identified recalls the spatial pattern recently showed by Tarasova, Basso, and Merz, 2020 for the

differences among processes triggering ordinary, frequent and upper tail floods in Germany. Our

results suggest that their postulated outcomes in terms of distinct distributions of ordinary events is

well-founded, and confirm the possibility to improve estimation of upper tail floods in this context

by means of a Metastatistical extreme value approach. Although beyond the scope of this work, a

quantitative investigation of the consistency between the identified spatial patterns and of the mix of

hydrological processes giving rise to distributions of floods and ordinary peaks with relatively lighter

(Gamma) and heavier (Log-Normal) tails in specific areas of Germany is a noteworthy research

direction which is the subject of current work.

2.3 Chapter conclusions

In this study, I adopted the Metastatistical extreme value (MEV) distribution for flood frequency

analysis in a set of 182 catchments in Germany. My goal was to optimize this novel framework

based on the statistical properties of the ordinary peaks. To this end, I developed a non-parametric

approach to select ex ante the ordinary distribution of streamflow peaks, which allows for accurately

estimating high flow quantiles. The proposed method (tail ratio index) makes a step forward in

the evaluation of the tail behavior. In particular, it leverages the information content of ordinary

events and avoids any graphical evaluation, hence allowing for the analysis of large datasets. It

enables a binary classification of ordinary distributions characterized by lighter versus heavier tails.

I identified a threshold that discriminates between these two categories and used it to choose ex

ante if either a Gamma or a Log-Normal distribution is the most suitable for describing the ordinary

events. This approach correctly identifies the ordinary distribution in 74% of the basins in the

dataset. We proved that the proposed value of the threshold is robust to random resampling of the

catchments used to determine it, and can thus be reliably employed. I deem the proposed tail ratio

index to be applicable to select the most suitable distribution of ordinary peaks in other regions

of the world. Selecting the distribution of ordinary peaks by means of this approach allows for

reducing underestimation and overestimation issues compared to a blind (i.e., without investigating

the tail features of the ordinary peaks) application of MEV to the whole dataset. Namely, I reduce

MEV-Gamma underestimation and Log-Normal overestimation issues of a median 57% and 58%

respectively. Finally, I benchmarked our results against the standard distribution used in flood

frequency analysis, i.e., the Generalized Extreme Value (GEV) distribution. In 135 out of the 182

analyzed basins, the use of a tailored ordinary distribution in the MEV framework decreases the
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uncertainty and improves the estimation for return periods greater than the calibration sample.

These are both relevant features to achieve a reliable estimation of extreme floods. By proposing

and verifying an easy-to-use method to leverage knowledge on tail properties, the study supports

selection of the appropriate model to analyze ordinary peaks and floods in the MEV framework. It

thus contributes to reduce under and overestimation of rarer floods, improving our capability to

reliably assess the hazard posed by infrequent hydrological events. The main findings of this study

can be summarized as follows:

1. Tail Ratio Index for the Selection of Ordinary Distribution : The proposed tail ratio index

offers an innovative approach to classify ordinary streamflow distributions into lighter or

heavier tails (e.g., Gamma or Log-Normal). This method improves estimation accuracy by

leveraging the information from ordinary events without relying on graphical evaluations.

2. Improved Flood Quantile Estimation within MEV Framework: The study optimizes the

Metastatistical Extreme Value (MEV) distribution for flood frequency analysis by incor-

porating a non-parametric method to select the ordinary distribution of streamflow peaks,

enhancing the estimation of high flow quantiles across 182 catchments in Germany.

3. Reduction of Estimation Errors: The tailored ordinary distribution selection within the MEV

framework significantly reduces errors: it lowers underestimation issues in Gamma distributions

by a median of 57% and overestimation in Log-Normal distributions by a median of 58%,

compared to a blind application of MEV (i.e., without considering the tail behavior of the

underlying ordinary distribution).

4. Robustness and Generalizability: The threshold used to discriminate between light and heavy

tailed distributions is robust to random resampling and can reliably be applied to other regions,

making the tail ratio index a versatile tool for flood frequency analysis.

5. Enhanced Accuracy over GEV Distribution: Benchmarking the MEV against the Generalized

Extreme Value (GEV) distribution showed that tailoring the ordinary distribution in the MEV

framework improves uncertainty reduction and flood estimation for long return periods in 135

out of 182 basins, demonstrating its utility for reliable assessments of extreme hydrological

events.
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3
Modeling of extraordinarily high floods

driven by heterogeneous flow generation

processes

3.1 Chapter Introduction

Reliable estimates of the magnitude and frequency of river floods are crucial for societal activities

such as engineering design, urban planning and risk management (Barth et al., 2017; Smith et al.,

2018). In particular, flood magnitude-frequency analyses establish a functional relation between the

magnitude of floods and their exceedance probability, and represent a basic tool for quantifying flood

hazard (e.g., Cunnane, 1973; Gotvald et al., 2012). However, river floods remain common perils that

cause fatalities and damages worldwide (Bevere and Remondi, 2022; François et al., 2019).

Accurate estimation of flood magnitude and frequency is especially challenging when a few events

are significantly larger in magnitude than the rest of the observed floods (Smith et al., 2018). These

unexpectedly high floods can result in large socio-economic impacts (Davenport et al., 2021; Kreibich

et al., 2022; Merz et al., 2021). This phenomenon, displayed in flood-frequency curves as a marked

increase in the magnitude of rare events, was recently termed as flood divide (Basso et al., 2023) .

This behavior is pervasive, although difficult to detect due to limited data availability. Past studies

show that the number of flood divides increases with the length of the data series (e.g., Miniussi et

al., 2023; Smith et al., 2018). The appearance of flood divides has been often related to data scarcity

preventing a good characterization of the tail of flood distributions (e.g., Miniussi et al., 2023), an

issue possibly exacerbated by non-stationarity of hydrologic processes caused by climate change (Yu

et al., 2022). However, previous studies also linked them to non-linearities in the catchment response

(Rogger et al., 2012) arising from distinct physioclimatic characteristics of river basins (Basso et al.,

2023) and to the existence of different runoff-generation processes in a catchment (Merz et al., 2022).

Runoff events and floods may indeed be triggered by different processes (e.g., rainfall on wet or dry

soils, snowmelt, a combination of both; Hirschboeck, 1987b ; Villarini and Smith, 2010; Sikorska
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et al., 2015) and thus be categorized into different types based on the inducing mechanisms (Stein

et al., 2020; Tarasova, Basso, and Merz, 2020)

Traditional flood magnitude frequency analyses (e.g., Sivapalan and Samuel, 2009) are unsuitable

to handle heterogeneous flood records (Hirschboeck, 1987b), especially when floods differ among

each others to the point that flood divides are observed. Mixed extreme value distributions have

been proposed for these cases, but the limited availability of large flood observations introduces

considerable estimation uncertainty (Alila and Mtiraoui, 2002; Barth et al., 2019; Waylen and

Woo, 1982). To tackle this issue, past studies (e.g., Fischer, 2018; Hirschboeck, 1987b) proposed a

mixed distribution approach using peaks over a threshold (i.e., by using all observed peaks above a

threshold).

