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Abstract

Climate change is expected to intensify the global hydrological cycle by increasing
atmospheric moisture capacity, thereby amplifying the frequency and severity of
extreme weather events. Coupled with complex environmental and anthropogenic
factors, this results in more devastating flood disasters, leading to heightened
casualties, economic losses, and constraints on sustainable development. As scientific
understanding is undergoing a critical transition from global to regional and local
scales—where the actual impacts of disasters unfold— a range of detailed,
interdisciplinary studies are being conducted to provide insights and data support

for reliable and actionable location-specific disaster risk reduction strategies.

However, current local-scale insights often remain fragmented, derived from
disparate datasets, modeling approaches, and spatial scales. This inconsistency limits
cross-scale integration and hampers comprehensive assessments of climate change
impacts. Effective flood-related decision-making across national, regional, and

community levels demands a unified and consistent insights and data foundation.

Focusing on Japan, this study aims to conduct nationwide, high-resolution (150 m,
hourly) flood simulations for events exceeding a 10-year return period under
historical and future climate stages (+2 °C and +4 ‘C warming) and analyze the future
flood change patterns and the transformation of meteorological drivers. A core
challenge lies in achieving computational feasibility for nationwide hydrodynamic
modeling across multiple scales and climate stages while ensuring analytical accuracy

and robustness.

To address this, the study innovatively developed the Aggregating Grid Event (AGE)
method extracting precipitation events from large climate ensembles, which trigger
floods exceeding a specified return period (10 years in this study) at least at one river
cross-section within a given region. The AGE method incorporates river concentration
time into the calculation of precipitation contributions to flood peaks and retrieves
events across multiple scales and locations to ensure comprehensive capture of
impactful events. By simulating only the most critical events, AGE dramatically

reduces computational demands and supports parallel processing strategies.
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Validation on Shikoku Island shows that 2,966 events extracted by the AGE method
can yield comparable discharge quantile estimations to those based on all 25,700
valid events from the same climate ensemble. The relative bias in estimated 100-year
flood remained within +5% across the region, without introducing additional
uncertainty. The AGE method outperforms alternative methods by selecting events
accounting for spatiotemporal precipitation variability and preserving the complete

hydrological process.

Building upon the antecedent investigation, the study constructs a three-step
simulation-estimation framework: (1) identification of regional extreme precipitation
events from a climate ensemble using the AGE method, (2) obtaining flood responses
at each river cross-section using an efficient distributed hydrodynamic model, and (3)
estimating flood frequency curve for each river cross-section using the top 72
discharge peaks and the Peaks-Over-Threshold (POT) method. The 5-km dynamically
downscaled climate projection ensemble, derived from the database for Policy
Decision-making for Future climate change (d4PDF) project, was employed to provide
hourly precipitation data under historical, +2°C, and +4°C warming stages, while
avoiding issues of non-stationarity. The Rainfall-Runoff-Inundation (RRI) model,
which integrates local river cross-section data and reservoir operation, was used for

high-resolution flood simulation.

Applying the simulation-estimation framework to Japan, this study estimated the
100-year flood peak for every river cross-section with a resolution of 150 m, and
analyzed their changes pattern at future climate stages. Nationwide results show that
100-year flood peaks are projected to increase by factors of 1.16 and 1.37 under +2 °C
and +4°C warming stages, respectively. Northern regions, including Tohoku and
Hokkaido, exhibit the greatest increases and climate sensitivity. Within-region
variability is also substantial, with small basins and mountain-plain transition zones
facing disproportionately larger increases. Flood hydrographs are projected to
become steeper, with 10%-20% faster rising limbs, signaling heightened flash flood
risks. Statistically significant increases in flashiness in northern Japan highlight the

need to integrate emerging risks into future flood management plans.

To elucidate the meteorological drivers behind these flood projections, each flood
event is attributed to one of three dominant weather systems using a d4PDF-based
tropical cyclone (TC) track dataset: TC-induced, non-TC events in June-July (NT67,

associated with Meiyu-Baiu fronts), and non-TC events in August-September (NT89,
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linked to autumnal fronts). These three systems account for over 90% of historical
floods, with TCs being the predominant driver (>50%). While the frequency of TC-
driven floods is projected to decline—particularly in northern Japan—due to a
reduction in TC number, shifts in TC tracks and intensification cause a ~20% increase
in TC-driven flood events in the Chugoku region under +2 *C warming stage. Both TC
and non-TC floods show increasing peak discharge and flashiness, with the
contributions of NT67 and NT89 projected to rise by 20%-30%, exhibiting strong
regional characteristics. The increasing complexity and intra-basin heterogeneity in
flood causation challenge traditional flood management practices. Notably,
attribution varies even within individual basins, and climate change is expected to
significantly reorder the dominant drivers of extreme floods (e.g., top 10 events),
underscoring the need for basin-specific, climate-informed flood attribution analysis

and developing countermeasures for different weather-induced floods.

In summary, this study bridges the gap between global flood research and local-scale
flood risk assessments. It establishes a detailed and computationally feasible
framework for mesoscale flood analysis and delivers high-resolution nationwide
projections. The findings reveal emerging high-risk regions and critical shifts in flood-
generating mechanisms, providing essential insights for enhancing adaptive flood
management strategies and strengthening Japan’s resilience to future floods.
Additionally, the generated future flood database offers a valuable resource for

further research on localized flood hazards and their cascading societal impacts.

VII



Abbreviations

1D: one-dimensional
2D: two-dimensional
48h-AMS: 48 h Annual Maximum precipitation Series

+2°C: The future climate stage that the global mean temperature is 2°C higher than

preindustrial level

+4°C: The future climate stage that the global mean temperature is 4°C higher than

preindustrial level

AFEP: Annual Exceedance Probability

AGE: Aggregating Grid Event

AM48: Annual Maximum 48 h rainfall events

AMFS: Annual Maximum Flood Series

AOGCM: Atmosphere-Ocean General Circulation Model

BIAS: relative bias

BM: Block Maxima

CaMa-Flood: CAtchment-based MAcro-scale FLOODplain model
CC: Correlation Coefficient

CI: Confidence Interval

CAs: upstream Contribution Areas

CMIP6: Coupled Model Intercomparison Project sixth phase
CORDEX: COordinated Regional climate Downscaling EXperiment
d4PDF: Database for Policy Decision-making for Future climate change
d4PDF DDSJP: 5-km dynamically downscaled d4PDF over Japan
DEM: Digital Elevation Model

ECMWEF: European Centre for Medium-Range Weather Forecasts
ENSO: El Nifio-Southern Oscillation

FFA: Flood Frequency Analysis

FFC: flood frequency curve

GCM: Global Climate Model

GAN: Generative Adversarial Network

GEV: Generalized Extreme Value distriution
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GLO: Generalized Logistic distribution
GIoFAS: Global Flood Awareness System
GLOFRIS: GLObal Flood RISk

GNO: Generalized Normal distribution
GPD: Generalized Pareto Distribution
IBTrACS: International Best Track Archive for Climate Stewardship
IDF: Intensity-Duration-Frequency

IPO: Interdecadal Pacific Oscillation
J-FlwDir: Japan Flow Direction map
JRRI: localized Japan RRI

KGE: Kling-Gupta Efficiency

KS: Kolmogorov-Smirnov test

MAPE: Mean Absolute Percentage Error

M-CV: Modified Coefficient of Variation

MLIT: Ministry of Land, Infrastructure, Transport and tourism, Japan

MRI-AGCM 3.2: Meteorological Research Institute Atmospheric General Circulation
Model 3.2

M-K: Mann-Kendall test

NEX-GDDP: NASA Earth Exchange Global Daily Downscaled Projections

NHRCM: Non-Hydrostatic Regional Climate Model

NSE: Nash-Sutcliffe Efficiency

NT67: Non-TC events in June-July

NT89: Non-TC events in August-September

PE3: Pearson Type III distribution
PGW: Pseudo Global Warming
POT: Peaks-Over-Threshold

PrecStre: Precipitation Stretching method

PrecStre-I: Estimates precipitation frequency using all ensemble members
PrecStre-S: Obtains precipitation quantiles from the ensemble mean

Q50: Discharge at 50-year return period

Q100: Discharge at 100-year return period

R: correlation coefficient

RBA: Relative Basin Area

RCP: Representative Concentration Pathway

RCID: Relative Confidence Interval Difference
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RCM: Regional Climate Model

RDCT: Rainfall During the Concentration Time

REC: Regional Envelope Curve

RMSE: Root Mean Square Error

RPD: Relative Peak Difference

RRI: Rainfall-Runoff-Inundation model

RRAR: Radar Rain gauge Analyzed Rainfall

RRMSE: Relative Root Mean Square Error

SI-CAT DDS5TK: Dynamical DownScaling data for near future atmospheric projection
(from Tohoku to Kyushu) by the Social Implementation program on Climate change
Adaptation Technology

SST: Sea Surface Temperature

SSP: Shared Socioeconomic Pathway

TAD: Total Absolute Displacement

TC: Tropical Cyclone

TR: Total Rainfall

WAK: Wakeby (a five-parameter distribution)

WEB-RRI: Water and Energy Budget-based RRI
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Introduction

1. Introduction

1.1 Background

1.1.1 Floods and climate change

Throughout the long arc of human history, the struggle against flooding has remained
a persistent challenge intertwined with societal advancement. This struggle has seen
a profound shift—from passive endurance to active defense. Yet, victory remains
elusive, as climate change propels flood risks into unprecedented and uncertain

territory.

Climate change entails long-term alterations in temperature and climate patterns
across atmospheric, oceanic, and terrestrial systems, predominantly driven by
anthropogenic greenhouse gas emissions. Its most prominent effects include global
warming and the increasing frequency of extreme weather events (IPCC, 2021). By
enhancing atmospheric water capacity at approximately 6.5% per degree Celsius
(Allen and Ingram, 2002), climate change accelerates the hydrological cycle, thereby
increasing the frequency and severity of extreme precipitation and amplifying flood
hazards (Donat et al., 2016; Dong et al., 2020; Fowler et al., 2021; Prein et al., 2017;
Westra et al., 2014). Beyond atmospheric moisture, climate change exacerbates flood
risks through multiple pathways. Warmer oceans fuel more destructive tropical
cyclones by providing more latent heat energy (Emanuel, 2005; Li et al., 2017; Tu et
al., 2018). Storm surges during landfall—especially when coinciding with sea-level rise
and astronomical high tides—can trigger compound flooding, intensifying risks in
coastal areas (Bates et al., 2021; Maymandi et al., 2022; Mitu et al., 2023; Wang et al.,
2024; Ward et al., 2018). In some regions, accelerated glacial melt may raise flood
peaks and cause glacial lake outburst floods (Ikeda et al., 2016; Shugar et al., 2020).
Additionally, emerging environmental features associated with human
development—such as urbanization that reduces infiltration through surface
hardening, and increased aerosol concentrations that intensify extreme precipitation
risks—further expose human society to unprecedented flood hazards (Miller et al.,
2014; Rosenfeld et al., 2014; Tang et al., 2024; Zhang et al., 2018; Zhao et al., 2024)

As one of the deadliest natural hazards, floods impact society across numerous

dimensions, including loss of life, destruction of infrastructure and property, and
1
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disruption of agriculture (Koks et al., 2019; Sun et al., 2019a; Verschuur et al., 2024).
These direct impacts often cascade into secondary crises in public health, food and
energy security, and ecosystem stability (Ivers and Ryan, 2006; Liu et al., 2019; Vestby
et al,, 2024; Ye et al., 2024). Between 1998 and 2017, floods accounted for 43.4% of
all global disasters, affecting two billion people, causing over 142,000 deaths, and

incurring USD 656 billion in economic losses (Wallemacq et al., 2018).

To curb global warming and mitigate disaster-related losses, the international
community has reached a series of agreements, including the Kyoto Protocol, the Paris
Agreement, and the Sendai Framework for Disaster Risk Reduction. The Paris
Agreement aims to limit global warming to well below 2 °C above pre-industrial levels,
with efforts constrain it to 1.5 °C. Notably, as the responses of human and ecological
systems to climate change are non-linear, the 1.5 °C target is regarded as a critical
threshold triggering irreversible tipping points (Hoegh-Guldberg et al., 2019).
Unfortunately, 2024 marked the first year in which the global mean temperature
surpassed 1.5°C above pre-industrial levels, suggesting the Paris target may be
exceeded within the next two decades (Bevacqua et al.,, 2025). This milestone
underscores the urgent necessity of addressing flood risks under more severe
climate scenarios through proactive adaptation, disaster risk reduction, emergency

preparedness, and resilience-building initiatives.
1.1.2 Floods in Japan

Floods in Japan is primarily driven by intense precipitation associated with tropical
cyclones, frontal systems, and mesoscale convective systems. Owing to Japan’s
mountainous terrain and small river basins, flash flood is a common flood type,
which is characterized by rapid flow velocities and short durations, typically reaching
peak discharge within 12-24 hours of rainfall onset (Collier, 2007; Georgakakos, 1986;
Marchi et al., 2010; Raynaud et al., 2015), and are often accompanied by landslides
and debris flows (Mori and Ono, 2019; Yokoya et al., 2022).

Several recent events underscore the diversity and destructive of Japan’s floods. In
October 2019, Typhoon Hagibis struck eastern Japan, damaging 325 rivers, breaching
142 levees, and resulting in 114 fatalities or missing persons (Cabinet Office, 2020;
MLIT, 2020). In July 2018, heavy rainfall associated with the Baiu front—a quasi-
stationary frontal system—damaged 315 rivers and breached 37 levees, causing 245

deaths or missing persons in western Japan (Cabinet Office, 2019; MLIT, 2019). Most
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recently, in September 2024, record-breaking rainfall from a line-shaped rainband—a
mesoscale convective system—caused 63 casualties and displaced 244 people on a
Ishikawa prefecture (Cabinet Office, 2024).

The simulation and forecasting of flash floods—especially in ungauged basins—
remain challenging due to the complex hydrological responses in mountainous
terrain and the rapid concentration of runoff (Ciervo et al., 2015; Wang et al., 2023;
Zhai et al., 2021). Hydrodynamic models, which capture the physical processes of
flood generation and propagation, offer a robust approach for simulating flash
floods in ungauged regions (Ciervo et al., 2015; Liu et al., 2025). Accordingly, flood
studies in Japan typically rely on hydrodynamic modeling, with a strong emphasis on
high spatial and temporal resolution (Huang et al.,, 2023; Tanaka et al.,, 2020;
Taniguchi et al., 2022; Tezuka et al., 2014). However, hydrodynamic models require
much more computational resources than statistical or hydrological methods,

which hinder their application on large domains.

Japan’s flood risk management has evolved through several paradigm shifts. The first
era (1910-1935) marked the initial development of modern flood control plans during
Japan’s transition to a modern state. The second era (1935-1970) responded to major
flood disasters by revising flood control strategies and introducing techniques such
as frequency analysis. The third era (1970-2010) focused on addressing urban
flooding and environmental concerns amid rapid urbanization and economic growth
(Nakamura and Oki, 2018).

Currently, Japan is entering a new phase of flood risk governance shaped by
climate change and growing emphasis on public awareness and engagement. The
government’s recent policy initiative, “River Basin Disaster Resilience and
Sustainability by All,” advocates for comprehensive stakeholder involvement,
spanning both public and private sectors (MLIT, 2024a). High-resolution flood
projections that incorporate climate change are becoming increasingly critical for

informing the public and facilitating effective policy implementation.
1.1.3 Climate projection ensemble

Scientists have developed a series of Global Climate Models (GCMs) to project future
climate under various greenhouse gas emission and socioeconomic development

scenarios. However, due to the climate system’s high sensitivity to initial conditions,
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substantial uncertainties remain in future projections (Deser et al., 2012, 2014;
Lorenz, 1963; Palmer, 1999; Shepherd, 2014). To quantify and mitigate these
uncertainties—stemming from models, parameters, inputs, and scenarios—the
Coupled Model Intercomparison Project (CMIP) was established to support
standardized simulations and enhance the robustness of climate impact assessments
(Eyring et al.,, 2016). CMIP is currently in its sixth phase (CMIP6), utilizing
Representative Concentration Pathways (RCPs) and Shared Socioeconomic Pathways
(SSPs) to characterize emission trajectories and socioeconomic futures (Riahi et al.,
2017; van Vuuren et al., 2011).

However, GCMs typically operate at coarse spatial resolutions (~100-200 km), limiting
their ability to capture the structure details of mesoscale weather systems, and their
complex interactions with topography, thereby constraining regional-scale impact
assessments (Chen et al., 2021a; Kitoh et al., 2016a; Pontoppidan et al., 2017; Prein et
al.,, 2015, 2017; Rasmussen et al., 2014). To overcome this, Regional Climate Models
(RCMs) have been developed to dynamically downscale GCM outputs using physically
based processes tailored to specific regions, yielding more reliable regional

projections (Sasaki et al., 2011).

The above climate projection schemes are inherently evolutionary, meaning the
climate state continuously changes throughout the simulation period. This introduces
non-stationarity into Flood Frequency Analysis (FFA), as changing climate conditions
undermine the assumption of stationary statistics (Milly et al., 2008). The Pseudo
Global Warming (PGW) technique provides a viable solution by coupling reanalysis
data with detrended future climate signals for targeted future periods (Taniguchi et
al., 2022). This method is commonly applied to assess future changes in specific
events, such as tropical cyclones, known as storyline analysis (Shepherd et al., 2018;
Takemi, 2019; Tanaka et al., 2023).

Recently, the PGW approach has been extended to longer-term projections, leading to
the development of the database for Policy Decision making for Future climate change
(d4PDF), a high-resolution large ensemble global climate dataset (Fujita et al., 2019;
Mizuta et al., 2017). Regions surrounding Japan have been further downscaled to fine
spatial (5km) and temporal (hourly) resolutions (Kawase et al., 2023), enabling
robust assessments of future frequencies of extreme events, including heavy
rainfall, snowfall, floods, and droughts (Hatsuzuka et al., 2020; Kawase et al., 2020;
Miyasaka et al., 2020; Ohba et al., 2022; Tanaka et al., 2018; Zhao et al., 2023).
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1.1.4 Flood projections under climate change

Current research on future flood projections can be broadly divided into two spatial
scales: macroscale and microscale. Macroscale studies address global or continental
extents, aiming to identify long-term trends and broad spatial patterns (Alfieri et al.,
2015b; Hirabayashi et al., 2013; Pappenberger et al., 2012). These studies typically
employ cascade modeling frameworks that couple land surface or large-scale
hydrological models with computationally efficient global flood models (Hoch and
Trigg, 2019). In contrast, microscale studies target individual river basins, tributaries,
or specific flood events, focusing on detailed transformations in flood mechanisms
under future climate conditions. These studies often utilize high-resolution
hydrological and hydrodynamic models to capture localized processes (Shi and
Shiraiwa, 2023; Yamamoto et al., 2021; Yu et al., 2019; Zhao et al., 2016).

However, a mesoscale framework is needed to bridge the gap between macroscale
projections and microscale process understanding. Mesoscale modeling refers to
simulations encompassing large domains—such as entire countries or major
transboundary river basins—while maintaining sufficiently high spatiotemporal
resolution to resolve local hydrological dynamics. At this scale, local features such as
reservoirs, levees, river cross-section geometries, and tributary divergences critically

influence flood behavior and should be explicitly represented.