These approaches improved hazard estimation compared to methods which assume homogeneity of

the flood record. However, peaks over threshold may not be a representative sample of the processes

that generate extraordinary events in catchments where the generation processes of the largest and

most common floods are strikingly different (Tarasova, Basso, and Merz, 2020). In these cases, using

ordinary peaks (i.e., all the independent streamflow peaks) may allow for sampling the full variety

of generation processes while constraining prediction uncertainty. Recently, Miniussi et al. (2020)

adopted such an approach to model floods occurring during different ENSO phases. However, studies

that consider specific runoff-generation processes which produced ordinary peaks to estimate flood

frequencies and magnitudes are lacking.

In this study, we aim to fill this gap by addressing the issue of reliably estimating flood frequencies

and magnitudes in basins with a flood divide in the empirical flood magnitude-frequency curve. To

do so, we relay on the analysis of ordinary peaks by explicitly considering the presence of multiple

runoff-generation processes in a mixed non-asymptotic extreme value model. The advantage of this

approach over traditional methods lies in the extension of information obtained by using a larger

sample of ordinary peaks and accounting for the underlying physical processes leading to runoff

generation in flood frequency analysis.

3.2 Method

3.2.1 Study Area and Data

This study uses daily streamflow records of 169 mesoscale river basins in Germany with drainage area

between 30 and 23,000 km2 (median: 581 km2; Figure 3.5 in Supporting Information). The analyzed

data series range from 1951 to 2013, encompassing 36–62 (median: 59) hydrological years per basin

(November to October). From this data set, we identified river basins exhibiting a sharp increase in

the magnitude of rare floods (i.e., a flood divide in their empirical flood magnitude-frequency curve,

sensu Miniussi et al., 2023; Basso et al., 2023) by visually examining empirical flood-frequency curves.

In order to facilitate their identification from a large data set, we calculated the L-skewness of the

annual maxima sample (Hosking,1990), which is a general and universal index for tail heaviness and

robust to the presence of outliers (Vogel and Fennessey, 1993), we noticed that, for Germany, all

the cases with L-skewness exceeding 0.3 were also presenting this issue (Figure 3.4 in Supporting
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Information ). Notably, the threshold of 0.3 is selected for German basins and may vary for other

regions. Visual inspection of the empirical flood-frequency curves remains the main tool to, confirm

the presence of flood divides in a general case. In fact, flood frequency analyses are typically

performed case by case by practitioners, who realize the presence of a flood divide in their data

without relying on quantitative metrics, sometimes just because traditional approaches seem not to

fit the data in any way. The selection yields 11 river basins with a clear flood divide in the empirical

flood magnitude-frequency curve (Figure 3.5 in Supporting Information). All the following analyses

are performed individually for each single basin.

3.2.2 Simplified Metastatistical Value Approach Applied to Heterogeneous Pro-

cesses

We adopt the Simplified Metastatistical Extreme Value (SMEV) approach (M. Marani and Ignaccolo,

2015; Marra et al., 2019) to model the magnitude and frequency of extreme floods emerging

from different runoff-generating processes (e.g., rain-on-wet or dry soils, snowmelt) in each single

basin. The SMEV approach enables us to account for the presence of events triggered by multiple

runoff-generation mechanisms (also termed event types in the following) through a parsimonious

parametrization and to derive the compound extreme value distribution emerging from these types

(Marra et al., 2019). Indicating with i = 1. . . S the event type in any of the basins, the mixed-SMEV

cumulative distribution function ζSMEV can be written as

ζSMEV(x) =
S

∏

i=1

[Fi(x; θi)]
ni (3.1)

where θi are the parameters of the cumulative distribution Fi of ordinary events of the ith type and

ni is the average yearly number of ordinary events of type i. Notice that only two event types are

considered in each basin.

To evaluate the model performance, I compared estimates obtained through the mixed-SMEV

approach against those of a single- SMEV and Generalized Extreme Value (GEV) distributions,

a widely used approach for flood magnitude-frequency analyses (Katz et al., 2002; Petrow et al.,

2007). To this end, I estimate the GEV distribution parameters from the sample of annual maxima

of each basin using the L-moments method (Hosking,1990). For the single SMEV approach, I used a

log-normal distribution to describe all ordinary events in each basin.

The choice of a log-normal distribution is supported by previous study on the same data set

of river basins in Germany (Mushtaq et al., 2022). I performed resampling with replacement (i.e.,

bootstrap) across years (1,000 realizations of all available years; Overeem et al., 2008) to assess the

estimation uncertainty of all the methods. We finally quantified the model accuracy by means of

non-dimensional error, computed as e = xest−xobs

xobs
between estimated (xest) and observed maxima

(xobs) (E. Zorzetto et al., 2016). Notice that such an error metric favors the GEV distribution,

which is explicitly parameterized to match the observed maxima, as opposed to mixed-SMEV and

single-SMEV approaches, whose parameter estimation is performed on a larger sample, of which just

a subset belongs to the annual maxima.
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3.3 Process-Based Classification of Ordinary Events

In this study, I employed the method of Lang et al. (1999) to identify the independent ordinary peaks

from the stream flow record required to apply the SMEV approach, as previously done by Miniussi

et al. (2020) and Mushtaq et al. (2022). The number of independent ordinary peaks obtained for

each catchment ranges from 370 to 933 (median value: 796).

The ordinary peaks were further classified into process-based types by using the classification of

Tarasova, Basso, Wendi, et al. (2020), which labels streamflow events corresponding to the identified

ordinary peaks according to their runoff-generation processes, which are assessed based on the nature

of the inducing events (i.e., rainfall vs. snowmelt) and the catchment wetness states (i.e., wet or

dry). This process-based approach uses observed daily precipitation (Rauthe et al., 2013) as well

as daily snow water equivalent and soil moisture simulated by the mesoscale Hydrological Model

( Kumar et al., 2013; Samaniego et al., 2010). Tarasova, Basso, Wendi, et al. (2020) employed

dimensionless indicators to differentiate between inducing events and catchment wetness states and

observed the small uncertainties associated with model structure and parametric uncertainty (Figure

4 in Tarasova, Basso, Wendi, et al. (2020)). However, it is worth noting that employing different

indicators or classification frameworks could lead to substantial differences in event classification

(Tarasova, et al., 2019), consequently affecting the accuracy of flood estimates.

In order to efficiently incorporate distinct event types in flood magnitude-frequency analyses

and to ensure sufficient sample sizes for each of them, we aggregate the event types by Tarasova,

Basso, Wendi, et al. (2020) into two major groups (S = 2): processes related to dry antecedent

conditions (rain-on-dry events—Type-1) and wet antecedent conditions (rain-on-wet and snowmelt

events—Type-2). The probability distributions of the magnitude of these event types are significantly

different (p < 0.05), as evaluated through a pairwise two-sided Kolmogorov-Smirnov test (Massey

Jr, 1951).