Achieving consistency and complementarity between macro- and micro-scale
projections is essential for national flood risk management and regional disaster
analysis, but presents significant technical challenges. The incorporation of physical
processes in hydrodynamic models is indispensable for reliable outcomes, especially
in ungauged basins or when representing flash flood dynamics. High-resolution,
large-domain hydrodynamic simulations inherently demand considerable
computational resources. Utilizing climate projection ensembles will further
exacerbate the number of required simulations. The computational feasibility
should be guaranteed, while avoiding excessive simplification that compromises

accuracy.

Therefore, the core challenge of this dissertation lies in developing methods to
balance accuracy and computational feasibility, serving for projecting future flood
frequencies across all river sections in Japan using an ultra-high spatiotemporal

resolution hydrodynamic model.
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1.2 Research objectives

The overarching goal of this study is to investigate changes in flood patterns across
Japan—encompassing national and regional trends, flash flood risks, and
meteorological driver transitions—under climate change from a hyper-resolution
perspective. To achieve this, the study incorporates methodology development, flood

projections, and pattern change analysis. The specific objectives are as follows:

1. To evaluate the impact of precipitation variability on different FFA methods,
thereby identifying the most suitable approach for a regional event-based flood

quantile estimation framework.

2. To develop a method for detecting regional extreme precipitation events that
preserve the spatiotemporal coherence of rainfall across multiple locations and scales,
enabling robust estimation of flood frequency curves at all river grid cells within the

study domain.

3. To assess the performance of the proposed methodology in processing climate
ensemble datasets, with a focus on estimating flood quantiles (e.g., 100-year flood),
and to compare results with those derived from conventional flood design

approaches.

4. To analyze projected changes in flood patterns over Japan by applying the
developed methodology to a large climate ensemble dataset and simulating floods at

2°C and 4°C warmer climate stages using a nation-wide hydrodynamic model.

5. To characterize the transitions in weather system associated with projected
extreme floods, providing actionable insights for local flood prevention and

adaptation strategies.

The successful completion of these objectives will establish a novel methodological
framework for future flood risk assessment, enhance scientific and public
understanding of climate-induced flood hazards in Japan, support the
implementation of participatory flood risk management policies, and inform critical

decision-making at the national and regional levels.
1.3 Outlines

The structure of this dissertation is outlined in Figure 1-1. To enable hyper-resolution
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flood simulations across Japan—at 150 m spatial and 1-hour temporal resolution—
and to project changes in flood regimes at all river cross-sections using a large
dynamically downscaled climate ensemble (totaling 2,160 simulation years), a novel
methodology is required to balance accuracy and computational feasibility. This

challenge propels the research presented in Chapters 2 and 3.

Chapter 2 attempts to reduce computational demand associate with FFA by
constructing a regional extreme precipitation event set, and subsequently evaluates
the applicability of two mainstream FFA methods—Block Maxima and Peaks-Over-
Threshold.

Chapter 3 is motivated by the limitations of conventional event selection methods,
such as the basin-averaged annual maximum approach, which fails to capture the
spatiotemporal variability of precipitation, resulting in inaccurate FFA in tributaries.
To address this, the chapter developed the Aggregating Grid Event (AGE) method,
which extracts precipitation extremes across multiple locations and scales, and

aggregates them into a coherent regional event set.

Methodology development

Chapter 2: Chapter 3:
Comparison of Regional event-based —> Development of the Aggregating Grid
frequency analysis methods Event method

Evaluation:

National application

Chapter 4: Chapter 5:
Evaluation on process-based flood Projecting future floods at multiscale
quantile estimation methods rivers over Japan

Weather system attribution

Chapter 6:

Analysis of flood-causing weather
systems

Figure 1-1 Outline of this dissertation

Chapter 4 validates the AGE method by comparing its performance against the flood

quantile estimation results from a full event set and a conventional flood design



Introduction

approach, demonstrating its reliability and methodological advantages.

Chapter 5 applies the AGE method at the national scale to process the large climate

ensemble and perform comprehensive flood simulations and pattern analyses.

Chapter 6 integrates a global tropical cyclone track dataset to identify the dominant
meteorological systems responsible for projected extreme floods and assesses how

shifts in these systems influence future flood characteristics in Japan.

Together, these chapters offer novel insights into projected flood regime changes and
their meteorological drivers under varying climate warming stages. The findings
contribute to advancing climate change impact assessment, informing disaster risk

reduction, and supporting adaptive flood management strategies in Japan.
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2. Evaluation of Regional event-based frequency

analysis methods”

Abstract

High-resolution nationwide hydrodynamic simulations across climate stages requires
a brand-new framework to reduce computational cost. This chapter proposes an
event-based regional approach to estimate discharge quantiles at all river sections of
a given region (i.e., Shikoku Island in this chapter). The distributed rainfall-runoff-
Inundation (RRI) model and a large climate projection ensemble are used for flood
simulations. Peak discharges based on regional annual maximum 48 h rainfall events
(AM48) are obtained for Flood Frequency Analysis (FFA). Meanwhile, the peak
discharges based on basin AM48 are prepared for obtaining reference results. The
Peak-Over-Threshold (POT) and Block Maxima (BM) methods are used as alternative
FFA approaches, which can exclude abnormal high-frequency discharges by elevating
thresholds. The POT-based FFA showed good and stable accuracy when using peak
discharges in the range of the top 10% to 50%. The BM method, employing block sizes
of 2 to 5 years, can generate relatively accurate frequency curves, but the choice of
block size introduces significant variations in results among certain basins. Generally,
the accuracy of results based on the POT method surpasses that of the BM method.
Considering the accuracy, computational cost, and result stability, the POT method is
preferred. The error introduced by the regional approach was acceptable with more
than half of the relative root mean square errors remaining within 10% and basically
all of the results are within 20%. The results of the regional approach exhibited good
accuracy across climate stages and provided consistent information regarding future
flood quantiles. This study serves as the foundation for high-resolution future flood

risk assessment.

This chapter is based on the publication:

Chen, J., Sayama, T., Yamada, M., & Sugawara, Y. (2024). Regional event-based flood quantile
estimation method for large climate projection ensembles. Progress in Earth and Planetary
Science, 11(1), 16
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2.1 Introduction

Floods, whose risk are influenced by climate change have substantial economic and
social ramifications (Hirabayashi et al. 2013; Winsemius et al. 2018; Tellman et al.
2021). Flood intensity and frequency have been reported to increase due to climate
change (IPCC, 2021). These changes necessitate proactive risk-management strategies

for human settlements, urban planning, and socioeconomic development.

Typical flood hazard assessments rely on extensive data collection, detailed hydraulic
engineering surveys, and hydrological and hydrodynamic modeling (Martinez et al.,
2018; Zeng et al., 2022). Such approaches (e.g. Institute of Hydrology, 1999) often
adopt statistical methods, such as intensity-duration-frequency or depth-area-
duration methods, to design rainfall intensity for a specified return period (Gellens,
2002; Sun et al., 2019b) and rainfall pattern (Yan et al., 2020). However, because of
the variability in precipitation, the impact to different river sections of an event is
different. While statistical method selecting events by specifying an outlet first, which
means the simulation result cannot be used for investigating other river sections in
the same basin (e.g., precipitation events that cause a 100-year flood in a particular
basin may not necessarily result in floods with the same return period in its sub-
basins). Moreover, preparing designed rainfall and conducting hydrologic simulations
for all river sections, including sub-basins, over a large region is impractical (Packman
and Kidd, 1980; Watt and Marsalek, 2013). Another issue is that the return period of
rainfall and floods have no unified correspondence; thus, results obtained from the
design storm may not represent the actual river flood intensities for the return
periods (Breinl et al., 2021).

To achieve reliable national- or global-scale flood risk assessment, several approaches

have been proposed, including analysis-based and cascade modeling approaches

(Dottori et al., 2016; Hoch and Trigg, 2019). The analysis-based modeling approach
utilizes regional Flood Frequency Analysis (FFA) with observed discharge datasets to
estimate peak discharge and employs cluster algorithms to extend the results to
ungauged basins based on catchment descriptors (Sampson et al. 2015; Smith et al.
2015; Wing et al. 2017, 2020). The cascade modeling approach, exemplified by the
utilizations of GIoFAS (Dottori et al., 2016), GLOFRIS (Winsemius et al., 2013), and
ECMWEF (Pappenberger et al., 2012) typically employ a land surface model with a river
routing model such as CaMa-Flood (Yamazaki et al., 2013) or LISFLOOD (Bates et al.,
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2010) to compute flood peaks over large domains based on long-term simulations.
The simulated flood peak discharges at each river section can then be statistically
analyzed to compute those with certain frequencies. The estimated discharges are
used as inputs to high-resolution hydrodynamic models. For example, Alfieri et al.
(2014) employed LISFLOOD to generate a continuous 21-year daily discharge sequence
for the pan-European region at a resolution of 5 km, and mapped flood hazards at a
resolution of 100 m. However, these approaches have difficulties in handling large
climate projection ensembles. The analysis-based modeling approach relies on an
observed discharge dataset, which is unavailable for future scenarios. Thus, the
cascade modeling approach is more applicable for climate change impact assessment.
Nevertheless, even with low-resolution cascade simulations, the computational
requirements are significant because of the numerous climate projection ensembles
spanning several decades. Moreover, errors and uncertainties are associated with
discharge results from simulations at low resolutions (Meade et al. 1991; Alfieri et al.
2014; Zhao et al. 2017). Sampson et al. (2015) suggested that its applicability in
regions with low-quality topographic data is yet to be demonstrated and quantified.
Therefore, considering new approaches for large-scale flood simulations under
climate change and obtaining accurate peak discharges at specific return periods for

local flood hazard mapping is necessary.

In this study, we propose an event-based approach to obtain the peak discharge in all
river sections. To distinguish this approach from the conventional event-based
approach (called the basin approach in this study), which focuses only on a single-
basin outlet, the new approach is hereafter referred to as the regional approach. The
regional approach aims to reduce the computational burden with relatively low errors
for large climate projection ensembles.

Event-based simulations, including the regional approach, confront the challenge of
precipitation variability. Some events lead to high discharge in specific river sections
and low discharge in others. These cases ultimately result in severe errors in the FFA.
To reduce these impacts and obtain accurate peak discharges for each river section
at specific return periods, we further exam screening methods using Block Maxima
(BM) and Peak Over Threshold (POT). The problems addressed in this study are as
follows:

1. Which method-BM or POT-is more suitable for frequency analysis based on the

result using regional approach? How should its corresponding parameters be
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selected?
2. How much error will be introduced by the regional approach?
3. Will the approach be valid under future climate conditions?

Based on the challenges faced when studying floods under climate change, this study
provides a novel approach for large-scale and high-resolution flood simulations.
Additionally, the cases selected in this study shed light on the potential magnitude of
errors and uncertainties introduced by the regional approach, which can inform

efforts for further improvement.

2.2. Methods

2.2.1 Regional approach

Figure 2-1 compares the key steps of the conventional basin approach and the
proposed regional approach. Both approaches extract extreme rainfall events. While
the basin approach extracts events based on basin average precipitation, the regional
approach extracts them based on an entire region, in this case Shikoku Island, which
contains multiple river basins. The former approach has been adopted in Japan for
estimating annual maximum peak discharges corresponding to different return
periods (i.e., flood quantiles) by simulating flood discharges with a rainfall-runoff
model. In case we use a distributed rainfall-runoff model, we can simulate discharges
even at tributaries within the basin. However, the estimated discharges do not
necessary represent the quantiles at each river section, except for the outlet of the
basin, because of the spatial variability of precipitation of the extracted events. In
order to obtain a flood quantile map, which is our objective here, we have to apply
the basin approach for each river sections even within a river basin. Obviously, that
requires enormous computation, which is not practically possible. As an alternative
approach, we introduce the regional approach. The method extracts large number of
rainfall events from a climate projection ensemble based on the amount of rainfall
over a region. Then we estimate flood peak discharges using a distributed rainfall-
runoff model. Here we hypothesize that discharges with longer return periods at
different river sections have high probability to be affected by a series of extreme
precipitation events. That means if we extract sufficient number of events and
adequately screen the peak discharge data based on POT or BM, we can estimate the
flood quantiles at all river sections. To evaluate the accuracy, we can compare the one
12
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estimated by the basin approach (at the outlet) and the regional approach. Given the
ample data provided by climate projection ensembles spanning centuries, the
criterion for extreme events in this study was the annual maximum 48 h precipitation
(48h-AMS). Subsequently, a distributed high-resolution hydrologic model, the
Rainfall-Runoff-Inundation (RRI) model, was employed to simulate the discharges for
each river section. Because of the variability in precipitation, event-based simulation
results may contain low discharges, which necessitate the adoption of the POT and
BM methods as potential solutions for estimating the frequency curves. The flood

quantiles were obtained by further screening the discharge and conducting FFA.

In this study, discharges from the basin outlets derived via the basin approach were
considered as references. The criterion for extreme events in the basin approach
remains the 48h-AMS, and computed for each basin within the study area. A
comparison was made between the results obtained from the basin and regional

approaches.

d4PDF
(3 Scenarios * 12 members * 31 years)

select events by 48h-AMS of select events by 48h-AMS of
each basin Shikoku Island
(372 events / basin / scenario) (372 events / scenario)

150 m RRI model

l
y 2

A 4
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= 372 * 8 peak discharges 372 * 8 peak discharges ?
% / scenario / scenario us,
o (reference) (to be evaluated) g
= ' 5
= v ! =
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m a
=

L Flood Frequency Analysis J

l

! !

referenced frequency curves frequency curves of each
¢ trequency cu basin from POT / BM using
of each basin ]
different parameters

optimal parameter, method, and
error analysis

Figure 2-1 Flow chart of the basin and regional approaches for this chapter

A numerical experiment was conducted on Shikoku Island (applying the regional
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approach) and its eight major river basins (applying the basin approach as a reference).
In particular, we evaluated the performance of the regional approach with different
screening parameters. For the POT method, the screening parameter is a threshold
above which they will be included in the frequency analysis. For the BM method, the
screening parameter is an interval at which the maximum value is determined,
referred to as block size (Zou et al.,, 2021). In addition, we verified the performance
of the regional approach in the 2 K and 4 K scenarios (the Sea Surface Temperature
(SST) rises 2 K and 4 K, respectively) by comparing the flood quantiles with those from
the basin approach. The effects of the frequency analysis method and sources of error

are discussed later in this paper.

2.2.2 Rainfall-Runoff-Inundation model

This study used the RRI model, a two-dimensional distributed hydrodynamic model,
to simulate the physical processes involved in the transition from precipitation to
runoff (Sayama et al. 2012). It discretizes the study area and divides it into land and
river channel grids using two-dimensional and one-dimensional diffusion wave
equations to describe water movement, respectively. River channel grids contain
information of levees, allowing the RRI model to simulate runoff overflows and
returns in the river grids. In terms of runoff components, the RRI model considers
surface and lateral subsurface flows, which are important in mountainous areas
(Sayama and McDonnell 2009). The Green-Ampt model (Green and Ampt, 1911) was
used to model infiltration. The fifth-order Runge-Kutta formula (Cash and Karp, 1990)
was used as the numerical scheme to ensure efficiency and accuracy. The RRI model
performs well in Japan and Southeast Asian countries (Sayama et al. 2015, 2017, 2020;
Bhagabati and Kawasaki 2017; Yamamoto et.al 2021; Try et al. 2022). Due to the good
performance, Rasmy et al. (2019) further developed a Water and Energy Budget-based
RRI (WEB-RRI) model in Sri Lanka for local water resources and disaster management
under a changing climate. Even though the WEB-RRI model is advantageous in terms
of estimating long-term water and energy budget, which is essential for the
applications of the model to water resources management, the original RRI model is
thought to be suitable for the present study because of the physically sound and
simple representations of the subsurface and surface runoff processes, essential for
event-based storm runoff predictions even in ungauged basins. In a previous study,
the RRI model had been well calibrated across Japan, and these model parameters
were followed in this study (Yamada et al., 2022; Yamakita, 2023).

14
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The peaks of the RRI model results based on the 48h-AMS extracted for each basin
are called the basin Annual Maximum Flood Series (AMFS), which was used as the
reference for this study and has a total of 372 (discharge peaks) x 8 (basins) x 3
(scenarios) values. The simulation results using 48h-AMS which were extracted for
Shikoku Island and then extracted at the outlet of each basin, are called the regional
AMES, which also has 372 x 8 x 3 values.

2.2.3 Frequency analysis method

Depending on the sample selection method, frequency analysis can be classified into
the BM and POT methods (Mostofi Zadeh et al., 2019). The BM method divides a time
series into equal-sized blocks and extracts the maximum value for each block. The
most typical application of the BM method in hydrology is the annual maximum
method. The L-moment method is used to estimate parameters of each distribution
(Hosking and Wallis, 1993). For the BM method, the optimal distribution is ultimately
determined to be the Pearson Type III (PE3), as given by Eq. 2-1, among those tested
distributions including Generalized Logistic (GLO), Generalized Extreme Value (GEV),
Generalized Normal (GNO), Generalized Pareto Distribution (GPD) and PE3. The
results of the goodness-of-fit statistic Z, used for selecting the optimal distribution,
are detailed in Tables S1 to S3. However, according to the definition of block maxima,
only one value can be selected within a block. That means, in years with abundant
precipitation, multiple flood events may occur, but the second-largest discharge
cannot be chosen as an “extreme value”, even if it surpasses the maximum in a
drought year. While in a drought year, no matter how low the discharge was, it will be
selected as an “extreme value”. Due to the abovementioned limitation, the BM method
is possible to miss high values and select low values, causing inaccurate frequency
analysis results (Ferreira and de Haan, 2015). The POT method selects all data above
a certain threshold. The newly created sequence theoretically follows the GPD (Eq. 2-
2) (Lang et al., 1999).

0'5

PE3(x) = = (x - W texp (—o(x — ) (2-1)
_ AN/
GPD(x) = 1-a +€( o )) fore =0 (2-2)
1—exp(—%) foré&=0

where &, u, and o are the shape, location, and scale parameter, respectively.
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The distribution for reference results refers to Figure S1. All three parameters are
estimated by L-moment method. The block size and threshold are the key parameters
that must be artificially determined for the BM and POT, respectively. Although many
studies have been conducted on the choice of a reasonable threshold for a POT, the
aim is to find a low threshold for using as much data as possible (Langousis et al.,
2016; Mostofi Zadeh et al., 2019; Swetapadma and Ojha, 2021). In this study, because
of the numerous climate projection ensembles, we attempted to use high thresholds
to balance efficiency and accuracy. Due to the spatial variability of precipitation, some
of the regional 48h-AMS may result in low discharges in specific sub-basins. Therefore,
using a high threshold is advantageous for filtering low discharges. Furthermore,
because the POT method allows for more precise threshold control, it was chosen as
the frequency analysis method for the basin AMFS. As the design floods of most
infrastructures focus on a return period longer than 10 years, the maximum threshold
for the POT was set to the top 10% of the AMFS in descending order. Correspondingly,
the maximum block size of the BM was set to 10 years. A series of possible parameters,
categorized as Model 1 to 6, are listed in Table 2-1. The extracted AMFS were
nonstandard annual series, the probability P corresponding to the standard return
period T must be calculated using Eq. 2-3, where the npy refers to the number of

discharge peaks per year.

Table 2-1 Parameters of the POT and BM data selection methods

Models 1 2 3 4 5 6
POT o . . , . .
(threshold) 107 20% 30% 40% 50% 100%
BN;(ZT)O ck 10 Years 5 Years 4 Years 3 Years 2 Years 1 Years
41
P=1 Txnpy (3)

The FFA results were evaluated using the relative bias (BIAS; Eq. 2-4) and Relative Root
Mean Square Error (RRMSE; Eq. 2-5).

BIAS = % x 100% (4)
1
=Y Vex—Yr)?
RRMSE =YY" —(——— (5)
n Yr«
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where y, and y, are the quantiles corresponding to different return periods between
10 to 1000 years every one-year. They are estimated based on the fitted curves to the
simulated peak discharges by the regional and the basin approaches, respectively.
The BIAS indicates how the regional approach is biased compared to the basin one.
On the other hand, RRMSE compares the simulated peak discharges by the basin
approach (y,,) and the fitted curve by the regional approach denoted as y,,, which are
corresponding to discrete return periods. Hence unlike the BIAS index, the RRMSE
indicates the degree of errors more directly by the regional approach compared to the
reference one without uncertainty associated to the curve fitting to the y,... The model
results can be regarded as excellent if RRMSE < 10%, good if 10% < RRMSE < 20%, fair
if 20% < RRMSE < 30%, and poor if RRMSE > 30% (dos Santos et al., 2016).

2.3 Study Area and Data

2.3.1 Study area

The study area of Shikoku Island, Japan, is located between 132-135°E and 32.5-
34.55°N (Figure 2-2). It is a relatively independent area separated from Honshu Island
by the Seto Inland Sea to the north and surrounded by the Pacific Ocean on its three
other sides. The area of Shikoku Island is 18,785 km?, 70% of which is covered by
forests. Similar to other regions of Japan, it is mountainous and steep, with the
highest peak on the island (with a summit of 2,000 m) descending to sea level within
50 km.

Table 2-2 Morphological parameters of the eight major river basins of Shikoku

Island

Basin Area (km?) Length (km) Ele‘;il)%(r)geo(i:)wer
Yoshino 3750 194 1897
Watari 2186 196 1336
Niyodo 1560 124 1982

Hiji 1210 103 460

Naka 874 125 1929
Monobe 508 71 1770
Shigenobu 445 36 1233

Doki 140 33 1059

Shikoku Island has an average annual temperature of nearly 14 °C, making it a major

producer of early rice crops in Japan (Yoshida et al., 2012). The spatial distribution of
17
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average annual precipitation varies considerably due to frontal storms and typhoons
(Kamahori and Arakawa 2018; Tada et al. 2018; Otaki et al. 2022), from about 1,200
mm in the north to 2,500 mm in the south and 4,000 mm in the mountains (Yao and
Creed, 2005)

28°Nf ‘%}Mﬁe ﬁy/‘k 4
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Figure 2-2 Overview of Shikoku Island

The main reasons for selecting Shikoku Island as the study area were its relatively
independent geographical conditions, significant differences in precipitation, and
flood-prone terrain. The morphological parameters of its eight major river basins are
listed in Table 2-2.

2.3.2 Data

The database for Policy Decision-making for Future climate change (d4PDF) is an
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open-access dataset used to study climate change impacts and plan adaptation
(Mizuta et al.,, 2017). The dataset was dynamically downscaled from the 60 km
Meteorological Research Institute Atmospheric General Circulation Model 3.2 (MRI-
AGCM 3.2), using a 20 km Non-Hydrostatic Regional Climate Model (NHRCM) (Sasaki
et al., 2011). External forcing was derived from MRI-AGCM 3.2 and the boundary
conditions were derived from MRI-CM (Deushi and Shibata, 2011) and MRI-CGCM3
(Yukimoto et al., 2012). The differences between simulations in the same scenario
were mainly caused by the difference in SST between current and future climate (ASST)
and perturbations (8§SST). The spatiotemporal distributions of ASST was provided by
six CMIP5 (Coupled Model Intercomparison Project phase 5) models (Mizuta et al.,
2017). Owing to the large number of ensembles that facilitate uncertainty reduction
and good extreme event reproducibility (Tanaka et al. 2018; Ishii and Mori 2020),
d4PDF has been widely used to study extreme precipitation, snowfall, drought, and
water resource assessment (Kawase et al. 2016, 2020; Ohba and Sugimoto 2019;
Hatsuzuka et al. 2020; Miyasaka et al. 2020; Ohba et al. 2022).

The data used in this study were further downscaled using the 5 km NHRCM. This
dataset is called dynamical downscaling data for near-future atmospheric projection
(from Tohoku to Kyushu) by the Social Implementation program on Climate change
Adaptation Technology (SI-CAT DDS5TK), which is funded by the Ministry of
Education, Culture, Sports, Science and Technology, and covers the Tohoku to Kyushu
regions of Japan. This included three scenarios (current, 2 K ASST, and 4 K ASST) with
31 years x 12 members (2 x 6 SST patterns) (Mizuta et al. 2017; Fujita et al. 2019).
More specific parameter settings can be found in Sasai et al. (2019). These 12

members were used as a complete dataset.
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2.4 Results

2.4.1 Evaluation of the current scenario
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Figure 2-3 Accuracy comparison of applying the POT and BM methods using
different parameters for Watari basin.

Model 1-6 indicate the precipitation data come from current scenario and the

parameter corresponds to the value of Model 1-6 in Table 2-1. Blue points and lines
represent the basin AMFS and frequency curve, respectively. Red points and lines
indicate the regional AMFS and frequency curve, respectively. Green dashed lines
show the BIAS between the basin and regional results

A primary objective of this study was to determine the optimal combination of
frequency analysis methods for integration into the regional approach. Figure 2-3,
using the Watari river basin as an example, illustrates the frequency curves fitted by
the POT and BM methods using the six parameters from Table 2-1. It is crucial to note
that different parameters can result in varying data samples, causing the x-axis's

starting position to be less than 10 years. However, since this study primarily focuses
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on fitting beyond a 10-year return period, the calculation of RRMSE and the display
of fitting results only use results exceeding 10-year return period. The RRMSE in
Figure 2-3 calculates the error between the predictions of the regional approach and
the basin AMFS, and used for assessing the accuracy of the regional approach-based
frequency curve. According to the RRMSE, models 1 to 5 using the POT method in the
Watari Basin (i.e., employing the top 10% to 50% of basin AMFS as the threshold) yield

stable and satisfactory results.
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Figure 2-4 RRMSEs of the eight basins using different methods and parameters
under the current scenario. The grey dash line represents the RRMSE between the
predictions of the basin approach and the basin AMFS

To obtain robust conclusions, we examined the results for eight major basins across
Shikoku Island, and their RRMSE are summarized in Figure 2-4. The blue histograms
represent RRMSE based on the POT method, the orange histograms represent RRMSE
based on the BM method, and the grey line reflects the error of the fitted curve under
reference conditions (i.e., the RRMSE from basin approach). The reference RRMSEs
demonstrate excellent goodness of fit of the basin approach, which indicates the
capacity of being reference, with values consistently below 10%, meeting the criteria
for excellence. Overall, the POT method appears to offer higher accuracy. Specifically,

models 1 to 5, corresponding to the use of the top 10% to 50% of regional AMFS,

21



Evaluation of Regional event-based frequency analysis methodsOF

demonstrate high accuracy across basins. Their results show no significant difference
in magnitude from the reference RRMSE (i.e., the grey line). Model 6, which utilizes
100% of the regional AMFS, tends to yield inferior results. As analyzed in the issue of
the limitations of event-based simulations, the simulation results of event set in some
river sections may include extremely low discharges, which is caused by precipitation
variability, and thereby influence the fitting of the frequency curve. This further
underscores the necessity of employing high thresholds to prevent these "non-

extreme" data from frequency analysis.

For the BM method, models 1 and 6 (corresponding to block sizes of 10 years and 1
year, respectively) typically exhibit the poorest performance. The results of models 2
to 5 vary by basin, making it challenging to determine the optimal block size or
provide a recommended range. This variability is attributed to the inability of the BM
sampling method to effectively exclude "non-extreme" discharges. Additionally, the
order of occurrence of peak discharges influences the sampling results, introducing
considerable uncertainty. Therefore, considering the accuracy and the robust of
threshold, the POT method is recommended.

Figure 2-5 shows the POT-based frequency curves for the current scenario with
threshold of 10%. According to the RRMSE values, all the regional results have a good
fit. The distribution of data points in Figure 2-5 shows that most of the regional AMFS
and basin AMFS overlap or have small differences, especially for extreme discharges
with long return periods, which confirms our hypothesis that most of the peak
discharges in different river sections originate from different events, but ultimately

from an extreme event group.

The Monobe River Basin presents a unique case, showing a poor overlap of discharge
with long return periods and a large error in the maximum value. By manual checking,
we found that the maximum values of the basin AMFS and regional AMFS originated
from two different precipitation events. This suggests that the maximum value of the
basin AMFS originated from a local extreme precipitation event. Due to the spatial
variability of precipitation, it was missed in the search for extreme precipitation
across the entire region. The maximum value of the regional AMFS corresponded to
the second-largest value of the basin AMFS. Similar mismatches were observed in the
subsequent AMFS in the Monobe River Basin. Theoretically, the longer the return
period of discharges, the greater the FFA model error caused by the mismatch. This

indicates that the regional approach can be further improved by determining new
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extraction approaches that can identify these crucial local extreme precipitation
events or alternative frequency analysis methods that can reduce the sensitivity to
ranking.
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Figure 2-5 Estimation results of discharge quantiles for different basins using the
POT methods with the top 10% AMFS. The meaning of elements in the figure can
refer to Figure 2-3
A relatively high BIAS was observed in the Doki river basin, which has the smallest
area among the eight basins, consequently having low discharge in most years.
However, because of their topography and morphology, they are more sensitive to
precipitation, which leads to an extremely high discharge from the largest
precipitation event, and therefore, the frequency curve fails to fit discharge with

return period longer than 100 years.

Overall, the BIAS varied between +10% for different return periods and the interval of
BIAS variation was limited to 0 to -5% in some basins. The regional approach mitigates

but does not entirely eliminate the influence of precipitation variability.
2.4.2 Evaluation on future scenarios
In the 2 K and 4 K warming scenarios, the POT method with the top 10% AMES yielded
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good outcomes. The RRMSEs of each basin when employing the top 10% AMFS are
summarized in Table 2-3. In the current scenario, five basins were rated as excellent,
whereas three basins received good ratings, consistent with the results presented in
Figure 2-5. In the 2 K warming scenario, four basins were rated excellent, two good,
and two fair. In the 4 K warming scenario, five basins achieved excellent ratings, and
three received good ratings. Notably, none of the basins were rated as poor in any of
the three scenarios. Hence, we concluded that the constructed quantile estimation

model performs well and is stable across the three scenarios.

Table 2-3 Performance of regional results in different scenarios

Excellent Good Fair Poor
Scenarios
(RRMSE <10%) (10< RRMSE < 20%) (20% < RRMSE <30%) (RRMSE > 30%)
Current 5 3 0 0
2 K 4 2 2 0
4K 5 3 0 0
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Figure 2-6 Estimation results of discharge quantiles for different basins using the
POT methods with the top 10% AMEFS for the 2 K warming scenario

Figure 2-6 shows the estimation results of the discharge quantiles for each basin with
the POT method and 10% AMES in the 2 K warming scenario. In this scenario, we
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observed a general underestimation in discharges from regional approach. Manual
checking revealed that these discharges originated from the same precipitation event,
with peak times differing by several hours. This situation arose mainly because the
precipitation only extracted for 48 h, whereas some extreme events lasted longer than
48 h and exhibited variations in peak times among the different basins. Consequently,
in some basins, precipitation input ceased before the true peak was reached. Climate
change affects the characteristics and durations of extreme precipitation events.
Therefore, in the future, event extraction schemes that do not depend on fixed
durations must be considered. Overall, BIAS varied between +20% and within +10% in

some basins.
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Figure 2-7 Estimation results of discharge quantiles for different basins using the
POT methods with the top 10% AMEFS for the 4 K warming scenario
Figure 2-7 shows the estimation results of the discharge quantiles for each basin using
the POT method and 10% AMFS under the 4 K warming scenario. In this scenario, large
RRMSE values were observed in the Yoshino and Doki basins. From the perspective of
precipitation events, the maximum 48 h-AMS in the Yoshino basin, whether extracted
by the basin approach or the regional approach, is associated with the same
precipitation event. However, due to the actual precipitation process exceeding 48 h
and the event selection method being set with a 48-hour time window, the start times
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of the basin 48 h-AMS and the regional 48 h-AMS differ by 4 h. During this time, the
precipitation center shifts from the Yoshino basin to another basin, resulting in a
significant reduction in the discharge calculated by the regional method, ranking it
30th instead of the first. This further underscores the need to develop an event
extraction method with non-fixed durations in future studies. In the Doki Basin, the
frequency curves fit well with the corresponding points, indicating that the GPD
distribution is capable to fit the extreme discharges. While due to the limitation on
precipitation extraction method, there is a significant difference between the regional
AMEFS and basin AMFS, leading to large error.

Overall, increasing the threshold for the FFA can effectively improve the accuracy of
the results by excluding low discharges. 10% to 50% of the AMFS were found to be
reasonable threshold. Considering the accuracy and result stability, the POT method
is the preferred frequency analysis method. The spatiotemporal variability of
precipitation remains the primary source of error, and its impact may become more
pronounced with climate change. However, this impact is expected to be mitigated in
the future by improving precipitation event extraction methods. In summary, the
regional approach yielded relatively accurate flood quantiles for each basin at a

relatively low computational cost.

2.5 Discussion

This study proposes a regional approach to estimate the flood quantiles of all river
sections from finite extreme precipitation events. This approach is expected to be
valid under diverse climatic conditions. In the regional approach framework, a crucial
step is aimed at further screening discharges, offering two alternatives: POT and BM.
“Which option, accompanied by what parameters, proves optimal? What is the
magnitude of the error and how does it perform in future scenarios?” These three

fundamental questions have become the focal points of this study.

The initial purpose of the POT method was to avoid missing high discharges during
rainy years, which likely occurs when employing the BM method. To perform a more
reliable FFA, the POT method typically sets a relatively low threshold to maximize the
data utilization. This study sets a high threshold mainly based on two considerations.
Firstly, it aims to eliminate the influence of low values at short return periods,
ensuring a robust fit for extreme values at long return periods. Secondly, the

availability of multi-year data from climate ensembles, such as the 372 years of
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precipitation data provided by SI-CAT DDS5TK in this study, allows for the
construction of reliable FFA even when employing a higher threshold. Hence, a
relatively high threshold value was established. Notably, the selection of the threshold
constitutes a highly technical task within the POT method as it affects data
independence, distribution assumptions, and sample size (Lang et al. 1999; Begueria
2005). Previous studies have predominantly focused on threshold selection
(Langousis et al., 2016; Swetapadma and Ojha, 2021). Nevertheless, the demand arises
from attempts to employ a low threshold instead of a high threshold. This is because
the lower threshold limit (more than once per year) for satisfying the GPD is
ambiguous, whereas it is tenable if the threshold is adequately high. Independence
was guaranteed because the discharges were from different precipitation events, and

a large ensemble ensured the data size.

The POT and BM methods have two primary distinctions: sampling technique and
assumed distribution. The divergent outcomes of the sampling techniques are shown
in Figure 2-8. After the screening process, the BM method still retained discharges
close to zero in certain basins, such as Watari, Hiji, Shigenobu, and Doki. However,
the POT method does not encounter this issue. Due to its inability to entirely eliminate
periodic fluctuations that may exist in the data (e.g., missing several flood peaks in
wet years and including low discharges in dry years as extremes), the BM method may
not be suitable for filtering low discharges using the regional approach. This
limitation introduces uncertainty into the results. Low discharges play a more
significant role in estimating the distribution curve parameters because they
constitute a substantial proportion of the extremes. Consequently, greater emphasis
is placed on fitting short return periods, whereas the accuracy of long return period
predictions, which hold greater importance for decision-makers, is disregarded.
Theoretically, the GPD exhibits better adaptability to heavy-tailed distributions
(Madsen et al., 1997). Cunnane (1973) demonstrated that POT performed better when
the average annual occurrence was higher than 1.6, and a similar conclusion was
derived in other studies (Madsen et al. 1997; Bezak et al. 2014). According to the
results of this study, the POT method exhibits excellent robustness and accuracy,

making it a superior choice for integration into the regional approach.
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Figure 2-8 Distribution of processed (POT and BM) and original regional AMFS with
optimal selection parameters in the current scenario

Errors in the quantile estimations can be classified into two types. The first type
comes from the gap between the sample data and population distribution, which is
unavoidable. This type of error can be considered as the goodness-of-fit of the results
from the basin approach (Figure 2-3) when the basin approach is regarded as a
reference. Generally, the first type of error accounted for over half of the total errors.
The second type of error stems from the differences in discharge when employing a

regional approach, which mainly caused by the precipitation variability.

The accuracy of the results provided two important insights. First, despite recent
research indicating that storm temporal patterns under climate change will become
more acute and have shorter durations (Wasko et al., 2021), the regional approach
remains valid under future scenarios without a significant increase in error. This
suggests that the regional approach is compatible with the potential changes in
climatic conditions. Second, the error underscores the pivotal role of local extreme
precipitation events in future flood risk assessments, emphasizing the importance of
utilizing detailed climate projection ensembles. Recent studies on the dynamic
downscaling of climate data have focused on convection-permitting models with
higher resolution (Ishizaki, 2022) because convection is a potential mechanism of
extreme precipitation that varies with climate warming (Pendergrass, 2020) and

causes extremely severe precipitation (Qin et al., 2022).

To meet the emerging demand for handling high-resolution climate projection
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ensembles in flood research, developing event-based regional approach is crucial.
Future studies should prioritize the reduction of the second type of error. A potential
direction could be developing event extraction methods that independent from
statistical indicators, keeping natural evolution of precipitation and capturing local

extreme precipitation.

2.6 Conclusions

To fully leverage large climate projection ensembles and provide discharges at
specific return periods for large-scale flood hazard maps with limited computing
resources, this study proposes an event-based high-resolution simulation and
analysis scheme called the regional approach. Using Shikoku Island and its eight
major basins as an example, the applicability of this approach was verified using a
150 m resolution RRI model, and the sources of error were analyzed. This study
contributes to the development of big data processing techniques in hydrology. The

conclusions are as follows:

(1) The top 10% to 50% of AMFS for the POT method are the reasonable
combinations for the regional approach. The POT method is more
recommended than BM method.

(2) Using the regional approach, the RRMSE of each basin was maintained within
20%. The main source of error was attributed to the fixed duration of 48 h
being unable to fully cover the peak occurrence times of all basins. Moreover,
using annual maximum 48 h rainfall as the extraction criterion may miss
extreme precipitation events with short durations.