3.4 Selection of Ordinary Distributions

For each event type, we choose a suitable ordinary distribution. The presence of a clear flood divide

in the empirical flood magnitude-frequency distribution suggests that one of the event types is

characterized by a heavy-tailed distribution(Merz et al., 2022). We used Weibull plotting positions

(Weibull, 1939) to derive the empirical cumulative distributions of ordinary events of each type

and distinguish between those either exhibiting or not a heavy-tailed behavior, here intended as a

power-law tail (i.e., a linear behavior in double-logarithmic coordinates; Newman, 2005).

This process can in principle be automated, for example, by using tests like the one applied

by Marra et al. (2023). However, since the number of basins considered in this study is limited,

it is preferred here to proceed with the accuracy of human supervision. Visual inspection of the

empirical cumulative distribution functions of ordinary events of the two types showed that, for each

of the 11 study catchments, either Type-1 or Type-2 events clearly exhibit power-law behavior (see

respectively Figures 3.2a and 3.2e), as manifested by the linear form of the distribution in a log-log

probability plot.
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Conversely, extraordinarily high floods in the Este basin (Figure 3.1b) are caused by rain-on-

wet conditions and snowmelt processes (5 maxima with a return period greater than 10 years

are characterized as Type-2). As described in Section 2.4, we examine the empirical cumulative

distribution functions of the different types of ordinary events (gray dots in Figures 3.2a, 3.2b, 3.2d,

and 3.2e). We notice that in all cases in which a flood divide is present one event type displays

heavy-tailed behavior (Figures 3.2a and 3.2e). Hence, we fit the empirical ordinary distribution

of these events with a power-law distribution (see red lines in Figures 3.2a and 3.2e), and use a

log-normal distribution for the other type (blue lines in Figures 3.2b and 3.2d). While previous

studies identified both heavy-tailed and light-tailed behaviors in flood records (Bernardara et al.,

2008; Mushtaq et al., 2022), here we move a step further and show that different tail behaviors may

be associated with distinct runoff-generation processes (Yu et al., 2022).

These results demonstrate that relying solely on a pre-defined statistical distribution and disre-

garding the heterogeneity of the sample arising from different underlying physical processes may

lead to an erroneous estimation of extreme floods. The proposed approach could thus improve the

estimation of upper tail quantiles in basins where a flood divide is observed in the flood magnitude-

frequency curves. These results confirm that heavy tails (i.e., flood divides) can originate from a

mixture of flood-generating processes (Merz et al., 2022). It is worth noting that rain-on-dry events

dominate the upper tail in the Müglitz River basin (Figure 3.2a), while rain-on-wet and snowmelt

events dominate the upper tail in the Este River basin (Figure 3.2e).

Past studies indicate that various runoff-generation processes might be associated with heavier

tails of the distribution of floods in different regions (Tarasova et al., 2023), as we observe in our

set of case studies. The flood divide arises from the fact that the mixture contains a heavy-tailed

process, whose upper tail tends to dominate the mixture distribution at large quantiles (Figures 3.2c

and 3.2f). These results are coherent with previous studies, which show that the tail of a mixture

distribution is influenced by the component with the most pronounced tail (e.g., Cavanaugh et al.,

2015). Results for all other case studies are reported in Figures 3.6–3.14 in Supporting Information.

These results are broadly consistent with what was found for the exemplary case studies discussed

in Figures 3.1 and 3.2, despite a few cases showing a less clear distinction among event types. As

expected, this leads to comparable performances of the three methods in these catchments.

Figure 3.3 summarizes the findings obtained for all 11 cases which exhibit flood divides in the set

of 169 German river basins. Observed versus estimated annual maxima resulting from the proposed

mixed-SMEV, the single SMEV and the GEV approaches are evaluated in a bootstrap fashion

(see Methods) and respectively displayed in panels a, b and c. This overall comparison confirms

the results discussed above for the two exemplary case studies and highlights the capability of the

mixed-SMEV approach to provide reliable estimates of floods for a wide range of quantiles in all river

basins with a flood divide (Figure 3.3a). The comparison with the single-SMEV (Figure 3.3b) and the

GEV (Figure 3.3c) distribution reveals that mixed-SMEV estimates (Figure 3.3a) are characterized

by a considerably smaller bias, especially for the upper tail quantiles. To summarize the performance

of the mixed-SMEV approach to estimate flood magnitude - frequency in catchments with a flood

divide, I computed the non-dimensional errors (see Section 2.2) between observed annual maxima

and estimates of the corresponding empirical quantiles (Figures 3.3d and 3.3e).
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leading to varied runoff-generation processes (Basso et al., 2023). Our results confirm that explicitly

accounting for the existence of different runoff-generation processes enables us to adequately model

the tail of flood distributions in catchments exhibiting flood divides.

The above discussion hints at the interplay between various hydro-meteorological drivers and

the hydroclimatic settings leading to the occurrence of extraordinarily high floods in a region. In

fact, river basins exhibiting flood divides (i.e., the exemplary Müglitz River and other eight case

studies in our data set) are mostly located in the Central-Alpine region of Europe (Blöschl et al.,

2017). In this region, the distributions of precipitation volumes for rain-on-wet and snowmelt floods

have slightly heavier tails than for rain-on-dry events, leading to the possible occurrence of high

floods of Type-2 (as exemplified by one river basin in our data set, see Figure 3.7 in Supporting

Information). However, the distribution of precipitation intensity of rain-on-dry events in this area

is remarkably heavier than for the other event types (Tarasova et al., 2023), mostly due to the

occurrence of Vb-cyclones (Hofstätter et al., 2016). This feature likely underlies the occurrence of

heavy-tailed distributions of rain-on-dry ordinary events and extraordinarily high floods of Type-1,

which are mostly responsible (8 case studies) for the appearance of flood divides in flood-magnitude

frequency curves. In contrast, the Este River and one additional catchment among the 11 showing a

flood divide are located in the Atlantic region, where rain-on-wet flood events exhibit heavier tails

than rain-on-dry events (Tarasova et al., 2023).

Variable distributions of key factors contributing to runoff generation, such as rainfall intensity,

volume, soil moisture, snow accumulation and release are mirrored by differences in the tail behavior

of ordinary distributions across regions, which can be leveraged by means of the proposed approach

to improve the estimation of the hazard posed by extraordinarily high floods. However, climate

change induces shifts in the mixture of flood generation processes, such as a decrease in snowmelt

events and an increase in intense rainfall events ( Hall et al., 2014; Huo et al., 2022). These changes

inevitably influence the flood probabilities. Our method explicitly incorporates the presence of

diverse flow-generating processes, and can therefore be used to predict changes in flood frequency

based on the projected changes in the frequency of the runoff-generation processes.
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3.6 Chapter conclusions

We provide a framework to derive accurate estimates of flood magnitude and frequency for basins

where extraordinarily high floods occur. The approach leverages knowledge of the heterogeneity of

runoff-generation processes by means of a process-informed mixed non-asymptotic statistical method,

the SMEV framework. We employ the mixed-SMEV to estimate flood magnitude and frequency for

11 river basins in Germany featuring a flood divide. In these cases, at least one runoff-generation

process is characterized by a heavy-tailed empirical distribution. Thanks to the explicit consideration

of various runoff-generation processes, the proposed approach enables us to accurately predict the

magnitude of rare floods, outweighing the performance of single-SMEV and GEV distributions.