(3) The regional approach designed in this study showed good accuracy under
current, 2 K warming, and 4 K warming scenarios and can provide future flood

quantiles consistent with those obtained from the basin approach.
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3. Development of the Aggregating Grid Event method"

Abstract

The generation of flood projection ensembles for large areas and at a high resolution
has been a long-standing computational challenge. Previous studies focused on
improving model efficiency and hardware acceleration. An intriguing question arises;
is it possible to reduce the computational demand for obtaining specific flood
characteristics (e.g., flood frequency curves, FFCs) through precipitation data
preprocessing, while maintaining high accuracy? In this study, we developed an
aggregating grid event (AGE) method based on hydrological concepts to extract
essential precipitation events from large-ensemble climate-change dataset. A total of
2,966 events were extracted from dynamically downscaled 720-year precipitation
data covering all over Japan with the 5-km spatial resolution. By inputting the
precipitation data into the Rainfall-Runoff-Inundation model at a 150 m resolution,
we computed hourly discharges across all river grids in the study area, Shikoku Island,
Japan. Based on the simulated peak discharges, we computed FFCs for return periods
exceeding 10 years at each river grid using the peak-over-threshold method. The
results demonstrated the effectiveness of the AGE method, with a relative bias (BIAS)
of -1.38% and a root mean square error (RMSE) of 36.45 m3/s for flood peaks across
locations. Furthermore, the BIAS of quantiles at 100-year return period was -1.04%
compared to the references, which were estimated from all the valid 25,700
precipitation events. By using 2,966 events instead of 25,700 events, the AGE method
significantly reduces the computational burden in estimating FFCs at all river grids
while maintaining accuracy. This approach is applicable for any grid-based
precipitation dataset, marking a crucial advancement in regional hyper-resolution

flood studies based on climate projection ensembles.

This chapter is based on the publication:

Chen, J., Sayama, T., Yamada, M., & Sugawara, Y. (2025) Reducing the computational cost of
process-based flood frequency estimation by extracting precipitation events from a large-
ensemble climate dataset Journal of Hydrology. 655, 132946.
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3.1 Introduction

Owing to climate change, rapid economic development, and population growth, global
flood risk is increasing (Ceola et al., 2014; Liu et al., 2022; Winsemius et al., 2016).
Comprehensive and detailed flood hazard maps that account for current and future
climatic conditions are essential for effective flood prevention, emergency services,
resilience enhancement, and informed intergovernmental cooperation and
multinational investment. However, a significant gap exists between the demand for
complex, large-scale, high-resolution modeling and the constraints of limited
computational resources, emphasizing the growing need for innovative simulation

approaches that balance accuracy and efficiency.

Previous efforts to develop global flood hazard maps were conducted within the
context outlined above. Broadly, these approaches can be categorized into two
primary types (Hoch and Trigg, 2019). The first type is the basin descriptor-based
scheme which extracts relationships between basin descriptors and features of flood
frequency curves (FFCs) derived from historical discharge data. These relationships
are used to estimate flood peaks in ungauged basins, which are subsequently input
into two-dimensional (2D) hydrodynamic models to create flood hazard maps. Smith
et al. (2015) proposed a method based on hybrid clustering and a flood index to
estimate the FFCs for major global basins. Building upon that work, Sampson et al.
(2015) used intensity-duration-frequency curves to estimate the local extreme
rainfall, improving FFC estimation for small basins, and generating flood hazard maps
at a 90-m resolution for the region between 56° S and 60° N. According to Wing et al.
(2017, 2020), that simulation approach can reach an average hit rate of 90 % on flood
extent. The second type pertains to the cascade-modeling scheme, which begins by
simulating discharge processes at a coarse resolution using macro-scale hydrological
or land-surface models. FFCs for each river section are then derived from these
simulations, with peak discharge values for specific return periods subsequently
incorporated into high-resolution hydrodynamic models. The key to this scheme lies
in efficient routing models, because even for low-resolution conditions, large-scale
and long-duration simulations require significant computational resources. Previous
studies utilizing cascade modeling to develop global flood warning systems, such as
the global flood awareness system (GloFAS) (Dottori et al., 2016), GLObal Flood RISk
(GLOEFRIS) (Winsemius et al., 2013), and European Centre for Medium-Range Weather
Forecasts (ECMWF) (Pappenberger et al., 2012), primarily employ CAtchment-based
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MAcro-scale FLOODplain (CaMa-Flood) (Yamazaki et al., 2013) or LISFLOOD-FP (Bates
et al., 2010) as their routing models. Hirabayashi et al. (2013) used CaMa-Flood to
simulate and analyze global future flood risks at a spatial resolution of 15'
(approximately 28 km). Similarly, Alfieri et al. (2014) utilized LISFLOOD-FP at a
resolution of 5 km to simulate the daily river discharges for the pan-European region
for 1990-2010, ultimately generating flood hazard maps at a resolution of 100 m.
The development of global flood models has significantly broadened the scope of
flood research, providing detailed flood hazard information at the continental and

global scales.

Macro-scale schemes, however, are inadequate for national-scale simulations, which
demand more detailed and precise results. Both basin descriptor-based and cascade-
modeling schemes exhibit limitations when applied to the assessment of national
flood risks. A notable commonality between these methods is that large-scale
simulations often involve tradeoffs, sacrificing accuracy and introducing
uncertainties to improve computational efficiency (Alfieri et al., 2014; Meade et al.,
1991; Sampson et al., 2015; Zhao et al.,, 2017). The tradeoff between modeling
efficiency and accuracy may be acceptable for studies relying on observed data, the
substantial uncertainties inherent in climate models necessitate a more cautious
approach to avoid compounding uncertainties (Vetter et al., 2017; Zelinka et al., 2017).
The basin descriptor-based scheme relies on observed discharge data and the
relationship between basin descriptors and IDF curves, both of which will change
under future climatic conditions (Mirhosseini et al., 2013); therefore, this scheme is
unsuitable to provide accurate simulations for future scenarios. The cascade-
modeling scheme is comparatively more suitable for studying future flood changes;
however, it struggles to manage the intensive computational demands required for

such large-scale simulations.

Recent advancements in downscaling techniques have made it possible to provide
high-resolution large-ensemble precipitation projections for certain regions (Ishizaki,
2022; Kawase et al., 2023; Kitoh et al., 2016). These data are promising for studying
detailed subdaily-scale flood processes (Sunyer et al., 2017). To comprehensively
utilize such a dataset, we need to explore new methods to improve simulation

efficiency.

In the abovementioned schemes, a critical challenge for flood hazard mapping lies in

ensuring necessary water level and discharge data for all river sections with minimal
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computational effort. Specifically, obtaining discharge frequency curves for all river
sections is essential. This raises a key question: can peak discharges (for estimating
frequency curves) for all sections be directly derived from simulations driven by a
limited set of precipitation events? Such an approach would offer an efficient and
direct method to create high-resolution national flood hazard maps while avoiding

the errors and uncertainties associated with resolution transformations.

However, precipitation variability and scaling challenges make it difficult to extract
the required events solely based on rainfall-runoff relationships or other indicators
prior to simulation (Liu et al., 2018). Note that different events with the same total
precipitation is possible to result in different peak discharges in the same river
section because of different spatiotemporal patterns of precipitation (Balbastre-
Soldevila et al., 2019; Saharia et al., 2021). Furthermore, spatial variations in
precipitation present additional complexities: a precipitation event that triggers a
flood at an outlet with a specific return period might not necessarily result in high
discharges at other river sections. Moreover, the difference in event scale may also
present challenges. For example, extreme precipitation events with short durations
occurring over a small area (localized extreme events) may lead to significant
localized floods; however, these events may be easily overlooked when extracting
events based on basin-averaged precipitation (Ohba and Sugimoto, 2019; Thomassen
et al., 2021). In the future, these localized extreme events are expected to become
more frequent and play a significant role in extreme floods (Li et al., 2019). To
accurately estimate flood frequency curves for each river cross-section, it is
imperative to account for both basin-scale and localized floods. However, due to the
challenges discussed, no existing method can comprehensively extract flood-
triggering precipitation events for process-based flood frequency estimations. This
gap highlights the need for innovative approaches to address the inherent

complexities of precipitation variability, scale, and spatiotemporal dynamics.

To address this issue, we propose an aggregating grid event (AGE) method for
extracting precipitation events that led to extreme flooding from large-ensemble
climate datasets. The extracted precipitation events were input into the rainfall-
runoff-inundation (RRI) model, and the simulated discharges were used for estimating
the corresponding FFC of particular river cross-section. In this study, we focus on
evaluating the accuracy of peak discharges and discharge quantiles, along with

analyzing the uncertainty associated with these quantiles.
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3.2 Methodology
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Figure 3-1 Flowchart portraying the study methodology used in this study.
Abbreviations: rainfall-runoff-inundation (RRI), aggregating grid event (AGE).

The evaluation outline is shown in Figure 3-1. To create the reference discharges,
25,700 valid precipitation events were identified from a 720-year ensemble climate
dataset within the study area. A valid event was defined as any event with rainfall
intensity exceeding 10 mm/h in at least one grid. Concurrently, the AGE method was
applied to the same dataset, extracting 2,966 precipitation events. The resulting
discharges were simulated using the high-resolution RRI model, with a spatial
resolution of 150 m and a temporal resolution of 1 hour. Discharges with an annual
exceedance probability (AEP) lower than 0.1 (i.e., the largest 72 discharges over 720
years) were selected for evaluation and FFC estimation. By using the peak-over-
threshold (POT) method, we estimated FFC for each river grid and conducted accuracy

and uncertainty evaluation.
3.2.1 Aggregating grid event (AGE) method

A comprehensive consideration of precipitation heterogeneity and its interaction with
basin characteristics is the key to reliable flood design (Wright et al., 2014).
Conventional methods often rely on spatio-temporal averaged indicators, such as
basin averaged 48-h precipitation, to rank and extract extreme events. However, those
approaches introduce significant inaccuracies in flood simulations. Firstly, neglecting

precipitation outside the fixed 48-hour window can bias flood simulation results.
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Secondly, spatial averaging overlooks localized extreme events that may cause severe
localized flooding (Chen et al., 2024). Therefore, the first two challenges in developing
a new method are preserving the natural spatio-temporal variability of precipitation
and accounting for extreme events at different scales. After successfully separating
precipitation events, a third challenge arises: identifying the events that lead to higher
discharges. In this study, we considered both the total rainfall and the rainfall

intensity to rank the events.

Figure 3-2 illustrates the AGE method used in this study, which begins by analyzing
the whole precipitation time series for each grid cell in the climate dataset. This
approach enables the detection of the most localized floods driven by extreme
precipitation events occurring within individual grid cells. Step 1 in Figure 3-2 applies
a threshold and interval to differentiate events. The threshold, determined based on
the local precipitation regime, must strike a balance: excessively high thresholds risk
omitting significant events, while overly low thresholds increase computational
demands. To construct FFCs for flood events exceeding a 10-year return period, the
threshold was set at 10 mm/h—well below the flood-triggering intensity for the study
area. The interval duration was approximated based on the time of concentration,
which varies with spatial scale as detailed in Table S4. An independent precipitation
event was separated when the intensity remained below the threshold for more than

one interval.

To rank the events, a flood-peak-correlated indicator was selected, accounting for
regional variations in climatic and geographical factors. This study compared total
rainfall and rainfall during the concentration time (RDCT), finding RDCT to be more
effective, as shown in Figures S2-S4. Highlighted in step 2 of Figure 3-2, RDCT focuses
on precipitation intensity over a critical period, outperforming total rainfall by

excluding long-duration, low-intensity precipitation events.

As shown in Figure 3-2, step 3, all grid events were ranked by the indicator (RDCT in
this study), and those surpassing a frequency threshold were selected. To construct
FECs for return periods over 10 years, the top 72 events from a 720-year climate

ensemble were chosen. Steps 1 through 3 were iteratively applied to each grid cell.

Subsequently, the precipitation data were then upscaled to various resolutions until
a single grid cell encompassed the entire basin, employing mean pooling—a technique

from deep learning used to modify data resolution while preserving features (Babenko
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and Lempitsky, 2015). Typically, mean pooling averages four adjacent grids. The
aforementioned procedures were applied across resolutions to identify extreme
events at different spatial scales. At the resolution where one grid covers the entire
basin, results align with those from basin-averaged indicators. Notably, the time of
concentration for step 1 and RDCT in step 3 adjusts as per Table S4 with spatial

resolution changes.

Selected events across all grids and resolutions were placed on a timeline (step 4,
Figure 3-2). Two distinct relationship types were identified: overlap and isolation.
Overlap represents a large-scale event impact massive grids at varying timings and
durations as it develops spatiotemporally. Conversely, isolation refers to localized
extreme events occurring within a single grid at a specific resolution. By merging
overlapping events and retaining isolated ones, extreme events across scales were

aggregated with reduced complexity while maintaining event integrity.
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Figure 3-2 Process schematic of aggregating grid events (AGE) method used in this
study. Abbreviations: resolution (res.).

Since events were initially separated by a threshold in step 1, aggregated events might
be incomplete. To capture the actual event duration, as shown in step 5 (Figure 3-2),
a 48-hour extension was applied to both start and end timesteps. The earliest and
latest timesteps with minimal basin-averaged precipitation within the extensions are
marked as the actual event boundaries. Precipitation data were then extracted for the

entire period. The extension length is region-specific, relating to the precipitation

37



Development of the Aggregating Grid Event method1F

pattern, though a larger value is preferred.

In summary, the AGE method was developed while considering the above challenges
associated with identifying precipitation events that lead to extreme floods. First, by
summarizing the precipitation time series across all grids, the method maintained the
natural temporal changes in precipitation. Furthermore, extracting the data based on
aggregated periods preserved the natural spatial structure of the precipitation.
Second, by traversing all grids at various resolutions, we effectively avoided ignoring
the extreme localized events at different scales. Finally, the RDCT enabled the AGE
method to theoretically identify the precipitation events that resulted in high

discharges.
3.2.3 Rainfall-runoff-inundation (RRI) model

The rainfall-runoff-inundation (RRI) model is a distributed hydrologic model
developed by Sayama et al. (2012); the model considers the coupling of one-
dimensional (1D) and 2D processes, allowing for the simultaneous simulation of
runoff and inundation. In land grids, the RRI model represents water movement, using
a 2D diffusion wave equation, while a 1D diffusion wave equation is used for river
grids. The Green-Ampt model (Green and Ampt, 1911) was employed for estimating
the infiltration in flat areas, and an integrated subsurface and surface model (Sayama
& McDonnell, 2009; Tachikawa et al., 2004) was employed for mountainous areas. The
model does not prepare schemes for computing evapotranspiration, but allows users
to provide evapotranspiration data if available. As this study focuses on extreme flood
events, we did not consider the evapotranspiration process. The numerical scheme of
the model was optimized using the fifth-order Runge-Kutta formula (Cash and Karp,
1990), to ensure both accuracy and efficiency. In river grids, the model can simulate
reservoir operations, as well as the reciprocating interactions of water with levees. In
this study, we applied simple operational rules based on the local reservoir operation
data. Notably, the RRI has been widely applied in Southeast Asia and Japan (Rasmy et
al.,, 2019; Sayama et al., 2017; Try et al., 2022; Yamamoto et al., 2021). Sayama et al.
(2020) developed a nationwide real-time flood forecasting system for Japan, based on
the RRI model.

The resolution of the RRI model used in this study was set to 150 m. The required
elevation and flow direction data were obtained from the Japan flow direction map (J-
FlwDir) developed by Yamazaki et al. (2020). The original dataset, with a resolution of
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30 m, was upscaled to a resolution of 150 m using an upscaling algorithm developed
by Masutani et al. (2006), while preserving the location of the main streams. The
model parameters were derived from a calibrated national RRI model (see Table S5)
(Sayama et al., 2024). Figures S5 to S6 show the performance of the RRI model applied
to the entire Japan evaluated by a total of 2,723 events at 711 gauging stations.
Because of the extensive computational requirements, the RRI model in this study
was deployed on the fourth-generation Earth Simulator, a vector engine-based
supercomputer (Habata et al., 2003, 2004).

3.2.4 Peak-over-threshold (POT)

In general, frequency analysis methods can be classified into two categories, based
on their approaches to extreme value selection: the block maxima and POT methods
(Mostofi Zadeh et al., 2019). The annual maxima method, a common block maxima
application, sets the block size to 1 year and selects the largest flood event within
each year for the frequency analysis. A limitation of this method is its susceptibility
to interannual variability, where the highest value is always included regardless of
how low the discharges are in dry years, while the second highest discharge is
consistently excluded irrespective of how high the discharges are in rainy years.
(Ferreira and de Haan, 2015). As we used a precipitation dataset that spanned 720
years, the limitations of the block maxima method could be exacerbated. In general,
the POT method encompasses all the discharges above a defined threshold in the
analysis and employs a generalized Pareto distribution (GPD) to describe the
distribution of extreme values (Lang et al., 1999), thereby avoiding the shortcomings
of the block maxima method. Another advantage of the POT method, especially when
dealing with long-duration data, as in the case of large climate projection ensembles,
is its ability to analyze the data based on higher thresholds (resulting in fewer
discharge data points), thus, significantly reducing the hydrologic simulations.
Consequently, in this study, the POT method was used to predict the frequency curves

for each river cross-section.

The high thresholds were set to select the largest 72 discharges (i.e., AEP <0.1) for

each river section. The GPD was determined using Eq. (3-1), as follows:
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where, §, 1, and o represent the shape, location, and scale parameters.
3.2.5 Evaluation indicators

In this study, the accuracy of the discharge peaks was assessed using the correlation
coefficient (R), relative bias (BIAS), and root mean square error (RMSE), using Eqgs. (3-
2), (3-3), and (3-4), respectively. To depict the width of the 95% confidence interval (CI)
and ensure that it is comparable across different river grids, a CI ratio was used Eq.
(3-5).

e 2

BIAS = 222297 » 1009 (3-3)
XVr

RMSE = /%2@6 - ¥)? (3-4)

Cl ratio = 22Z5%7225% 5 1009 (3-5)

e

where y, and y, denote the estimated and reference series, respectively; yy; 5o, is the

97.5™ percentile of the estimated value y,, and y, 5o, is the 2.5 percentile.

3.3 Study Area and Data

3.3.1 Shikoku Island

As shown in Figure 3-3, Shikoku Island (Japan) is located between 132°-135" E and
32.5°-34.6" N, covering a total area of approximately 21,000 km?. The island includes
eight major river basins (listed in descending order of area, as follows): the Yoshino,
Watari, Niyodo, Hiji, Naka, Monobe, Shigenobu, and Doki river basins. In addition,
numerous small rivers exist along the coast. The island is surrounded by the Seto
Inland Sea and the Pacific Ocean and is frequently affected by quasi-stationary band-
shaped precipitation and typhoons (Kamahori and Arakawa, 2018; Kato, 2020; Otaki
et al., 2022; Tada et al., 2018). The spatial distribution in the annual rainfall in the
region exhibits significant variations, portraying higher values in the central region
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(~4000 mm) and lower values in the northern (~1200 mm) and southern (~2500 mm)
regions (Yao and Creed, 2005). This disparity is primarily due to the northward
progression of warm and moist air masses and typhoons that encounter the
mountainous terrain in the central region, leading to concentrated rainfall. Moreover,
the island is predominantly mountainous; the minimum distance from the coast (sea
level) to the region with an elevation of ~2000 m above sea level is only 50 km. The
rivers on the island exhibit steep slopes and high flow velocities, rendering them

susceptible to flooding.
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Figure 3-3 Map of Shikoku Island, Japan. Abbreviations: digital elevation model
(DEM).
In this study, at a resolution of 150 m, the entire study area was divided into 948,162
grids. Among these, the grids with an upstream contribution area greater than 1.125
km? (i.e., 50 grids) were identified as river grids (a total of 95,021 grids).