The approach relies on a classification of event types and is only worth using when runoff events

generated by different hydrologic processes are characterized by distributions with distinct tail

behaviors. These requirements may constrain the use of the approach in practice. Nonetheless,

classifications of event types are becoming more common, and the method provides a process-based

solution to estimate large flood quantiles in contexts for which current methods fail. As climate

change may alter the frequency of different event types, our approach also offers a way to account

for climate change impacts on flood hazards in a physically sound manner. The key conclusions of

the study are:

1. Applicability to Heavy-Tailed Runoff Processes: The mixed-SMEV framework is particularly

well-suited for basins where at least one runoff-generation process follows a heavy-tailed

empirical distribution, making it effective in predicting the magnitude of extreme floods in

these scenarios.

2. Enhanced Flood Estimation with SMEV Framework: Nonetheless, the ability of accounting

for mixtures of distributions in the flood-peak SMEV formulation has significant practical

potential: several flood drivers can be identied (e.g., snowmelt, rain-on-snow, atmospheric

rivers) whose role can be studied using the approach developed. The mixed-SMEV framework

significantly improves the estimation of flood magnitudes and frequencies for river basins where

extraordinary floods occur, particularly by accounting for the heterogeneity in runoff-generation

processes. This process-informed statistical approach outperforms traditional methods such as

GEV distribution in predicting rare flood events.

3. Utility of Process-Based Classification: The effectiveness of the approach is strengthened by

its ability to classify runoff events into distinct types based on their generation processes,

particularly when these processes exhibit different tail behaviors in their statistical distributions.

As process-based classification becomes increasingly adopted in hydrological studies, it greatly

enhances the practical applicability and robustness of the framework.

4. Adaptability to Climate Change: The SMEV framework offers a physically grounded approach

for integrating the potential impacts of climate change into flood hazard assessments. By

explicitly accounting for changes in the frequency and characteristics of different runoff-

generation processes, it allows for a more realistic representation of evolving flood risks. This

adaptability makes the SMEV framework a robust and forward-looking solution for improving

the reliability of flood predictions under changing climatic.
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4
Non-Stationary flood frequency analysis

by using the Simplified Metastatistical

Extreme Value Framework

4.1 Chapter Introduction

Traditional flood frequency analysis estimates the flood quantiles corresponding to specific return

periods, under the core assumption that the underlying hydrological process is stationary (Seckin

et al., 2011; Villarini, Serinaldi, et al., 2009). This approach is often referred to as the stationary

flood frequency analysis (S-FFA), assuming that no temporal changes occur in the statistics of

extreme discharges (e.g., mean or variance) and thus employs a time-invariant distribution (Haktanir

et al., 2013; Morrison and Smith, 2002). However, there is broad consensus that the magnitude and

frequency of extremes such as floods are changing dynamically due to the changes in climate, and

intensive human activities (AghaKouchak et al., 2020, Blum et al., 2020; Hirabayashi et al., 2013;

Vogel et al., 2011; Yin et al., 2018). Because of these significant shifts in the hydrological regime,

such an assumption of stationarity can be violated in flood frequency analysis (FFA), making it

necessary to adopt non-stationary approaches, for accurately modeling the flood risks (Luke et al.,

2017; Vogel et al., 2011). Nonstationarities in hydroclimatic extremes may be expressed through a

significant shift in the mean, variance, or shape of a given time series (Slater et al., 2021). It has

been acknowledged that disregarding non-stationarities in frequency analysis can result in significant

underestimation or overestimation of high flood quantiles (Huang et al., 2021; Vu and Mishra,

2019; O’Brien and Burn, 2014). Therefore, improving the accuracy of flood frequency estimation

is essential to ensure the safety of hydraulic engineering structures and for flood risk management

(Merz et al., 2008; Viglione et al., 2013).

Recent studies have utilized non-stationary methods to estimate the changes in the properties of

the extremes, such as magnitude, frequency, duration, or timing of flooding (Archfield et al., 2016;

Eastoe, 2019; Faulkner et al., 2023; Hecht and Vogel, 2020; Salas and Obeysekera, 2019; Slater and

Villarini, 2016). The advantage of these non-stationary methods is their ability to model the changes
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in the distribution of extreme events as a function of explanatory variables such as time, climate

variability indices or land cover (e.g., Prosdocimi et al., 2015; Silva et al., 2015; Villarini et al., 2009).

Non-Stationary flood frequency analysis (NS-FFA) is usually performed by fitting a distribution on

the annual maxima (AM) or peak-over-threshold (POT) streamflow observations, which constitutes

the basis of traditional extreme value analysis (e.g., Cunnane, 1973; Seckin et al., 2011; Villarini and

Smith, 2010).

The Generalized Extreme Value distribution (GEV) has been widely used to estimate the changes

in the magnitude of extremes, such as the annual or seasonal series of maximum streamflow (D.

Faulkner et al., 2019; Katz et al., 2002; Prosdocimi et al., 2015). However, the GEV distribution

relies on the asymptotic assumption that the number of events per block tends to infinity ( Gnedenko,

1943; E. J. Gumbel, 1958). This assumption may not be suitable for the hydrometeorological

variables such as rainfall and streamflow, as the number of events per block is generally far from

infinity. Hydrometeorological records are often limited in length, resulting in short annual maxima

or extremes series. The use of these short datasets in non-stationary flood frequency analyses

(NS-FFA) based on asymptotic distributions would introduce non-negligible uncertainty to the

analysis. Furthermore, these methods focus on a small portion of measurements corresponding to

extreme events, disregarding the rest of the available information contained in the bulk of runoff

events (Tarasova, Basso, and Merz, 2020), thus typically providing estimations affected by large

uncertainty (Miniussi, M. Marani, and Villarini, 2020; Vidrio-Sahagún and He, 2022). To facilitate

the broader adoption of NS-FFA in real-world applications, it is essential to reduce this uncertainty,

which currently limits its practicality. As a result, the validity of the asymptotic assumptions and the

sample size limitations, as highlighted by several studies (e.g., Iliopoulou and Koutsoyiannis, 2019;

Lombardo et al., 2019), poses significant challenges to producing reliable estimations in traditional

non-stationary frequency analysis.