3.3.2 5-km d4PDF dataset

The full name of d4PDF is database for Policy Decision-making for Future climate
change. The basic idea of d4PDF is to provide extensive climate projection data at
specific stages of global warming (e.g., the global-mean surface air temperature is 2K,
4K warmer than the preindustrial era) through repeated simulation, so as to robustly
assess the climate-change impact on extreme events. To account for the uncertainty
of most general circulation models (GCMs), the original experiment of d4PDF used the

sea surface temperature (SST) results of different GCMs as the initial and boundary
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conditions, together with perturbations (Mizuta et al.,, 2017). Each member of the
d4PDF stands for the climatic system (at specific initial conditions and perturbations)
runs for 60 years without a warming trend. The experiment employed the
Meteorological Research Institute atmospheric general circulation model 3.2 (MRI-
AGCM 3.2) (Kusunoki and Mizuta, 2013) and performed global simulations at 60 km
resolution. To conduct detailed studies in specific regions, the d4PDF was partially
dynamically downscaled by 20 km and 5 km (Mizuta et al., 2017, Kawase et al., 2023).
The detailed data facilitated numerous investigations on hydroclimatic extremes (e.g.,
extreme precipitation, snowfall, and drought) and water resource assessment
(Hatsuzuka et al., 2020; Kawase et al., 2020; Miyasaka et al., 2020; Ohba et al., 2022;
Tanaka et al., 2018; Zhao et al., 2023). In studies on precipitation frequency and floods,
data from different members is treated as independent and identically distributed
series for robustly estimating the quantiles (Cheng et al., 2021; Tanaka et al., 2020;
Try et al., 2020).

In this study, we employed the latest dynamically downscaled d4PDF, which covers
Japan, referred to as d4PDF DDS JP (Kawase et al., 2023). The data was downscaled by
a 5-km non-hydrostatic regional climate model (NHRCM) (Sasaki et al., 2011). The
d4PDF DDS JP encompasses three scenarios: historical, 2K warming, and 4K warming,
each containing 12 members (6 SSTs x2 perturbations). Each member has 60-year
hourly data. Compared with previous downscaled outcomes, the d4PDF DDS JP can
fully cover Japan, while enhancing the accuracy of the estimations of precipitation,
sea ice, and radiations (Sasai et al., 2019). Because this study focuses on evaluating
the AGE method, instead of evaluating the climate change impact, we only use the

data at historical stage (i.e., 60 years x12 members =720 years).

3.4 Results

3.4.1 Discharge peaks

We employed the AGE method to process the full d4PDF DDS JP, extracting 2,966
precipitation events from the 720-year historical stage. In comparison, 25,700 valid
precipitation events were identified to generate reference discharges. Both sets of the
precipitation events were simulated using the RRI model, and the highest 72
discharges (corresponding to AEP < 0.1) for each river grid were extracted from the
results. This comparison allows us to evaluate whether the AGE method successfully

identifies the key precipitation events necessary for obtaining the highest 72 peak
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discharges across different river sections.
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Figure 3-4 Relative bias (BIAS) of river grids. Comparison of the highest 72
discharges between aggregating grid event (AGE) method and all valid precipitation
events.

As shown in Figure 3-4, we assessed the highest 72 discharges of each river grid by
calculating the BIAS values. The results indicate that the BIAS of most river grids falls
within the range of 0 to -5%. A smaller fraction of river grids exhibits BIAS values
ranging from 5% to 0. Only a limited number of river grids show BIAS values between

-5% and -10%. Overall, the results demonstrate high accuracy.

Figure 3-5 portrays a comprehensive evaluation for eight major river basins (a~h) and
the overall Shikoku Island (i). This figure provides further insights into the
characteristics of discharge peaks. The R values exceed 0.999 for all basins, indicating
a strong linear relationship between the peak discharges obtained through the AGE
method and the reference discharges. The RMSE values are significantly smaller than
discharge peaks, indicating acceptable error levels. BIAS, being dimensionless, serves
as an additional indicator for cross-basin comparisons. In Figure 3-5 (i), a BIAS of -
1.38% and an RMSE of 36.45 m?/s support the conclusion that peak discharges derived
from the AGE method exhibit high accuracy.
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Figure 3-5 Evaluation of the 72 highest discharges of all river grids, based on the
events extracted by the aggregating grid event (AGE) method.

(a)~(h) portray the results for the eight basins considered in this study; (i) portrays
the overall results for Shikoku Island. Abbreviations: correlation coefficient (R),
relative bias (BIAS), root mean square error (RMSE).

Overall, the AGE method substantially reduces the required number of events for peak

discharge estimation from 25,700 to 2,966, while maintaining high accuracy.

Therefore, estimating FFCs based on these peak discharges is reasonable.

3.4.2 Discharge quantiles

The highest 72 discharges correspond to AEP <0.1 (i.e., return period > 10 years). We

selected these highest 72 discharges for each river grid and then, estimated the FFCs

using the POT method. The discharge quantiles were obtained from the

corresponding FFCs. Figure 3-6 portrays the flood quantile maps based on the AGE

method for 10-, 50-, 100-, and 1000-year return periods. To create the reference

quantiles, we repeated the abovementioned procedures, replacing the AGE-based
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discharge with the reference discharge. Note that discharge quantiles are important

variables for hydrology research and infrastructure design projects.

Figure 3-7 portrays the BIAS values of discharge quantiles for 10-, 50-, 100-, and 1000-
year return periods. Each BIAS represents the error of a specific river grid. The bar
charts in the bottom right corner of each map display the statistical distribution of
the BIAS values across Shikoku Island. The majority of BIAS values fall within the
range of 0 to -10 %. The BIAS of most river grids concentrates on the range between 0
and -5 %. These BIAS values were dominated by underestimations. However, some
discharge quantiles for the 1000-year return period depict overestimation, likely due

to the higher uncertainty associated with longer return periods.
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Figure 3-6 Flood quantile maps for the return periods of (a) 10, (b) 50, (c) 100, and
(d) 1000 years.
To understand how the BIAS values vary with basin areas, we categorized the data
based on upstream contribution area and depicted the results in Figure 3-8. The
results indicated that, except for the 1000-year return period, all the outliers were
exclusively identified in river grids with basin areas smaller than 25 km? which
typically represent the source of the river network. Owing to their limited basin areas,
these river sections exhibited relatively low discharges. Consequently, even a minor

difference in the discharge can result in substantial BIAS. For river sections with basin
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areas greater than 25 km?, the BIAS values typically varied from O to —10 %. When the
basin area exceeded 500 km?, the BIAS values varied from 0 to -5 % (portraying a
reduction in the range). Despite the relatively larger uncertainties in results for the
1000-year return period, leading to a scattered BIAS distribution, it was still evident
that the majority of the BIAS values for each river cross-section were within the range
of +10 %. In river grids with basin areas larger than 500 km?, the BIAS values were
maintained within the range of +5 %. In summary, the error decreases as the basin
area increases, with larger basin areas having the potential to experience higher

discharges, which typically garner greater attention.
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Figure 3-7 Spatial distribution of discharge-quantile relative bias (BIAS) values for
return periods of (a) 10, (b) 50, (c) 100, and (d) 1000 years.
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Figure 3-8 Changes in the relative bias (BIAS) values of discharge quantiles with
basin area, for return periods of 10 (RP10), 50 (RP50), 100 (RP100), 1000 (RP1000)

years.
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Figure 3-9 Comparison of the discharge quantiles for all river sections on the
Shikoku Island for different return periods. Abbreviations: correlation coefficient
(R), relative bias (BIAS), root mean square error (RMSE).

Figure 3-9 illustrates the overall accuracy of the AGE-based discharge quantiles across
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Shikoku Island. Accurate estimates of peak discharges facilitate accurate quantile
estimation. The BIAS values are -2.15%, -1.48%, -1.04%, and -0.77% for return periods
of 10, 50, 100, and 1000 years. Regarding the RMSE, its values remain below 30 m3/s
for the return period up to 100 years, increasing to 65.18 m3/s for the 1000-year
return period. In summary, highly accurate estimates of discharge quantiles can be

obtained by using the AGE method for extracting extreme precipitation events.

Figure 3-10 compares the uncertainties of the AGE-based quantiles with those of
reference quantiles for different return periods. The CI ratio was employed to access
the relative width of the 95% confidence interval. Each boxplot summarizes the CI
ratios of river grids across Shikoku Island for the respective return period. As
expected, uncertainties increase with the rise in the return period. Note that outliers
are not shown in the figure. Compared with the reference results, the CI ratios of AGE-
based results exhibit slightly higher values at the return period of 1000 years but
remain nearly the same at the return periods of 10, 50, and 100 years. The CI ratios
at the 10-year return period were generally close to zero, and median CI ratios at the
50-, 100-, and 1000-year return periods were 14, 17, and 43 %, respectively. Overall,
the uncertainty of discharge quantiles obtained through the AGE method is

comparable to the reference results.

In summary, employing the AGE method to develop flood quantile maps allowed for

accurate and reliable discharge estimates.
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Figure 3-10 Results of confidence interval (CI) ratios for all river grids within
Shikoku Island at different return periods. Abbreviations: aggregating grid event
(AGE) model and reference (Ref) values.
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3.5 Discussion

This study proposes an AGE method as an innovative approach to reduce the
computational cost of process-based flood frequency estimation by extracting the
precipitation events that lead to extreme discharges from large climate ensembles.
Based on the extracted events, the AGE method enables high-resolution flood
simulations through the RRI model. Flood quantiles of each river grid were estimated
based on filtered peak discharges and the POT method. The high accuracy
demonstrated by the AGE method suggests its significant potential for facilitating
extensive and high-resolution flood simulations. A typical application scenario could

involve detailed assessment of climate change impacts on regional-scale floods.

In recent years, concerted efforts by governmental organizations and scientists have
proposed a series of downscaled climate ensembles —such as ENSEMBLE (van der
Linden and Mitchell, 2009), coordinated regional climate downscaling experiment
(CORDEX) (Gutowski Jr. et al., 2016; Jacob et al., 2020), NASA Earth Exchange Global
Daily Downscaled Projections (NEX-GDDP) (Bao and Wen, 2017), ClimEx (Leduc et al.,
2019), and d4PDF (Ishii & Mori, 2020; Kawase et al., 2023) database—to enhance
regional climate change impact studies. These datasets, with resolutions ranging from
5 km to 25 km, facilitate research on heatwaves, droughts, floods, and extreme
precipitation (Ali et al., 2018; Di Sante et al., 2021; Huang et al., 2015; Smith et al.,
2014; Xu et al., 2021). Flood research predominantly employs distributed hydrological
models aligned with precipitation data resolutions or semi-distributed models (Alfieri
et al., 2015; Di Sante et al., 2021; Huang et al., 2015; Koplin et al., 2014). However, due
to the considerable computational burden, the studies that employ distributed
hydrologic models at resolutions significantly higher than the precipitation input (i.e.,

hyper-resolution simulations), generating ensemble results, are currently scarce.

For regional- or national-scale studies, hyper-resolution simulations are imperative
for supporting local government decision-making and providing detailed risk
information to residents. Current studies mainly focus on the outlets of large basins,
where dense populations reside (Arnell and Gosling, 2016; Tanaka et al., 2021).
However, small- to medium-sized basins, which are intricately tied to local livelihoods,
are often neglected or parameterized in coarse-resolution models. For instance, grids
spanning several kilometers may contain multiple river channels but fail to accurately
represent critical parameters such as flow direction, river slope, and roughness. Flash

floods, prevalent in smaller basins, are particularly challenging to simulate with daily
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temporal resolutions, as daily averaging can underestimate their intensity (Shehata
and Mizunaga, 2018). Additionally, artificial flood control measures, such as
reservoirs, levees, and water gates, significantly affect discharge patterns and must
be explicitly accounted for (Boulange et al., 2021; Hanazaki et al., 2022; Zhou, 2020).
Therefore, hyper-resolution simulations are imperative for evaluating flood dynamics

at regional scales in the context of global warming.

Event-based simulation is a crucial method in flood research and is commonly
employed in flood design and performing hyper-resolution simulations (Huang et al.,
2018; Mei et al., 2020; Zeng et al., 2022). Nevertheless, performing hyper-resolution
simulations at a national scale for all events remains a significant challenge,

necessitating innovative approaches to optimize efficiency.

The AGE method, which avoids reliance on specific hydrologic models or model
remodeling, e.g., the application of graphics processing unit acceleration (Vacondio
et al, 2014; Yan et al, 2015), fundamentally involving the pre-processing of
precipitation data based on the available hydrological knowledge. This approach
offers considerable flexibility, essential for regional studies that necessitate
incorporating extensive survey data. Additionally, local stakeholders often prefer
proprietary or familiar models, underscoring the importance of adaptable methods

for achieving accurate regional flood assessments.

Various methods are used for extracting extreme precipitation, including those based
on spatial connectivity (Tan et al., 2021), extreme precipitation indicators (Sun et al.,
2021), percentiles (Mahbod and Rafiee, 2021), and thresholds and intervals (Mascaro
et al.,, 2013). These approaches stem from climatic or meteorological perspectives,
consider physical or statistical features, and partial methods only focus on specific
sites. In contrast, the AGE method is tailored to hydrological requirements, attributing
hydrological significance to parameters such as approximate river concentration time
while integrating both regional and localized events. Furthermore, the AGE method is

versatile and can be applied to various gridded precipitation data.

Similar to the majority of hydrological methods, the AGE method provides
approximations, rather than strict numerical results. The separation and arrangement
of the precipitation events primarily refer to the unit hydrograph concept, employing
an approximate value (e.g., 6 h or 12 h), instead of calculating the specific

concentration times. In extreme cases, this approximation may miss certain events,
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warranting further investigation. Nevertheless, our study indicates that the sensitivity
of event selection and peak discharge to the approximation is minimal. Another
potential concern is the lack of validation for such approximations for larger basins.
The data and empirical formulae collected in this study mainly pertain to small-
medium-sized basins, with the largest being the Tone River Basin (area of 16,840 km?).
Nevertheless, the AGE method is expected to remain effective at larger basin scales if
the time of concentration is carefully determined from empirical formulae, or
redesigning another ranking indicator to consider more complex factors (e.g.,
snowmelt, antecedent soil moisture). However, the benefits of the AGE method may
diminish as simulation periods approach those of continuous simulations under
extreme conditions. Essentially, the AGE method works by excluding isolated events
that have minimal impact on major flood peaks across locations and resolutions.
However, if all events are shown to significantly influence flood peaks somewhere
within the basin, then all events must be simulated. Key factors influencing these
benefits are basin scale and climate conditions. Larger basins generally have longer
times of concentration, increasing the likelihood of overlap with events across grids
and resolutions. Conversely, overlap probability decreases when local precipitation is

more temporally and spatially concentrated.

Initial conditions, such as antecedent soil moisture, influence simulated flood peaks
(Grimaldi et al., 2012; Yu et al., 2019), with varying importance across regions
depending on factors like soil properties, land use, basin size, climate conditions, and
model structure (Bhagabati and Kawasaki, 2017; Mitkova et al., 2016; Schumann et al.,
2016; Singh et al., 2022; Stephens et al., 2018). A pre-test in this study assessed the
impact of initial conditions by simulating 10 storm events and using the final
timestep's spatial distributions of soil moisture and water levels as wet initial
conditions. Simulations with and without initial conditions were compared against
observations (Figure S7). Results show that initial conditions slightly affect runoff at
the onset but have minimal impact on flood peaks. Flood peaks were accurately
reproduced without initial conditions, indicating that precipitation is the primary
driver of flood peaks in the study area. Consequently, the RDCT was selected as the
ranking indicator. For applications in other regions, pre-analysis of the influence of
initial conditions is recommended. In case of more frequent storms, the AGE method
should be applied with caution, as initial conditions and the spatio-temporal
distribution of precipitation may exert a greater influence on flood wave timing. As

understanding of initial conditions improves (Shokri et al., 2023; Yu et al., 2019), the
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AGE method can be effective if the ranking indicator is redesigned while statistically

considering other key factors.

As the AGE method is intended to support further studies, such as those assessing
climate change impacts, the overall bias and uncertainty remain important concerns
for future research. Process-based methods—comprising climate simulations,
hydrologic simulations, and flood frequency analysis—introduce cumulative bias and
uncertainty at each step (Clark et al., 2016), including the use of the AGE method to
process climate data. Although results using the AGE method align well with those
based on all valid events in this study, further validation against observed data is
crucial to ensure reliability. A robust evaluation would require a careful
methodological approach and sufficient observational data. Nevertheless, we
gathered around 20-year annual maximum discharges from three gauges of Yoshino
river basin to perform flood frequency analysis for comparison. As shown in Figure
S8, the analysis revealed a 10% to 20% bias at the 20-year return period, with simulated
results falling within the 95% confidence interval. Notably, this is not a rigorous

evaluation due to the limited data length and its potential lack of representativeness.

The spatio-temporal resolution of the climate data is another concern when
discussing the impact of climate change. Even though hyper-resolution simulations
can better represent the geographical conditions and hydrodynamic changes, the
reliability of results in extremely small basins is constrained by the resolution of
climate data. Fine-scale convective processes can trigger severe floods in small basins,
yet these processes are challenging to replicate in climate models with coarser
resolutions (Archer et al., 2024; Chen et al., 2021; Thomassen et al., 2021). To address
this, utilizing convection-permitting models with higher resolutions (e.g., 1 km, 15-
minute intervals) can yield more robust and accurate results (Li et al., 2022; Prein et
al., 2015; Yu et al., 2019).

3.6 Conclusions

This study proposes and validates a novel, simple, and efficient precipitation
extraction method, the AGE method, for high-resolution national flood simulations,
while using large-ensemble climate projection data. The AGE method separates and
ranks precipitation events based on hydrological concepts and aggregates these
events across multiple scales. It enables the identification of precipitation events that

lead to flooding over a specific frequency.

52



Development of the Aggregating Grid Event method1F

The study focuses on Shikoku Island in Japan, where the AGE method extracted 2,966
events from a 720-year hourly ensemble climate dataset. For reference, 25,700 events
were identified from the same dataset, and corresponding discharges were simulated
using the 150-m resolution RRI model. Discharge quantiles for each river grid were
estimated using the highest 72 discharges and the POT method. The evaluation

assessed both peak discharges and discharge quantiles.

Results demonstrate that the AGE method reliably identifies precipitation events
causing discharges with AEP <0.1 for all river cross-sections. Combining the RDCT
with the AGE method achieved high accuracy in peak discharge estimations, with a
BIAS of -1.38% and an RMSE of 36.45 m3/s. This accuracy translates into reliable
discharge quantile estimations without significantly increasing uncertainty. Notably,

BIAS values for river grids with basin areas exceeding 500 km? mostly fall within +5%.

These findings underscore the capability and practicality of the AGE method in
effectively managing extensive precipitation datasets for targeted hydrological
applications.
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4. Evaluation on process-based flood quantile

estimation methods

Abstract

Utilizing ensemble data facilitates robust flood quantile estimation at arbitrary
locations, enhancing regional flood risk management but posing significant
computational challenges. This chapter assesses two event-based computational
reduction methods: the aggregating grid event (AGE) method, which extracts critical
events, and the precipitation stretching method, subdivided into PrecStre-I (full
ensemble) and PrecStre-S (ensemble mean). Evaluations in eight basins on Shikoku
Island, Japan, employed 25,700 precipitation events from a 720-year ensemble as a
benchmark. High-resolution (hourly, 150 m) discharge simulations via the Rainfall-
Runoff-Inundation model estimated 100-year peak discharges. The AGE method
consistently achieved quantile relative biases within +10% across river sections,
whereas the precipitation stretching method exhibited greater variability, with biases
up to #40% due to precipitation uncertainties. Notably, downstream accuracy
improved in basins with relative areas >90%, where outlets showed mean absolute
percentage errors of 23% (PrecStre-S) and 16% (PrecStre-I), compared to basin-level
errors of 38% and 34%, respectively. Using the full ensemble preserved original
confidence intervals, while the ensemble mean inflated them by 25%-50%. Accordingly,
the AGE method is preferable for process-based estimations, with PrecStre-I viable for
downstream analyses, offering valuable insights for adaptive flood risk management

under climate change.
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4.1 Introduction

In recent years, the frequent occurrence of extreme weather events has resulted in
significant loss in life and property (Tellman et al., 2021; Winsemius et al., 2018),
prompting heightened societal awareness of climate change and the exploration of
adaptive measures. In flood management, infrastructure construction and adaptive
strategy formulation, the discharge quantile (e.g., discharge at 100-year return period)
serves as a pivotal benchmark. In recent years, flood management has become
increasingly sophisticated, with decision-makers obtaining discharge quantiles not
only at basin and sub-basin outlets but also across various cross-sections within the

basin.

Process-based approaches utilize distributed hydrological models to derive peak
discharges, which are then incorporated into flood frequency analysis (FFA) for
estimating discharge quantiles at any location (Chen et al., 2024; Dottori et al., 2016;
Pappenberger et al., 2012; Yu et al., 2019). However, due to the limited availability of
historical extreme event records, these methods often depend on stochastic weather
generators or climate ensembles to expand sample sizes for reliable flood quantile
estimation (Ishii and Mori, 2020; Tanaka et al., 2023; Wright et al., 2020). This reliance,
however, presents scalability challenges for large-scale applications (Li et al., 2014;
Peleg et al., 2017). Among these methods, climate ensemble approaches offer high
physical reliability by simulating long-term meteorological variations. However, they
also generate a substantial number of non-extreme events, leading to excessive
computational demands for large-scale simulations, especially when accounting for

inundation dynamics and backwater effects in the modeling process.

Event-based simulation is widely used in flood management, infrastructure design,
and climate change impact analysis (Mei et al., 2020; Tamm et al., 2023). By focusing
exclusively on extreme events, these approaches enhance the efficiency of climate
ensemble utilization. Typically, event-based methods derive hydrological model
inputs from intensity-duration-frequency (IDF) curves, which are constructed through
frequency analysis of regional precipitation data (Hernes et al., 2020; Tamm et al.,
2023).

However, conventional event-based simulations struggle to incorporate
spatiotemporal precipitation variability and antecedent conditions, both of which

significantly influence simulation accuracy. As a result, a 100-year precipitation event
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does not necessarily correspond to a 100-year flood event (Kim et al., 2019; Najibi
and Devineni, 2023; Zhou et al.,, 2021). Various studies have sought to integrate
antecedent conditions into event-based simulations. Approaches include estimating
lead time for antecedent rainfall (Cea and Fraga, 2018), incorporating antecedent
moisture as a calibration parameter (Soriano et al., 2020), and stochastic matching of
antecedent rainfall (Yu et al., 2019). Additionally, probabilistic methods have been
explored, such as the Hybrid-CE approach, which combines continuous and event-
based simulations to improve flood quantile estimation (Li et al.,, 2014), and the
probabilistic spatial estimation of antecedent water conditions (Salgado-Cassiani et
al., 2022).

To address spatiotemporal precipitation variability, weather generators are
commonly used to create structured precipitation fields (Peleg et al., 2017; Peleg and
Morin, 2014; Wright et al., 2017). Recent advancements include a generalized linear
model-based weather generator that integrates multiple climate covariates (Verdin et
al.,, 2018), a multipoint statistics-based precipitation generation method for
projecting future precipitation types (Benoit et al.,, 2020), and a GAN-based
(Generative Adversarial Network) stochastic weather generator enhancing spatial
reliability (Ji et al., 2024). Additionally, stochastic storm transposition has been
combined with high-resolution radar rainfall fields to generate extreme precipitation
events for FFA (Wright et al.,, 2014). However, few event-based methods explicitly

accounting for spatiotemporal variability are applicable to precipitation ensembles.

Among emerging techniques, the precipitation stretching method scales precipitation
fields by estimating scaling factors based on the ratio between basin-averaged
precipitation of multiple events and a target quantile (e.g., 100-year return period)
(Saito et al., 2022). This method expands the sample size of precipitation distributions
to reduce discrepancies between precipitation and discharge quantiles. Alternatively,
the Aggregating Grid Event (AGE) method retrieves extreme precipitation events
across multiple scales from ensembles while preserving spatiotemporal variability
(Chen et al., 2025¢). However, when applied to distributed hydrological models,
precipitation variability affects flood quantile estimation not only at basin outlets but
also at sub-basin locations. Research remains limited on the performance of event-
based methods for precipitation ensembles in estimating flood quantiles across
tributaries. Moreover, applying these methods to precipitation ensembles introduces

new challenges related to implementation strategies and uncertainty propagation.
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This study evaluates the performance of event-based simulation methods that
incorporate improvements for addressing spatiotemporal precipitation variability,
with a focus on the AGE method and the precipitation stretching method in ensemble-
based flood quantile estimation. Key research questions include: (1) Can event-based
methods accurately estimate flood quantiles for different tributaries within a basin?
(2) Should event selection be based on the entire ensemble or the ensemble member

average? (3) How does ensemble uncertainty propagate in different methods?

4.2 Study area & data

4.2.1 Shikoku Island

[ |Basins
Streams
Main Stream

Figure 4-1 Overview of the Shikoku Island

As Figure 4-1 shows, this study focuses on Shikoku Island in Japan, encompassing
eight major river basins and numerous coastal river channels, with a total area of
21,000 km?. The eight major river basins' topographic characteristics are detailed in
Table 4-1. Shikoku Island is frequently impacted by typhoons, leading to intense
precipitation. The precipitation exhibits significant spatial variations influenced by
the topography, with annual precipitation ranging from 1200 mm to 4000 mm.
Simultaneously, owing to the mountainous terrain on the island, the river channels

experience steep gradients, resulting in rapid streamflow. The combination of climatic
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and topographic factors makes Shikoku Island prone to flooding disasters.

Table 4-1 Topographic parameters of the eight major basins in Shikoku Island

Elevation of

Basin Area (km?) Length (km) .
river source (m)
Yoshino 3750 194 1897
Watari 2186 196 1336
Niyodo 1560 124 1982
Hiji 1210 103 460
Naka 874 125 1929
Monobe 508 71 1770
Shigenobu 445 36 1233
Doki 140 33 1059
4.2.2 Data

This study utilizes a nation-wide climate ensemble called d4PDF_5kmDDS_]JP, which
is dynamically downscaled from the 60-km d4PDF climate projection ensemble
(Kawase et al., 2023). The ensemble provides climate variables at historical and future
stages, featuring a spatial resolution of 5 km and a temporal resolution of 1 hour.
Since this study does not focus on climate change impacts, only the historical
ensemble data is adopted. To ensure a comprehensive representation of extreme
events for robust frequency analysis, the historical d4PDF_5kmDDS_JP dataset
includes 12 ensemble members, each covering the period 1951-2010 (60 years),
generated with 12 initial perturbations. The detailed experimental design and
downscaling procedures of d4PDF can be found in Mizuta et al. (2017) and Kawase et
al. (2023). The 12 ensemble members (HPB_mOO1 to HPB_mO012) are independent and
identically distributed, allowing them to be treated as a single dataset (i.e., using 720-
year data) for frequency analysis. Evaluation of this ensemble has demonstrated
improved performance in simulating radiation, sea ice, and precipitation, aligning

more closely with observational records (Kawase et al., 2023).
4.3 Methodology

Figure 4-2 shows the experiment framework of this study. An intensity threshold is
required to extract precipitation event while exclude transient light precipitation.
Given the hydroclimatic characteristics of the study area, precipitation bellow 10
mm/h is unlikely to generate annual flood peaks. Therefore, 10 mm/h is defined as a

valid precipitation threshold. To capture all potentially influential events leading to
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high discharges, all the timestep experienced valid precipitation is marked. A total of
25,700 precipitation events were extracted from the 720-year ensemble. The AGE
method was applied to the same ensemble, extracting precipitation events for flood
simulations. The precipitation stretching method is classified into two approaches: (1)
integrated (PrecStre-I): estimates precipitation frequency using all ensemble members.
(2) separated (PrecStre-S): obtains precipitation quantiles from the ensemble mean.

The details of the methods are described in the next subsections.

—» Reference ——» PrecStre-|

—> AGE — PrecStre-S
d4PDF_5kmDDS_JP

|
\ ¥ v Y

All valid events Events extracted Events designed Events designed
by AGE by PrecStre-I| by PrecStre-S
| |

Rainfall-Runoff-Inundation (RRI)
model

| v

Flood frequency analysis | l«————» | Discharge peak selection

| |
i S I y T |

quantile map from quantile map from quantile map from quantile map from
all valid events AGE method PrecStre-1 method PrecStre-S method

100-year return period

P evaluation on accuracy and uncertainty

Figure 4-2 Flows of obtaining quantile maps for evaluation

The Rainfall-Runoff-Inundation (RRI) model is then used to obtain flood peaks from
the extracted events. Based on the simulation results, the peak-over-threshold (POT)
method is used to estimate the 100-year discharge and its 95% confidence interval for
each river cross-section (Chen et al., 2024; Mostofi Zadeh et al., 2019). In this study,
the POT threshold is set to a 10-year return period, corresponding to the top 72 events
from the 720-year ensemble. The cumulative distribution function of the generalized
pareto distribution (GPD) used in the POT method is given in Eq. 4-1. Wherein, £ is the
shape parameter, p is the location parameter, and o is the scale parameter. The
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conversion equation of return period T and probability P is shown in Eq. 4-2, where

npy means the number of peaks per year.

1-(1+¢ (%))‘1/6 for&#0

1—exp(—%) foré=0 @

GPD(x) = {

1
TXnpy

P=1-

(4-2)

By comparing with reference discharge quantiles based on all valid events, the

accuracy and uncertainty of these three methods are evaluated.
4.3.1 Aggregating Grid Event Method

The AGE method was developed to retrieve critical precipitation events for FFA at
multiple locations within a region (Chen et al.,, 2025c). Its advantages include
preserving the natural spatiotemporal distribution of precipitation and identifying
extreme events across multiple scales. As shown in Figure 4-3, the core procedures of
the AGE method comprise discretization, sorting, preliminary selection, upscaling,
aggregation, and completion.

First, precipitation data for each grid is discretized using a 10 mm/h (valid
precipitation threshold for the study area) threshold (Step 1). If the interval between
two precipitation slices is shorter than a specified value, they are considered part of
the same event. To ensure hydrological independence (i.e., subsequent precipitation
does not influence the flood peak), this interval is set to the approximate time of
concentration (Table 4-2). The values in Table 4-2 are estimated using an empirical
formula (Kadoya and Fukushima, 1976) and summarized from the planned
precipitation durations outlined in local flood prevention plans of 109 national river
basins. Detailed guidelines can be found in MLIT (2024). The rainfall amount over
approximate river concentration time is then calculated (step 2) and used for sorting.
The top 72 events are preliminarily selected (step 3). Repeating Steps 1-3 across all

grids yields an event set at the original spatial scale.

Subsequently, precipitation data is upscaled until a single pixel encompasses the
target basin, with event sets derived at various scales through repeated application of
the above steps. When events from different grids and scales are placed on a timeline

(step 4), two patterns emerge: overlap and isolation, reflecting different impact scales
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of extreme events. The final event set is obtained by aggregating overlapping events
while preserving isolated ones.

I— s — [
I |
res. 1 —ngf)_ga_tl;t-gp s1-31] =1 Split to multiple events from the EEREESEH
: G hole time series
si-for each grid 7| £ w
: % Time of concentration
[ E — (varies according to spatial scales)
& =
- §=
sF-f-Ad--X---4x-------"---=-- - -
£ P .

Event 1"—'/ Event 2 Timesteps Event n *——

|

I

1

|

I

1

|

I

|

|

res.i gridjf 1
|

Select events with annual frequency=0.1 :
> '
|

I

|

|

1

|

|

Rainfall During
Concentration

e.g., top 72 events out of 720-year data

Time

rainfall Intensity
RDCT

. Timesteps

Apply the above procedures for all resolutions

L ' J
Events on the timeline
g?’idll P— —_ —_ P— e -
1 1 1 1 1
T‘[d Eemm— o e e e e EE—— o e e e e EEE—— L e e e ] - - -
g : 1 * Aot —_ r N M T F res.t
: 1 o I I 1 o
grid” :——‘E’_____:__:______I__k*i ________ :__‘ml__:____H _______ .
. 1 1 1 1 I ] I 1
Q’Tldzi r-——----- r-—-r-——--- e e e il r-——r-r--—--F=%+p
I [ I I I 1 [ o res.2
H I 1 1 1 | 1 1 [ o —
. 1 [ i ! 1 1 o Lo ton
grldm- e R Sl | il il Ittt F-=-m-r----=F
1 [ T | I | I 1o (.
1 (| 1 1 I 1 I [ o
aggregated ______4 . __ L Jo_ s L el )
period S~
-—
oy
— S h— !' Full period
ug ! Aggregated period 1 _
ER Start time i ' i End time
S o Last minimum point | 1 i \ First mi/njmum point
o o ! ! |
8 E T I
o 43 h 1 a8 |/ /\'
a \ 8 I/ --‘___‘_l /-4 5
Timesteps

Figure 4-3 Conceptual illustration of the Aggregating Grid Event method (derived
from Chapter 3)
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Lastly, using regionally averaged rainfall, each event period is refined by identifying
the first and last minimum points within an extended 48-hour time window (step 5).
Based on the AGE method, this study identifies 2,966 events from the 720-year

ensemble.

Table 4-2 Relationship between pixel area and approximate river concentration time

Area (km?) Time (h)
0~200 6
200~500 12
500~5000 24

> 5000 48

4.3.2 Precipitation Stretching Method

[ Precipitation
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: Ratio; =
Ensemble climate data Sample;

@ Target .7 Precipitation event 1

TTTTrTT T 0 L]
R g .
Samples . { R >

: Ry - Lower limits
’ P
P e E x Ratio;
-, e
s ol Return

o - Period Precipitation eventi
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Figure 4-4 Conceptual illustration of precipitation stretching method

The concept of the precipitation stretching method is illustrated in Figure 4-4. For
each target river basin, spatially averaged rainfall is computed to derive hourly time
series from the ensemble climate data. Subsequently, the annual maximum 48-hour
precipitation is extracted for frequency analysis. Given the small catchment areas and
short concentration times of the study basins, a 48-hour duration is recommended
for storm event design in the study area. The Generalized Extreme Value (GEV)
distribution (Eqg. 4-3) is used to fit the annual maximum sequence, with its parameter

meaning consistent with those in Eq. 4-1. These parameters are estimated using the
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L-moment method (Hosking and Wallis, 1993). Precipitation events with totals
approximating the 100-year return level are selected, as their spatiotemporal
structures are considered representative of potential 100-year events. The 100-year
return period precipitation serves as the target value, and six 48-h precipitation
events retaining their original spatiotemporal distributions are selected for stretching.
By applying the scaling ratio to each grid and timestep of the corresponding event,
precipitation is proportionally scaled with total rainfall equals to the target value (i.e.,
100-year return level). The six stretched events are then used as input to the RRI
model for discharge simulation. Finally, the maximum discharge at each river grid is
extracted to represent the estimated discharge corresponding to the 100-year return

period.

exp (- (1 +¢ (%))_1/6) for & = 0with1+¢(24) > 0
exp (— exp (— ﬂ)) foré =20

g

GEV(x) = (4-3)

Based on ensemble treatment methods, the precipitation stretching approach is
categorized into PrecStre-I and PrecStre-S. For estimating 100-year precipitation,
PrecStre-I directly utilizes annual maximum precipitation from the 720-year ensemble,
whereas PrecStre-S estimates quantiles for each ensemble member using 60-year data
and subsequently averages the results. Since PrecStre-S treats each member as an
independent dataset, candidate events are extracted from the same member. Thus,
selecting a representative member is essential. The member yielding a 100-year
precipitation estimate closest to the ensemble mean is designated as the

representative member for the corresponding basin.

To quantify discharge uncertainty, the upper and lower limits of the 95% confidence
interval for 100-year precipitation are recorded. In PrecStre-S, these limits are
averaged across all members. Candidate events are then proportionally stretched to
match the upper and lower limits, and the corresponding simulation results define
the confidence interval for discharge estimates, allowing an assessment of
uncertainty propagation. Information on 100-year precipitation for each basin is
provided in Tables 4-3 and 4-4, while scaling ratios for candidate events are detailed
in Tables S6 and S7.

Table 4-3 Target rainfall amount of each basin and their 95% upper and lower limits
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from the PrecStre-I method

Basins Target (mm) Uplzgme;mit Lovx(f;alfnlgmit
Yoshino 480 521 442
Watari 545 585 509
Niyodo 567 603 531
Hiji 414 465 370
Naka 710 762 668
Monobe 686 733 640
Shigenobu 415 471 370
Doki 411 457 367

Table 4-4 Representative member, target rainfall amount of each basin and their
95% upper and lower limits from the PrecStre-S method

Basins Rep;fes;%té‘:ive Target (mm) 11{11311;;31‘ LinI;(i)t“(’Ierfm)
(mm)
Yoshino HPB_mO006 485 654 364
Watari HPB_mO006 547 709 429
Niyodo HPB_mO004 573 724 456
Hiji HPB_mO002 410 611 288
Naka HPB_mO11 712 916 564
Monobe HPB_mO006 688 885 544
Shigenobu HPB_mO005 412 613 285
Doki HPB_mO010 414 623 282

4.3.3 Rainfall-Runoff-Inundation Model

The Rainfall-Runoff-Inundation (RRI) model employed in this study was initially
developed by Sayama et al. (2012), and currently had been localized, including the
incorporation of surveyed river cross-sections (Yamada et al., 2022), embedding a
reservoir operation model (Ly et al., 2021), and nationwide calibration based on soil
and geological attributes (Sayama et al., 2025) over Japan. At present, the localized

Japan RRI (JRRI) with a 150m resolution has been developed into a real-time
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forecasting system (Sayama et al.,, 2020). For floods with medium to long return
periods (e.g., 100 years), cross-section shape of river channels and flood control
structures have important effect to the simulation results (Boulange et al., 2021;
Hanazaki et al., 2022; Zhou, 2020). Therefore, to accurately projecting future flood

risk, this study conducted simulations based on the RRI model.