Non-asymptotic distributions have gained more attention in stationary flood frequency analyses

(S-FFA) recently (De Michele, 2019; Lombardo et al., 2019; M. Marani and Ignaccolo, 2015; Marra

et al., 2019). Unlike the distributions based on the Extreme Value Theory (EVT), non-asymptotic

distributions such as MetaStatistical (MEV) and Simplified MetaStatistical Extreme Value (SMEV)

distributions offer significant advantageous in exploiting more available information, as they use

the ordinary events (i.e., all the independent peaks) rather than focusing on the extremes (i.e.,

annual maxima). Furthermore, these methods relax the requirement of asymptotic convergence.The

non-asymptotic distributions have shown superiority in using the available data more efficiently,

resulting in lower predictive errors and reduced estimation uncertainty in S-HFA, particularly for

return periods longer than the sample size (Marra et al., 2019; (Miniussi et al., 2020); Mushtaq et

al., 2022; E. Zorzetto et al., 2016). However, the application of non-asymptotic distributions within

a non-stationary context remains limited in the current literature.

In this study, I introduce the non-stationary SMEV approach as an alternative method for

estimating flood quantiles corresponding to specific return periods in non-stationary context. The

rationale behind SMEV is to exploit all the information provided by observational data (M. Marani

and Ignaccolo, 2015; Mushtaq et al., 2022; E. Zorzetto et al., 2016), with the objective of better

estimating the return period in a wider range of values, not only at the largest extremes that are the

focus of extreme value theory
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Therefore, this study aims to explore the potential advantages of using the non-asymptotic

approach (i.e., the SMEV) within a non-stationary framework, focusing on aspects of accuracy and

uncertainty. We implement the non-Stationary flood frequency analysis (NS-FFA) by coupling the

probability distribution of floods within a non-stationary structure that governs their temporal

evolution. The performance of the non-asymptotic distribution is assessed against its asymptotic

counterpart as benchmarks. We also benchmark SMEV estimations with the traditional GEV

approach, which constitutes the suggested distribution for flood frequency analysis in Germany

(Petrow et al., 2007). The SMEV and GEV distributions were applied under various non-stationary

scenarios within the non-asymptotic and asymptotic modeling frameworks, respectively.

The study is structured as follows: Sections 4.2 - 4.6 introduces the study area, the data used, and

the methodologies for both non-asymptotic and asymptotic models. Section 4.7 presents the results

and discussion, while Section 4.8 concludes with a summary of the findings.

4.2 Materials and methods

4.2.1 Study area and data

The initial step involved analyzing the daily streamflow records from 182 gauges in Germany

(Tarasova et al., 2018) which have time series longer than 30 years and less than 10% missing

observations in each year. We utilized hydrological years, spanning from October to September. The

catchment sizes range from 30 to 23,842 km2 (median value: 581 km2) and the lengths of the time

series are comprised between 37 and 64 years (median value: 61 years). Catchments in the dataset

cover the whole of Germany and its diverse climatic and physiographic conditions (Figure 4.1a).

Germany is influenced by its specific position between continental climate in the east and

maritime climate in the west of the country. The northwestern region of the country is dominated

by circulation patterns linked to mid-latitude cyclone rainfall that can cause river flooding. Rainfall

varies from North to South and reach its maximum in the Alpine Forelands and Southern Scarplands,

with annual rainfall more than 2000 mm (Schädler et al., 2012) in the Alps. Annual rainfall amounts

decrease from west to east (Figure 4.1b). Catchments in Germany exhibit different flood regimes

that dominate during particular seasons: the central and western parts are dominated by winter

floods, the north and east areas experience spring and summer floods, and the southern part of

Germany is dominated by summer floods (Beurton and Thieken, 2009). The study area includes

small to medium sized catchments which react faster than large catchments to heavy precipitation

and are thus characterized by a more intense flood hazard (Schädler et al., 2012).

4.2.2 Identification of trends in Annual Maxima series (AMs) and ordinary

events

In the first step of our analysis, I examined the trends in the annual maxima of streamflow data

across 169 catchments in Germany. I applied the non-parametric Mann-Kendall test at the 5%

significance level to the annual maxima series (AMs) (Kendall, 1975; Mann, 1945) and evaluated

the presence of temporal patterns in the streamflow data (Slater et al., 2021). The feasibility of the

stationary assumption is assessed considering the presence of statistically significant non-stationary
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signatures, such as deterministic temporal trends in the mean or standard deviation of the AMs.

By analysing the annual maxima series, we identified 40 river basins with significant trends in

their mean or standard deviation in annual maxima. In the second step, we applied the likelihood

ratio (LR) test to these 40 river basins that exhibited significant trends to determine whether a

one-parameter or two-parameter non-stationary model was required. The LR test is a widely used

statistical method for assessing whether the inclusion of additional parameters significantly improves

a model’s fit by comparing the likelihood of two maximum likelihood estimates (Zakaria et al.,

2021). Specifically, it was used to evaluate the statistical significance of the time dependence of

the model parameters and to determine whether a stationary or non-stationary model should be

applied. Deciding whether to use stationary or non-stationary methods to model extreme events is a

major challenge for practitioners, especially with the arising uncertainty due to climate change (e.g.,

(Faulkner et al., 2019, 2023).

I performed the LR test for both the GEV and SMEV across all 40 catchments under different

scenarios (as detailed Section 4.2.2), using the p-values at a 5% significance (p < 0.05) to determine

whether to apply a one- or two-parameter non-stationary model. This second-step identification

method provides a more robust approach for detecting trends in time series, as it incorporates all

available ordinary peaks in addition to annual maxima.

In contrast, analyzing trends in the annual maxima series relies on fewer data points, making it

more difficult to detect such signals. Luke et al. (2017) highlighted that applying Mann-Kendall

trend tests to peak discharges alone is insufficient to justify the selection of non-stationary model for

prediction. By using the two-step trend identification method, our analysis reveals that 19 out of the

40 catchments had statistically significant results, leading to the selection of either one-parameter or

two-parameter non-stationary non-asymptotic models (Vidrio-Sahagún, Ruschkowski, et al., 2024),

as detailed in Sections 4.2.2 and 4.3. Figure 4.1 displays the locations of 19 streamflow gauges

exhibiting non-stationary behavior.

4.3 Non Asymptotic Models

We adopt the Simplified Metastatistical Extreme value (SMEV) approach to model the magnitude

of extreme floods in a non-stationarity context (Vidrio-Sahagún and He, 2022). In non-stationarity

approach,the SMEV is allowed to vary over time by using the covariate-dependent distribution

parameters, where the parameters of the distribution are expressed as a function of covariate (e.g.,

time), This approach is sometimes referred to as a time-varying moments model (Zhang et al., 2018).

In the SMEV approach, the interannual variability of F(x; θ) and n are neglected and the temporal

dependence of the distribution parameters can be deterministically described (Marra et al., 2019);

(Mushtaq., 2023). The cumulative distribution function for the SMEV distribution is define as

(Marra et al., 2019).

ζSMEV(x, t) =
S

∏

i=1

[Fi(x; θi,t )]ni (4.1)

where S is the number of different types of x, which is set to 1 in this study; θi,t = (λi,t , βi,t ), is the

time-dependent θ of the ith x type; and ni is the time-invariant average n of the ith type. Fi(x; θi,t )

is the cumulative distribution function for the ordinary distribution.
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4.4 Asymptotic Models

The non-asymptotic SMEV adopted a parsimonious linear nonstationary structures, in which

the scale parameter ( λt), shape parameter ( βt) and both the scale and shape parameters ( λt, βt )

are expressed as a linear functions of the covariate time t. In this study, three different scenarios

of non-asymptotic models are implemented, which are selected based on the likelihood ratio test :

i) a non-stationary SMEV, with the shape parameter kept constant and the scale parameter that

changes linearly in time; ii) a non-stationary SMEV model with the scale parameter kept constant

and the shape parameter that changes linearly in time; iii) a fully non-stationary SMEV model in

which both the parameters are allowed to change linearly in time.

These non-stationary models are denoted as SMEV[1,0] SMEV[0,1] and SMEV[1,1] respectively, and

are given by:

SMEV[1,0] ∼ SMEV(λt, β, ñ);



















λt = λ0 + λ1t

β = constant

ñ = constant

(4.2)

SMEV[0,1] ∼ SMEV(λ, βt, ñ);



















βt = β0 + β1t,

λ = constant,

ñ = constant.

(4.3)

SMEV[1,1] ∼ SMEV(λt, βt, ñ);



















λt = λ0 + λ1t,

βt = β0 + β1t,

ñ = constant.

(4.4)

Where, λ and β represent the scale and shape parameters of the selected ordinary distributions (e.g.,

Gamma or Log-normal distributions, as detailed in Section 4.5). Under nonstationarity conditions,

λ and β were modeled as linear functions of time. Specifically, λ0 and λ1 and β0 and β1 are the

regression coefficients of λ and β, respectively.

4.4 Asymptotic Models

The cumulative GEV function of the random variable, y, which corresponds to the annual maxima

of every year is defined as (e.g., Coles, 2001; Hosking, 1990).

F (y; θ) = F (y; ξ, α, κ) =











exp

(

−
[

1 + κ
(y−ξ)

α

]
1

−κ

)

, κ ̸= 0,

exp
(

− exp
(

− (y−ξ)
α

))

, κ = 0.

(4.5)

Where the parameter vector θ comprises κ, α, and ξ, representing the shape, scale, and location

parameters, respectively. The shape parameter κ determines the tail behavior of the distribution,

classifying the GEV into three subfamilies:

• Extreme Value (EV) type I distribution when κ = 0,

• Extreme Value (EV) type II, when κ > 0 (indicating heavy-tailed behavior), and

• Extreme Value (EV) type III, when κ < 0 (indicating an upper-bounded distribution).
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In this study, two non-stationary models based on the GEV distribution were considered, each

incorporating different non-stationary structures. In the first model, only the location parameter ξt

varies linearly with the covariate t, while in the second model, both the location and scale parameters

(ξt, αt) change as a linear function of the covariate t.

The shape parameter κ was assumed constant, considering its difficult estimation due to con-

straints in the data length and, consequently, its unrealistic time-variant characterization (Coles,

2001; Salas and Obeysekera, 2019). These nonstationary models are denoted as GEV[1,0,0] and

GEV[1,1,0], respectively, and are given by:

GEV[1,0,0] ∼ GEV(ξt, α, κ);



















ξt = ξ0 + ξ1t,

α = constant,

κ = constant.

(4.6)

GEV[1,1,0] ∼ GEV(ξt, αt, κ);



















ξt = ξ0 + ξ1t,

αt = α0 + α1t,

κ = constant.

(4.7)

Where the parameters ξ, α, and κ, namely the location, scale, and shape parameters of the

GEV distribution, respectively. The variations in ξt and αt allow these models to capture potential

time-dependent trends in the data, such as shifts in the central tendency or spread of extreme values.

4.5 Selection of ordinary distributions and Parameters Estimation

We applied the method proposed by Lang et al. (1999) to identify the independent ordinary peaks

from the streamflow records, a prerequisite for implementing the Simplified Metastatistical Extreme

Value (SMEV) approach, as similarly performed by Miniussi et al. (2020) and Mushtaq et al. (2022).

This method involves to identify one peak within each time block of length T = 5days + log(A),

where A is the basin area in square miles, is the minimum lag time required by the independence

criterion and the value of T is rounded off to the nearest integer number. The number of independent

ordinary peaks identified for each catchment ranged from 370 to 933, with a median value of 796.

Once the ordinary peaks are selected, we must choose a distribution to describe their statistical

properties. For the selected 19 catchments, we applied the best fitted ordinary distribution to be

either the Gamma or Log-Normal distribution, following the methodology implemented by (Mushtaq

et al., 2022). The parameters of stationary and non-stationary asymptotic and non-asymptotic

models were estimated by using Maximum Likelihood (Hosking, 1990) by fitting them to the Annual

Maxima series (AMs) and to the sample of ordinary peaks, respectively. Moreover, the practical

applications of the non-asymptotic models in the stationary frequency analysis have shown that the

ordinary events of lower magnitude negatively impact the evaluation of the distribution’s right tail

by diverging the estimates (Marra et al., 2019); Miniussi and Marra, 2021). This issue has been

solved by left-censoring, by ignoring the magnitudes of the small ordinary events while retaining

their existence in the distribution (Marra et al., 2019, Marra et al., 2020).

50



4.6 Model performance assessment

4.6 Model performance assessment

In order to evaluate the estimation accuracy of both stationary and non-stationary asymptotic and

non-asymptotic models, we employ the non-dimensional error metric (E. Zorzetto et al., 2016), which

quantifies the performance of different models. We calculate the non-dimensional error: ε = xest−xobs

xobs

between the estimated and observed maxima, where xest and xobs represent the estimated and

observed maxima, respectively. It is important to note that we quantify errors with respect to

the empirical values, as the performance of an extreme value approach cannot be evaluated when

quantiles with return periods higher than the empirical ones are taken into account. We adopt a

parametric bootstrap method to calculate the confidence level in this framework, and the uncertainty

bounds are calculated by using the 100 bootstrap samples.The parametric bootstrap is considered

superior to the non-parametric bootstrap, as it typically provides empirical coverage frequencies that

more closely align the pre-selected nominal confidence level and and is less likely to underestimate

uncertainty (Kyselý, 2008; Panagoulia et al., 2013). The uncertainty is evaluated by using the

average bandwidth (AW), where a higher AW value indicates greater uncertainty in the model. The

uncertainty performance of the non-asymptotic distributions is assessed against their asymptotic

counterparts as benchmarks in the assessment.

Average Bandwidth (AW) =
1

n

∑

(

mU
r − mL

r

)

(4.8)

Where mU
r and mL

r are the upper and lower uncertainty bounds associated with the return

period. A model with a lower value of Average Bandwidth is less uncertain.