The RRI model is a naturally coupled one-dimensional and two-dimensional model
capable of simultaneously calculating the evolution of streamflow and overflow to
provide information on discharge and inundation depths. It divides the study area
into river grids and land grids, applying one-dimensional diffusion wave equations to
river grids and two-dimensional diffusion wave equations to land grids. The
infiltration scheme employs the Green-Ampt model (Green and Ampt, 1911) in gentle
topography, while an integrated stage-discharge relationship (Sayama and McDonnell,
2009; Tachikawa et al., 2004) taking unsaturated, saturated subsurface and surface
flows is applied to mountainous regions. The numerical computations are conducted
using the fifth-order Runge-Kutta formula (Cash and Karp, 1990). Due to its
computational efficiency, accuracy, and open source, the RRI model has found
extensive applications in Japan and Southeast Asia (Rasmy et al., 2019; Sayama et al.,
2015; Try et al., 2020, 2022; Yamamoto et al., 2021).

Terrain data is a crucial input for the RRI model, and in this study, the 30m resolution
J-FlwDir developed by Yamazaki et al. (2020) was utilized. The resolution was
upscaled to 150m using an algorithm developed by (Masutani et al., 2006), while

retaining the main stream locations.

The validation results of the JRRI model are shown in Figure 4-5, with a total of 519
flood processes evaluated across the study area. Model performance is assessed using
the Correlation Coefficient (CC, Eq. 4-4), Nash-Sutcliffe Efficiency (NSE, Eq 4-5), and
Relative Peak Difference (RPD, Eq. 4-6).

CC = ZZ:1(Q5—Q_0)(Q§—Q_S) (4_4)
JEL@-mm ELaei-a0)

_ 4 2i=1(0f-05)? i
NSE =1 N1-1(Q5-0Q0)? (4-5)

RPD = % (4-6)

p,0

where Qf and Q! are the observed and simulated discharges at timestep ¢, Q, and
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Qs are the temporal means, and @Q,, and Q, are the peak discharges of Qf and Q.
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Figure 4-5 Locations of gauge and validation results of the JRRI model in the study
area

The JRRI model demonstrates strong agreement, achieving median values of 0.97,
0.88, and -0.16 for CC, NSE, and RPD, respectively. Furthermore, as the reference
discharge quantiles and those derived from the AGE, PrecStre-I, and PrecStre-S
methods are based on the same model, any biases are considered systematic and do

not impact subsequent analyses.

Given the substantial computational tasks involved in the validation work of this
study, JRRI was developed as a vectorized version deployed on the fourth-generation
Earth Simulator, a supercomputer based on vector engines (Habata et al., 2003). In
this study, Shikoku Island is divided into 948,162 grids with a resolution of 150 m,
and the simulation results are outputted with 1-hour temporal resolution. Among
these, grids with more than 50 contributing grids from upstream are defined as river
grids and serve as the objects for estimating the 100-year return period discharge in
this study, totalling 95,021 grids.

4.3.4 Evaluation Indicators

In this study, we employed relative bias (BIAS), and mean absolute percentage error
(MAPE), as defined by Egs. 4-7 and 4-8, to comprehensively assess the error between
the discharges obtained from the AGE or precipitation stretching methods and the
benchmark at the 100-year return period. To evaluate the uncertainty changes for
discharge quantiles from different river cross-sections, the relative confidence

interval difference (RCID), as defined by Eq 4-9, was employed.
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BIAS = £¥<"2%r 1000, (4-7)
Xyr
MAPE = %2(%) 100% (4-8)
RCID = (J’e_up_Ye_low)_(J’r_up_YT_low) (4_9)
Yr_pred

where, y, is the estimated series, y, is the reference series, y, ,, and y, ;,, are the
upper and lower limits of 95% confidence interval of the estimated discharge, y, ,,
and y, ;,, are the upper and lower limits of 95% confidence interval of the reference

discharge y, preq-
4.4 Results

4.1 Evaluation on the AGE method

=== Main Stream

Figure 4-6 BIAS of discharge at 100-year return period (AGE method V.S. all valid
events)
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Based on the 2,966 events extracted by the AGE method, the 100-year discharge at
each river grid is estimated. BIAS values, computed by comparing these estimates
with those from all valid events, are mapped in Figure 4-6. The results show that BIAS
generally falls within +£10%, with only a few upstream grids exhibiting errors between
-20% and -10%. These larger upstream errors are attributed to the smaller catchment
areas (0.1-0.2 km?) and low discharge quantiles (1-2 m?3/s), making BIAS more
sensitive to minor fluctuations. However, this error remains acceptable, as
infrastructure design and adaptation planning primarily rely on discharge quantiles

in middle and downstream reaches.

Overall, the AGE method demonstrates high accuracy in estimating discharge
quantiles across multiple locations. Precipitation variability is expected to enhance
event variability (i.e., FFA-relevant events in downstream areas differ from those
upstream), yet the high accuracy across most river grids indicates that the 2,966
identified events effectively capture these differences. Furthermore, compared to
simulating 720 years of hourly data, the AGE method significantly reduces
computational demands. This efficiency is particularly valuable for regional
applications, as small river basins, characterized by rapid hydrodynamic responses,
require high-resolution yet computationally intensive simulations, such as hourly
modeling (Shehata and Mizunaga, 2018). Both infrastructure design, which relies on
historical ensembles, and climate change assessments using climate projection

ensembles can benefit from the AGE method.
4.4.2 Evaluation on the precipitation stretching method

Figure 4-7 shows the BIAS between the 100-year return level discharge obtained using
the PrecStre-I method and the benchmark. The results reveal significantly larger
errors compared with those based on the AGE method, with no discernible spatial
distribution characteristics or consistent error patterns along river channels. The
results from the PrecStre-I method show both overestimation and underestimation. A
typical example is the Monobe river basin, where the distribution of BIAS reveals
overestimation ranging from 20% to 40% in the main stream, with some segments on
tributaries exhibiting overestimation exceeding 40%, while others show
underestimation exceeding -40%. Conversely, the Hiji river basin generally presents
underestimated results, with BIAS mostly below -20%, and some segments even below
-40%. These errors stem from the uncertainty in the spatial and temporal distribution

of the six precipitation events, which were selected for stretching. Due to the
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nonlinear effect of basins, precipitation events with different spatiotemporal
distribution can lead to varying discharges, even if they share the same total
precipitation. When the distribution patterns of the selected events are dominated by
patterns that tend to cause low discharge, the estimated discharge quantiles will be
underestimated even if using the largest value among the six events. The results
suggest that designing precipitation events to estimate discharge quantiles at
multiple locations within a basin, based on a limited number of precipitation patterns,

poses significant risks, potentially leading to large errors and spatial uncertainty.

m== Main Stream

Figure 4-7 BIAS of discharge at 100-year return period (PrecStre-I method V.S. all
valid events)
Figure 4-8 portrays the BIAS of discharge quantiles at 100-year return period,
obtained through the PrecStre-S method. Similar to Figure 4-7, the results of the
PrecStre-S method exhibit large errors and unpredictable error patterns. In Figure 4-
7, both the Hiji and Watari river basins primarily show underestimations, whereas
they exhibit significant overestimations in Figure 4-8. This discrepancy is related to
the uncertainty in spatiotemporal distribution of the selected events. According to
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Tables 4-3 and 4-4, the target rainfall amount derived from the PrecStre-I and
PrecStre-S methods show no significant difference for the Watari river basin (545 mm
and 547 mm) and the Hiji river basin (414 mm and 410 mm), respectively. Both event
sets, i.e., the six events selected by PrecStre-I and PrecStre-S, respectively, were
stretched to similar total precipitation. However, the selected events of PrecStre-S
were dominated by patterns that tend to lead to severe floods, whereas the PrecStre-
I exhibited the opposite, resulting in the opposing error patterns. This outcome
highlights the sensitivity of discharge response to the spatiotemporal distribution of
precipitation events. Underestimations can be mitigated by incorporating a larger
number of precipitation events; however, this may also introduce extreme

precipitation patterns, potentially exacerbating overestimations.

m== Main Stream

Figure 4-8 BIAS of discharge at 100-year return period (PrecStre-S method V.S. all
valid events)
In summary, the precipitation stretching method, whether treating the ensemble data
as an integrity in the PrecStre-I approach or as separate, independent members in the
PrecStre-S approach, struggles to accurately estimate design discharges for multiple
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river cross-sections within a basin. The variability of precipitation and the sensitivity
of discharge response are the primary reasons for the errors and uncertainties. These
results underscore the importance of considering the effect of precipitation

variability and the advantages of the AGE method.
4.4.3 Error and uncertainty pattern

In this section, we further compared the performance of the three methods, focusing
on the accuracy and uncertainty of discharge quantiles (at 100-year return period) in
different relative locations of a basin. Firstly, we compared the accuracy of discharge
quantiles across all river grids on Shikoku Island and the outlets of the eight main
basins. Figure 4-9 shows the results, and Table 4-5 provides the statistical evaluation

outcomes.
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Figure 4-9 Evaluation results of discharge quantiles at 100-year return period (a)
across Shikoku Island, and (b) at the basin outlets

The AGE method demonstrated consistent and high accuracy both across Shikoku
Island and at the outlets, with BIAS values of 1%, as well as MAPE values of 6% and 2%,
respectively. Both the PrecStre-I and PrecStre-S methods exhibited small BIAS values,
indicating accurate estimation of total precipitation. However, the large MAPE values
suggest inaccuracies in the estimations at individual river grids, which can be
attributed to discrepancies in the spatiotemporal distribution of precipitation. In the
outlets, the MAPE of the precipitation stretching method showed a significant
improvement, decreasing from 38% to 23% (PrecStre-S) and 34% to 16%, indicating its

potential as an alternative method for designing discharges in the downstream. Basin
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outlets typically have high demands for flood control infrastructures due to
concentrated populations and properties. Despite achieving higher accuracy, the AGE
method requires relatively higher computational resources. The precipitation
stretching method holds engineering value for designing discharges at basin outlets

in scenarios with limited computational resources.

Table 4-5 Statistical evaluation results of the PrecStre-S, PreStre-I, and AGE methods
at different scales

Scale Method BIAS (%) MAPE (%)
PrecStre-S 4 38
Shikoku PrecStre-I 4 34
AGE 1 6
PrecStre-S 1 23
Outlets PrecStre-I 0 16
AGE 1 2

Secondly, we calculated the ratio of the upstream contribution area to basin area for
each river grid (i.e., relative basin area, RBA). Figure 4-10 portrays the categorized
BIAS values of river grids based on their RBA. In the upstream areas of basins (RBA <
20%), outliers appear more frequently as low discharges are more sensitive to the
changes. Neglecting the outliers, the AGE method performs better than the
precipitation stretching method with BIAS more concentrated and closer to 0. Moving
to the middle parts of basins (20% < RBA < 90%), the occurrence of exceptionally large
BIAS values significantly reduces. BIAS values of the AGE method are concentrated
around 0, whereas those of the precipitation stretching method distribute within a
range of £50%. The BIAS values of PrecStre-I are close to 0 in sections with 50% < RBA
<70%, while PrecStre-S did not exhibit similar favorable results. This phenomenon
does not imply that PrecStre-I outperforms PrecStre-S within this range. Rather, as the
only difference lies in the spatial distribution of precipitation, the performance
variation is primarily attributed to the uncertainty in precipitation variability. In the
downstream areas (RBA > 90%), the AGE method continues to outperform the other
methods. BIAS values of both PrecStre-I and PrecStre-S methods reduce to a range of

+25%. Discharges in the downstream are less susceptible by precipitation variability.
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Figure 4-10 Distributions of BIAS of discharge quantiles obtained from the AGE,
PrecStre-1, and PrecStre-S methods vary with relative basin area
The RCID was used to evaluate the relative changes in the 95% confidence interval
associated with the estimation of discharge quantiles. Positive RCID values denote an
increase in uncertainty compared to the reference, while negative values indicate a
decrease. Notably, the uncertainty here pertains specifically to the uncertainty related
to quantile estimation, rather than the accuracy uncertainty or inherent uncertainty

of model outputs.

Figure 4-11 portrays the categorization of RCID values based on the RBA. RCID values
derived from the AGE method are predominantly centered around zero, suggesting a
consistent uncertainty level relative to the reference results. Similarly, RCID values
from the PrecStre-I method demonstrate a comparable distribution to those from the
AGE method. In contrast, the PrecStre-S method exhibits substantially increasing
uncertainty levels at all RBA ranges, highlighting that data utilization plays a more
critical role in uncertainty than the frequency analysis method or basin scale. Since
PrecStre-S estimates 100-year precipitation using 60-year data, its confidence interval
is wider than that derived from 720-year data, and hydrodynamic simulations are
likely to sustain or even amplify this uncertainty. Therefore, for minimizing
uncertainty in frequency analysis, it is recommended to treat ensemble data as a

whole, rather than averaging individual members.

In summary, owing to the well design towards precipitation variability, the AGE

method can obtain accurate and reliable discharge quantiles for all river cross-

sections in a region. The precipitation stretching method offers simplicity, and can

be used for providing discharge quantiles downstream, while to limit the uncertainty
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of estimations, the PrecStre-I method is recommended for enhanced reliability.
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Figure 4-11 Distributions of relative confidence interval differences (RCID) values in
different relative basin area (RBA) ranges

4.5 Discussion

The interaction between ensembles and flood modeling is a common focus in flood
forecasting, primarily aimed at quantifying uncertainty and enhancing reliability
(Caseri et al., 2016; Zsoter et al., 2020). Unlike short-term forecasting, advances in
high-performance computing have enabled the generation of long-duration climate
ensembles, facilitating robust flood frequency estimation under specific climate
conditions (Kawase et al.,, 2023). For instance, historical ensemble outputs from
d4PDF are being explored for infrastructure planning, while ensembles representing
2°C and 4°C warming above pre-industrial levels are widely used to assess climate
change impacts and inform disaster prevention strategies (Budhathoki et al., 2022;
Ishii and Mori, 2020; Sasai et al., 2019; Tanaka et al., 2021; Zhao et al., 2023c). Notably,
unlike most scenario-based ensembles, d4PDF employs pseudo-global warming
simulations (Tanaka et al., 2023; Zhao et al., 2023c¢), allowing for frequency analysis
under specific climatic conditions while avoiding non-stationarity issues (Taniguchi
et al., 2022), enhancing practicability. Climate ensembles are expected to play an
increasingly critical role in flood risk management, and advancements in downscaling
techniques will further enhance research on localized disaster events. To fully
leverage high-resolution climate ensembles, the development of information
distillation techniques—methods for extracting key information from large

datasets—remains essential.
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Spatiotemporal precipitation variability is a key factor influencing flood simulation
outcomes and is expected to intensify under climate change (Wasko et al., 2021; Zhao
et al., 2023c). This study evaluates methods that account for such variability when
estimating flood quantiles across a basin. The results show that while the
precipitation stretching method incorporates multiple possible precipitation
distributions, it still introduces substantial errors, particularly in upstream areas
where localized precipitation patterns are more pronounced than in downstream
regions. This underscores the risks of designing precipitation scenarios based purely
on statistical approaches, which may overlook critical physical variability. In contrast,
the AGE method directly extracts precipitation events from the ensemble, preserving
the physical consistency of spatiotemporal distributions. Additionally, its multi-
location and multi-scale event identification strategy ensures robust performance
across different basin regions. Thus, when computational resources allow, the AGE
method serves as a superior alternative to precipitation stretching, as it more

effectively accounts for precipitation variability.

A primary function of ensembles is to reduce uncertainty in projection results, which
is particularly crucial for climate change studies where minimizing uncertainty is a
key objective (Kita and Yamazaki, 2023; Satoh et al., 2018; Zelinka et al., 2017). This
study highlights that different ensemble utilization strategies result in significant
variations in uncertainty, which then propagate through the modeling chain. To
mitigate uncertainty, it is recommended to maximize sample usage, such as treating
the ensemble as an integrated dataset rather than relying on individual members. It
is important to note that d4PDF members originate from the same model and can be
considered independent identically distributed (Fujita et al., 2019; Kawase et al., 2023;
Mizuta et al., 2017). In contrast, climate projection ensembles (e.g., ensembles from
Coupled Model Intercomparison Project) are derived from different general
circulation models, meaning their members should not be indiscriminately combined

for analysis.

The duration used for frequency analysis and simulation in the precipitation
stretching method is longer than the approximate river concentration times listed in
Table 4-2, as it is intended to incorporate not only the peak flow processes but also
the initial and post-event hydrological responses. More detailed stretching
approaches could be considered—for example, calculating scaling factors based
solely on precipitation within the concentration time and applying them to 48-hour
events, or stretching only the precipitation within the concentration time while
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preserving the original initial and post-event rainfall. However, these alternative
schemes introduce additional uncertainties and lack validations. Therefore, this study
adopts a consistent 48-hour duration throughout the process—from frequency
analysis to event stretching. While incorporating concentration time could potentially
lead to the selection of more concentrated precipitation segments and thus higher
discharge peaks, Figure 4-9(c) shows no significant underestimation when compared
with the reference results. This supports the validity of using the 48-hour duration in
this study.

A limitation of this study is that we did not evaluate how the performance of the
precipitation stretching method changes with variations in the number of selected
events and more complex designing strategies, such as manually designing for
multiple sub-basins. It is possible that their performance could be further improved
through such adjustments. However, despite this limitation, we still recommend the
AGE method due to its automation and universality, which make it a robust choice

for a wide range of applications.

4.6 Conclusions

The use of ensemble data for process-based FFA ensures high physical reliability but
incurs significant computational costs. Event-based simulation methods can mitigate
these demands; however, careful consideration of precipitation variability is essential.
This study assesses the performance of two such methods—AGE and precipitation
stretching—both of which incorporate precipitation variability in different ways,
using a 720-year ensemble dataset. Additionally, the study examines how different
ensemble utilization strategies influence uncertainty propagation. Discharge
quantiles for all river grids on Shikoku Island, estimated from 25,700 valid

precipitation events, serve as reference values.

The results demonstrate that event-based methods can effectively capture
precipitation spatiotemporal variability and accurately estimate flood quantiles
across various basin locations, provided a multi-location, multi-scale event
identification approach—such as the AGE method—is employed. Specifically, apart
from a few river source grids, discharge quantiles estimated using AGE exhibit high
accuracy across the basin, with BIAS values within +10%. The method also maintains
spatial consistency, with MAPE values of 6% for the entire basin and 2% at the basin

outlet. While the precipitation stretching method considers multiple possible
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precipitation distributions, its estimated quantiles show both overestimation and
underestimation, with biases reaching +40%. These errors are largely driven by event
selection, leading to substantial uncertainty. The method performs better in
downstream regions (RBA > 90%) than upstream, with MAPE values of 23% (PrecStre-
S) and 16% (PrecStre-I) at the basin outlet.