4.7 Results and Discussions

In this study, we examine the river basins that exhibit non-stationarity in their mean and variance

as detailed in section 4.2.2. We implemented the non-stationary SMEV and GEV distributions to

model the flood frequency curves, incorporating the linear dependence on time as a covariate. To

better illustrate the properties of these floods, I selected 19 case studies exhibiting the non-stationary

behavior (displayed in Figure 4.1). As shown in Figure 4.1, the two representative gauging stations

display significant temporal trends in the mean of their AMSs. These long-term trends indicate

the presence of non-stationarity in extreme events. Specifically, the trends suggest that streamflow

maxima are increasing in some cases (Figure 4.1b) and decreasing in others (Figure 4.1c) over

time. This behavior implies potential changes in hydrological conditions or other influencing factors

within the system, highlighting the importance of accounting for non-stationarity in flood frequency

analysis.

The flood frequency curves for both non-stationary and stationary SMEV and GEV models,

for a representative case study, located at Murr River at Murr (Gauge-ID: 6335675, area = 504

km2), are presented in Figure 4.2. Red dots represent the empirical frequencies of the sample of

annual maxima. The flood frequency curves for the non-stationary SMEV and GEV are calculated

by integrating the values across the entire available time period (represented by solid lines in Figures

4.2a and 4.2c ) and uncertainty bounds are calculated by using the 100 bootstrap samples (shaded

areas in Figures 4.2a, 4.2b, 4.2c and 4.2d).
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4.8 Chapter conclusions

The map illustrates the percentage change in flood magnitude for different return periods (2-year,

10-year, 50-year, and 100-year) across various locations in Germany, Some locations exhibit increases

in flood magnitudes (represented by blue circles), while others show decreases (represented by red

circles). The southern and southwestern regions of Germany exhibit greater variability in flood

magnitude changes, with both increases and decreases observed. In contrast, the eastern regions,

with fewer data points, show smaller and less variable changes. The non-stationary SMEV model

highlights regional differences in flood risks, indicating potential increases in southern areas while

other regions may experience reductions in flood magnitudes.

The spatial distribution of changes varies slightly by return period. For shorter return periods

(2- and 10-year), most locations show modest changes, with a mix of reductions (red) and increases

(blue). For longer return periods (50- and 100-year), there is a slight increase in flood magnitudes,

particularly in the northern and eastern parts of Germany, while decreases are concentrated in the

southern regions.

The direction and magnitude of change at each site inherently depend on factors such as the

choice of beginning and end dates ( Harrigan et al., 2017), dominant flood-generating mechanisms,

and human influences. Changes in extreme floods are likely driven by a combination of climate

variations, and anthropogenic activity (Blum et al., 2020; Hirabayashi et al., 2013; Prosdocimi et al.,

2015; Yin et al., 2018). Future studies should explore the underlying causes of this non-stationarity,

though such an analysis is beyond the scope of this work.

4.8 Chapter conclusions

In this study, we explored the potential application of the non-stationary SMEV, which incorporates

ordinary events rather than relying on extreme events. The use of the non-asymptotic SMEV

approach in the context of Non-Stationary Flood Frequency Analysis (NS-FFA) has been limited

to date. Therefore, in this study, we employ the non-stationary SMEV across 19 river basins

in Germany, exhibiting the non-stationary behavior. As a benchmark, we used the asymptotic

GEV-based models, which are widely used in NS-FFA and rely on Extreme Value Theory (EVT).

Both the non-stationary SMEV and GEV models incorporated a temporal covariate (i.e., time).

We fitted Gamma and Log-normal distributions for ordinary events, allowing the scale and shape

parameters to vary linearly over time. The performance assessment revealed that the GEV model

tended to underestimate flood quantiles and exhibited greater bias when estimating quantiles for

return periods exceeding 10 years. In contrast, SMEV-based models demonstrated better accuracy

and lower uncertainty for higher return periods. However, NS-GEV exhibited high varibility in terms

of uncertainty, raising concerns about its reliability for predicting extreme floods. Our analysis also

showed that flood magnitude changes vary across Germany, with some areas experiencing reductions

while others see significant increases. Southern Germany displayed the most notable variability,

with both increases and decreases in flood magnitudes. These results show that the SMEV-based

models could advance the NS-FFA by improving the accuracy and reducing the uncertainty in a

non-stationary context.

Future research on the practical implementation of SMEV-based models should explore more complex

non-stationary patterns, such as non-linear relationships and the integration of additional physical

covariates. Efforts should also aim to refine the attribution of non-stationarity and expand the
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application of these models to a broader range of hydrometeorological variables. Such advancements

would further enhance the use of SMEV-based models in Non-Stationary Flood Frequency Analysis.

The key findings of the study are as follows:

1. Superiority of Non-Stationary SMEV Models: The non-stationary SMEV framework outper-

forms traditional GEV-based models in Non-Stationary Flood Frequency Analysis (NS-FFA).

GEV-based models tend to underestimate flood quantiles and exhibit higher variability and

bias, particularly for return periods exceeding 10 years, raising concerns about their reliability

in predicting extreme floods.

2. Spatial Variability in Flood Magnitudes: Flood magnitude trends show considerable spatial

variability across Germany, with southern regions experiencing the most pronounced changes,

including both increases and decreases. This highlights the need for spatially tailored flood

management and adaptation strategies.

3. Reduced Uncertainty with SMEV-Based Models: SMEV-based models significantly reduce

uncertainty compared to traditional GEV-based models, particularly for longer return periods

(T > 20 years). This reduction in uncertainty is primarily attributed to the larger effective

sample size achieved by incorporating ordinary events into the estimation of distribution

parameters.

4. Potential for Broader SMEV Applications: The incorporation of ordinary events and temporal

covariates into the SMEV framework demonstrates significant potential for advancing NS-FFA,

offering a more flexible approach to flood frequency analysis under changing conditions.
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This chapter provides an overview of the key findings obtained from the previous chapters.

It highlights the progress made in understanding flood tail behavior and accurately modeling

flood quantiles within the Metastatistical Extreme Value (MEV) framework, showcasing the

contributions of this study. Additionally, practical applications, and directions for further

research stemming from this work are outlined.

5.1 Conclusions

This dissertation focuses on the extension and optimization of the Metastatistical Ex-

treme Value Distribution (MEVD) within both stationary and non-stationary contexts. A

non-parametric approach was developed to identify the optimal ordinary distribution of

streamflow peaks across a large set of catchments in Germany, enabling accurate estimation

of high-flow quantiles in catchments with diverse climatic and physiographic conditions

(Chapters 2 and 4). Additionally, this study integrates multiple runoff-generation processes

within the mixed-SMEV framework to enhance flood estimation accuracy in river basins

exhibiting a flood divide (Chapter 3). The next section briefly summarises the main results

of the dissertation:

1. The study enhances flood quantile estimation by introducing a non-parametric method

for selecting the ordinary distribution of streamflow peaks. This method enables

binary classification of ordinary distribution into lighter-tailed (Gamma) or heavier-

tailed (Log-Normal) distributions, improving the accuracy of flood frequency analysis

across 182 catchments in Germany (Section 2.14). It significantly reduces estimation

errors—lowering underestimation in Gamma distributions by 57% and overestimation

in Log-Normal distributions by 58% compared to a blind MEV application (Section

2.2). Additionally, by leveraging ordinary streamflow data and eliminating the need for

graphical evaluations, the method allows for efficient large-scale analysis and leading

to more reliable extreme flood quantile estimates.
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2. By incorporating information from ordinary streamflow peaks, the MEV ap-

proach—when benchmarked against traditional methods significantly reduces un-

certainty in flood estimation for long return periods (i.e., T > 10 years) across the

majority of river basins, specifically in 135 out of 182 catchments (Section 2.2). The

findings of this study contribute to minimizing both underestimation and overesti-

mation of rare floods, thereby enhancing the reliability of hazard assessments for

infrequent hydrological events.

3. Furthermore, the findings indicate that catchments best represented by a Gamma

distribution (lighter tail) are mainly located in western Germany, where winter floods

triggered by precipitation on wet soils are dominant, with some catchments also

clustered in the Alpine Forelands. In contrast, catchments where a Log-Normal

distribution (which has a relatively heavier tail) is the best choice are located in the

eastern and southern areas of the regions which are influenced by Vb-cyclones that

produce rare but intense rainfall on dry soils, often resulting in severe floods (Section

2.1, Figure 2.1).

4. The findings of this study reveal that river basins experiencing exceptionally high

floods (i.e., a flood divide) exhibit heavy-tailed behavior for one type of flood event

and light-tailed behavior for the other, suggesting that differing tail behaviors are

associated with distinct runoff-generation processes (Section 3.4, Figure 3.1).

5. The mixed-SMEV framework provides a physically grounded method to incorporate

the potential impacts of climate change on flood hazards by explicitly considering the

changes in the nature of runoff-generation processes, offering a robust solution for

addressing future flood risks (Section 3.4). The mixed-SMEV outperforms in river

basins where at least one runoff-generation process follows a heavy-tailed distribution,

enhancing extreme flood prediction. It significantly improves flood magnitude and

frequency estimation in basins prone to extraordinary floods (Figure 3.2). This process-

informed approach outperforms single-SMEV and GEV distributions in predicting

rare flood events (Section 3.5).

6. The non-stationary SMEV approach enhances flood quantile estimation compared to

traditional non-stationary methods. While GEV-based non-stationary models tend to

underestimate flood quantiles and exhibit higher bias for return periods exceeding 10

years (Figure 4.4). Non-stationary SMEV improves accuracy with reduced uncertainty.

The high variability observed in NS-GEV models raises concerns about their reliability

in predicting extreme floods, underscoring the potential of SMEV for more robust

flood risk assessment under non-stationary conditions (Section 4.7).

The findings contribute to a better understanding of heavy-tailed flood behavior and

introduce a robust approach for assessing flood tail heaviness and for the prediction of

extreme floods . This method helps mitigate sensitivity to limited data, a common challenge

in such analyses, and enhances applicability across different regions. These outcomes lay

the foundation for future applications in flood hazard research and engineering, as outlined

in the following section.
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5.2 Future avenues

1. Application in flood frequency guideline: A key application of this research lies

in the selection of appropriate candidate probability distributions for flood frequency

analysis—an essential step for accurately estimating return periods and enhancing flood

risk management (Nerantzaki and Papalexiou, 2022). Misinterpreting the tail behavior

of the underlying distribution can result in significant underestimation or overestimation

of extreme events (Huang et al., 2021; O’Brien and Burn, 2014; Papalexiou et al.,

2013; Vu and Mishra, 2019). To mitigate such risks, current guidelines recommend

pre-estimating tail behavior and carefully selecting suitable probability distributions

(DWA, 2012). This study contributes to that objective by introducing a method for

identifying and potentially predicting heavy-tailed flood behavior.

2. Application in Multivariate Flood Hazard: The increasing concern over the

impacts of environmental changes on extreme floods has led to a growing global focus

on multivariate flood risk assessment (Wang et al., 2022). Unlike traditional flood

models that analyze single flood drivers, multivariate flood hazards arise from the

interaction of multiple contributing factors, such as compound events that occur

simultaneously or sequentially, leading to more severe flooding than individual events

alone. Future research could extend the mixed-MEV approach to address multivariate

flood hazards, thereby improving the comprehensiveness of flood risk assessments.

For example, storm surges driven by strong winds and low atmospheric pressure may

coincide with riverine flooding from heavy rainfall, producing widespread inundation

in both coastal and inland regions. Incorporating multiple hydrological drivers—such

as river discharge and storm surge—into the mixed-SMEV framework would allow for

better modeling of the complex dependencies between flood-generating processes. This

advancement could lead to more accurate and robust flood predictions, supporting

improved risk mitigation strategies and more informed climate adaptation planning.

3. Exploration of complex non-stationary patterns:

Future research should focus on refining MEV-based models by exploring more complex

non-stationary patterns, enhancing the attribution of non-stationarity, and extending

their application to a broader range of hydrometeorological variables. For example,

flood distribution parameters could be modeled as functions of temporally varying

hydrometeorological drivers, thereby increasing the models’ relevance and impact in

flood hazard assessments. The integration of ordinary events and temporal covariates

in SMEV models demonstrates their potential for advancing non-stationary flood

frequency analysis. Expanding the model to include a broader range of physical

covariates, such as climate indices, land use changes, or precipitation patterns, would

provide a deeper understanding of the process driving non-stationarity. This expansion

could improve the attribution of changes in flood behavior and enhance the model’s

robustness across diverse environmental conditions.
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4. Extension of developed framework to diverse geographies regions

Future research could expand the application of MEV-based models beyond Germany

to assess their generalizability across diverse climatic and physiographic conditions.

Extending the proposed method to various climates would help evaluate its robustness

and adaptability. Additionally, global-scale validation could provide valuable insights

into its effectiveness for large-scale flood hazard assessments under both stationary

and non-stationary conditions.

5. Assessing the climate change projections

The intensification of extreme flood events due to climate change and human inter-

vention highlights the need for an accurate assessment of evolving flood likelihood

(Tabari, 2020). In a changing climate, flood risks are expected to vary across different

magnitudes, presenting ongoing challenges for flood control and disaster mitigation.

These assessments are critical for informing flood risk management and decision-

making. However, traditional methods rely on long-term data records, which are often

unavailable or insufficient for climate change studies. Consequently, their ability to

capture future climate-driven changes is constrained by the short length of historical

time series. The MEV approach addresses this limitation by reducing sensitivity to

data scarcity and providing a more robust analytical framework. Future research

should integrate climate models and projections to better understand how shifting

hydrological patterns affect flood quantile estimation, thereby improving the predictive

capacity of flood risk assessments in a changing climate

These research avenues would further refine and expand the utility of the proposed MEV

framework, enhancing its accuracy, adaptability, and predictive power. By integrating

diverse climatic conditions, advanced hydrological models, and automated classification

methods, the approach could become a more robust tool for flood frequency analysis.

Additionally, incorporating non-stationary flood behavior would improve its long-term

reliability, ensuring its continued relevance in addressing emerging challenges in flood

hazard estimation and management.
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