Regarding ensemble utilization strategies, using all members or ensemble means does
not significantly affect discharge quantile accuracy in downstream regions but has a
notable impact on uncertainty propagation. When utilizing the full 720-year dataset,
both the AGE method and PrecStre-I yield RCID values near zero across different RBA
ranges. In contrast, using ensemble means (PrecStre-S) results in a median RCID of
0.25 to 0.50, indicating that the 95% confidence interval is inflated by 25% to 50%

compared to reference results.

Thus, when computational resources allow, the AGE method is the optimal ensemble
utilization approach. The precipitation stretching method remains viable for
estimating downstream discharge quantiles. Due to its impact on uncertainty

propagation, PrecStre-I is the preferred approach.

These findings offer valuable insights for disaster prevention applications of climate

ensembles and regional climate change impact assessments.
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5. Projecting future floods at multiscale rivers over

Japan”

Abstract

This chapter addressed computational challenges in high-resolution, large-domain,
process-based flood quantile estimation, focusing on Japan's future flood risks at a
150 m resolution. Using the Aggregating Grid Event (AGE) method, Rainfall-Runoff-
Inundation (RRI) model, and Peaks-Over-Threshold (POT) approach, it incorporates
2,160-year precipitation from a 5-km dynamically downscaled ensemble (d4PDF
DDS]JP) across three climate stages (historical, +2°C, +4°C). The AGE method identified
critical precipitation events for the flood quantile estimations and the POT method
was employed to estimate 100-year discharge (Q100) for over 2.2 million river grid
cells. Key findings include: (1) Nationwide, 100-year discharge (Q100) is projected to
increase 1.16 times (+2°C) and 1.37 times (+4°C), with equivalent return periods
reduced to 45 years (+2°C) and 23 years (+4°C). Northern regions (Hokkaido and
Tohoku) are particularly climate-sensitive, exceeding national averages in Q100
increases. (2) Small river basins and transition zones from plains to mountains exhibit
higher increase ratios, necessitating targeted flood prevention measures. (3) Flash
flood risks are expected to rise, with most national A-class basins seeing flashiness
increases of over 10% (+2°C) and 20% (+4°C). Southern Japan faces further flash flood
intensification, while Northern Japan under +4°C stage anticipates significant new
challenges. The study underscores the urgency of adaptive flood management
strategies to mitigate increasing risks, offering a foundation for informed
policymaking and public-engaged mitigation. Simulation data opens pathways for

further research on cascading disaster scenarios in +2°C and +4°C climates.

This chapter is based on the publication:

Chen, J., Sayama, T., Yamada, M., Tanaka, T., Sugawara, Y. (2025) Projecting multiscale river
flood changes across Japan at +2°C and +4°C climates. Earth’s Future, 13(5), e2024EF005884
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5.1 Introduction

Global warming-induced changes in precipitation and floods are pressing concerns
(Bloschl et al., 2019; Donat et al., 2016; Hirabayashi et al., 2013; Prein et al., 2017;
Tellman et al., 2021; Winsemius et al., 2016). Human populations face heightened
flood risks due to increased frequency of extreme precipitation events (Li et al., 2019;
Qin et al., 2022). Decision makers, ranging from national governments to local
residents, urgently require understanding of forthcoming flood characteristic
changes, such as flood frequency, in their respective regions to formulate adaptation
plans effectively (IPCC, 2022; Owen, 2020; Soergel et al., 2021).

Although the Clausius-Clapeyron equation suggests atmospheric water capacity
increases about 6.5% per degree Celsius (Allen and Ingram, 2002), the actual increase
in extreme precipitation may deviate from this value due to differences in storm
dynamics and structure, as well as in larger scale weather patterns (Fowler et al., 2021;
Moustakis et al., 2021; Wasko et al., 2021; Westra et al., 2014). Meanwhile, the
nonlinear effects of basins further complicate the increase relation between extreme
precipitation and floods (Quintero et al., 2022; Stephens et al., 2018; Vangelis et al.,
2022). Currently, assessing the impact of future climate change on floods relies on

the application of general circulation models (GCMs) and hydrological models.

To better represent the spatial structures of climatic variables, simulation results
from GCMs require further dynamic downscaling through nested regional circulation
models (RCMs) (Ishizaki, 2022; Sasaki et al., 2011; Sunyer et al., 2017). Studies indicate
that kilometer-level grids can effectively capture mesoscale weather systems, closely
linked to flash floods, while sub-daily extreme precipitation data improves flash flood
simulations (Ficchi et al., 2016; Younis et al., 2008). Moreover, ensemble data adoption
is critical to ensure robust conclusions, given the sensitivity of climate simulations to
model structures and initial conditions (Ali et al., 2018; Cloke et al., 2013; Kim et al.,
2020; Leduc et al., 2019; Michalek et al., 2023; Shiogama et al., 2021; Try et al., 2022).

A range of downscaled climate projection ensemble datasets have supported regional
studies on climate change impacts (Ali et al., 2018; Gutowski Jr. et al., 2016; Jacob et
al., 2020; Leduc et al., 2019; van der Linden and Mitchell, 2009). Most studies typically
utilize emission scenario-based climate ensembles, whose future forcings such as

greenhouse gases are designed according to representative concentration pathway
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(RCP) and shared socioeconomic pathway (SSP) scenarios (James et al.,, 2017).
Consequently, these ensembles offer transient insights into global warming, where
warming levels vary over time. However, developing local adaptation strategies
necessitates insights at specific target warming levels. To robustly project
consequences of climate reaching specific stages, Mizuta et al. (2017) proposed a
warming stage-based simulation scheme, culminating in the development of the
database for Policy Decision making for Future climate change (d4PDF). This scheme
extracts GCM outputs (from emission scenario-based simulations) when global-mean
surface air temperature reach 2°C or 4°C warmer than preindustrial levels, serving as
boundary conditions (Fujita et al., 2019). Over 5,000-year samples per warming stage
were generated through extensive simulations. The ensemble dataset facilitates
obtaining frequency of extreme events, including snow, precipitation, typhoons, and
storm surges, while ensuring that the statistical characteristics of samples remain
consistent over time (Hatsuzuka et al., 2020; Kawase et al., 2016; Mori et al., 2019;
Tanaka et al., 2020, 2021; Zhao et al., 2023c). Recently, hourly d4PDF has undergone
dynamic downscaling from 60 km to 20 km and further to 5 km resolutions (Ishii and
Mori, 2020; Kawase et al., 2023).

With the goal of projecting future flood changes using climate ensembles, some focus
on a global, continental scale, or major basins worldwide (i.e., macroscale), seeking to
understand changing trends in flood occurrence across various regions to estimate
associated risks and potential damages (Alfieri et al., 2015a, 2018; Arnell and Gosling,
2016; Chen et al., 2023; Hirabayashi et al., 2013; Lim et al., 2018; Try et al., 2022).
Another subset of studies comprehensively investigates mechanisms and responses
within a specific basin or sub-basin (i.e., microscale) using fine-scale models that
consider complex processes (Shi and Shiraiwa, 2023; Silva and Portela, 2018; Tanaka
et al., 2020; Yamamoto et al., 2021; Zhao et al., 2016). However, few studies recognize
the importance of mesoscale analysis, which projects future floods using high-
resolution, process-based hydrologic models on a national or regional scale.
Mesoscale research serves to bridge the gap between macroscale and microscale
studies, facilitating a comprehensive understanding of future flood changes.
Moreover, mesoscale research addresses limitations of both macroscale and
microscale approaches: macroscale research struggles to represent hydrological
properties of all river channels including in small-to-medium rivers, while microscale
research faces challenges in extracting general insights from a singular basin.

Although mesoscale research offers various advantages as mentioned above, it has
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not yet been widely conducted due to limitations in methodology, model efficiency,

and computational resources.

To enhance understanding of future flood patterns across multi-scales in Japan, this
study conducted high-resolution flood simulations (150 m spatial and 1-hour
temporal resolution) from a mesoscale perspective, utilizing the d4PDF dataset, which
encompasses 720-year data per climatic stage (historical, +2°C, and +4°C). This work
has considered the data issue (i.e., resolution effects, representativeness of warming
stages) and the scale issue (i.e., mesoscale flood simulations). To the best of our
knowledge, this represents an unprecedented large-domain, high-resolution flood
projection at specific warming levels. This study aims to investigate (1) the national
patterns in extreme flood changes across warming stages; (2) the regional trends
relate to basin attributes (basin size and elevation); (3) changes in flood processes.
This study underscores the value of mesoscale studies for regional flood mitigation
strategies, and providing future flood information with an easily perceptible
resolution to enhance public understanding of climate change impacts. The simulated

data is expected to support further studies on cascading impact assessment.

5.2 Study area and data description

5.2.1 Study area

Japan, situated in East Asia, comprises four major islands spanning approximately
378,000 km? About 75% of its terrain is hilly and mountainous, resulting in
pronounced river gradients throughout the country (Yasuda et al., 2016). Meanwhile,
due to the predominance of short river lengths, the flood types are dominated by

flash floods, characterized by high destructiveness (Higashino and Stefan, 2019).

Lateral subsurface flow plays an important role in the runoff component because of
the large area of mountains and forests, posing challenges for flood simulations.
Extreme precipitation, primarily from typhoons and quasi-stationary frontal systems,
notably impacts the southern (below about 36 °N) and southwestern regions
(Hirockawa et al., 2020; Kamahori and Arakawa, 2018; Kato, 2020). Historical events
such as Typhoons Jebi and Hagibis have caused significant damage (Sayama et al.,
2020; Takabatake et al., 2018; Tanaka et al., 2023). Typhoons originating from the
Pacific Ocean typically move northward, primarily making landfall between Kyushu

and Kanto. Frontal rainfall occurs in summer and autumn, initially affecting northern
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Kyushu and gradually extending northward to Tohoku as autumn progresses. Typical
weather system patterns can be referenced in Grossman et al. (2015), Osakada and
Nakakita (2018) and Ohya and Yamada (2024). The population is densely concentrated
in the coastal plains of the Kanto, Chubu, and Kinki regions, which are home to some
of the world's most densely populated cities, including Tokyo, Nagoya, and Osaka.
Japan faces a high flood risk due to the abovementioned factors of topography,
climate, population distribution. To facilitate analysis, Japan is divided into 14
regions (Figure 5-1), primarily based on administrative divisions, with adjustments

made to account for geographical characteristics and integrity of basins.
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Figure 5-1 Topography of Japan and the locations of 14 regions, adjusted from
official administrative divisions based on basin boundaries

5.2.2 Ensemble climate projection dataset

The hourly precipitation data used in this study sourced from the 5-km dynamically
downscaled d4PDF (DDSJP), fully covering Japan and well reproduced the historical

extreme precipitation (Kawase et al., 2023). The original d4PDF data was produced
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through 60-km global experiments using the Meteorological Research Institute
Atmospheric General Circulation Model 3.2 (MRI-AGCM3.2) (Mizuta et al., 2012, 2017).
The 5-km version was further downscaled using the Non-Hydrostatic Regional
Climate Model (NHRCM) (Sasaki et al.,, 2008). For details on the downscaling
methodology, refer to Kawase et al. (2023). The DDSJP has 720-year sample for each
warming stage (historical, +2°C, and +4°C). The +2°C stage aligns with the goal of the
Paris Agreement, while the +4°C represents the status of far-future (circa 2100) under
the RCP 8.5 scenario. The 720-year data of historical stage consists of 12 60-year
members, each simulated with distinct initial perturbations spanning from 1951 to
2010. The data in future stages (720 years per stage) were generated through 60-year
simulations based on 12 boundary conditions, comprising combinations of six sea
surface temperatures (SSTs) from various GCMs and two perturbations (Mizuta et al.,
2017). Notably, different from emission scenario-based simulation, d4PDF was
designed for iteratively simulating at a specific warming stage, rendering the number
of years in future stages as indicative of data size rather than a time concept. All
meteorological events are considered from the same independent and identically
distribution under the specified warming stage, thus the 720-year data was directly
used for frequency analysis (Chen et al., 2024; Ishii and Mori, 2020; Kawase et al.,
2023; Sasai et al., 2019; Zhao et al., 2023c). Compared with the 20-km version, the 5-
km DDSJP was proved to have better reproducibility of typhoon-related, frontal, and

localized extreme precipitation (Kawase et al., 2023).

5.3 Methodology

5.3.1 Event extraction method

Conducting 150-m resolution simulations nationwide with a large ensemble requires
substantial computational resources, while sizable portion of 720-year hourly data
does not significantly contribute to extreme floods. Regarding that precipitation is
the dominant factor causing flooding, even in northern regions (Nguyen et al., 2020),
thus, to enable feasible simulations, the aggregating grid event (AGE) method was
employed to extract extreme precipitation events (Chen et al., 2025c). This method
comprehensively identifies precipitation events that lead to basin and local floods
through multi-scale grid-by-grid analysis. According to the average precipitation
intensity during approximate river concentration time, the largest n events per

precipitation grid were selected. As the final extracted events are used for flood
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frequency analysis, nis set to 72, corresponding to a 10-year return period. Eventually,
by aggregating the selected events from different grids and scales along the temporal
axial, the start and end times of events for extraction were determined. The AGE
method, rooted in hydrological concepts, comprehensively considers the impact of
spatiotemporal precipitation variability, thereby aiding in the accurate estimation of
discharge quantiles for every river grid, which had been proved in a previous study
(Chen et al., 2025c).

5.3.2 Rainfall-Runoff-Inundation (RRI) model

The RRI model is a two dimensional (2D) distributed model, enabling simultaneously
simulate river discharge and flood inundation (Sayama et al., 2012). It spatially
classifies grids into river and land grids, employing one dimensional (1D) and 2D
diffusion wave functions to describe water movement, respectively. The RRI model
can well simulate lateral subsurface flow, vertical infiltration flow, and surface flow
(Sayama and McDonnell, 2009). The numerical scheme, optimized using the fifth-
order Runge-Kutta formula, ensures both accuracy and efficiency (Cash and Karp,
1990). Owing to the advantages of accuracy, efficiency, and extendibility, the RRI
model has been widely applied in Southeast Asia and Japan (Bhagabati and Kawasaki,
2017; Rasmy et al., 2019; Sayama et al., 2017, 2020; Try et al., 2022; Yamamoto et al.,
2021).

This study built a 150-m resolution RRI model covering Japan. This model operates
with a unit timestep of smaller than 10 minutes in land grids and smaller than 1
minute in river grids, outputting hourly discharge and inundation processes.
Hydraulic parameters (refer to the Table S5) were correlated with soil and land use
type, enhancing the physical interpretability. The performance of validated RRI model
can be obtained from the Figures S5 to S6. The 150-m RRI model integrated surveyed
river cross-section data and 121 national dams, as indicated in the Figure S9 (Ly et al.,
2021; Yamada et al., 2022). Simple operational ruler was used for simulating the effect
of dams. Topography and flow direction data were sourced from 30-m Japan flow
direction map (J-FlwDir) (Yamazaki et al., 2020), and upscaled using an algorithm
developed by Masutani et al. (2006). River grids were identified when the number of
upstream contributing grids exceeded 50, corresponding to an area larger than 1.125

km?. This study encompassed over 2.2 million river grids in the RRI model.
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5.3.3 Flood frequency analysis

The Peaks-Over-Threshold (POT) method is employed to estimate flood frequency
curves by fitting the generalized Pareto distribution (GPD, Eq. 5-1) to extreme values
exceeding a defined threshold (Chen et al., 2025c; Pan et al., 2022). A higher threshold
effectively reduces data demand, while the POT method, due to its data-filtering
approach, minimizes the risk of missing extreme values compared to the block
maxima method (Chen et al., 2024; Cunnane, 1973; Madsen et al., 1997). The threshold
of POT method can be an exact value or a specified probability. This study extracted
the 72 largest discharge peaks for each river grid from extensive simulation results
based on events identified using the AGE method. Given the utilization of 720-year
data, the 72 largest values correspond to the 10-year return period threshold. The
POT method was applied to all river grids to estimate the corresponding discharge at
100-year return period (Q100).

1—(1+5(’%"))_1/€ for&+0

6P = {1 —exp (— %) foré=0

where &, u, and o is the shape, location, scale parameter, respectively.
5.3.4 Evaluation method

The increase ratio (Eq. 5-2) was employed to describe the changes in flood peak at the
same return period. This study focuses on quantiles corresponding to 100-year return
period (i.e., Q100) as a common indicator for assessing the impact of climate change
on floods. The historical stage was regarded as the baseline, and comparisons were

made between the baseline and future stages (i.e., +2°C or +4°C). In Eq. 5-2, Q, and Qy

represent the Q100 at historical and future stages, respectively.

Flashiness was used to assess the severity of flash floods (Li et al., 2023). As defined
in Eq. 5-3, the flashiness (F) quantifies how quickly and how high discharge rises
within a certain duration. Q, represents discharge at timestep t; d is the duration, i.e.,
6 hours in this study; CA denotes the upstream contribution area; and max() is a
function that returns the maximum value. The unit of flashiness in this study is

mm/h?.
This study utilized a modified coefficient of variation (M-CV, Eq. 5-4) to assess the
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variability of flood increase ratios within a region. Here, n is the total number of
increase ratios, x; is the i-th increase ratio, M is the median of the increase ratios.
Compared with the conventional coefficient of variation, the M-CVreplaces the mean

with the median, resulting a more robust outcome.

Icrease Ratio = 9 (5-2)

Qb
F = max (Qt_Qt—lrg;l_Xth—Zr---er_Qt—d) (5-3)
M-CV = \/ﬁZ(xi - M)2 /M (5-4)

The Mann-Kendall (M-K) test is a non-parametric method for statistically assessing
the presence of a monotonic trend in an ordered series, as outlined by Mann (1945)
and Kendall (1975). The null hypothesis of the M-K test is that no monotonic trend
exists. If the p-value of the M-K test is below 0.05, the null hypothesis can be rejected
with 95% confidence. The test statistic, S is calculated by Eq. 5-5, where a positive

(negative) value indicates an increasing (decreasing) trend.
S= Z}l__ll 1 5gn(m; —my) (5-5)

The M-K test is applied to detect trends in the median increase ratios across different
basin sizes, with ratios grouped into 20 km? equally spaced basin area bins. Here, m;
is the increase ratio median for the i-th basin area (ordered from small to large); and

sgn() is an indicator function that returns 1, 0, or -1 based on the sign of (m; — m;).

The Kolmogorov-Smirnov (KS) test is employed to evaluate whether two samples
originate from the same distribution. The null hypothesis assumes that both samples
come from the same distribution. In this study, the KS test evaluates the significance
of flashiness changes across warming stages, with a 95% confidence level adopted to

reject the null hypothesis.
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5.4 Results

5.4.1 National trend
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Figure 5-2 Spatial distribution of Q100 increase ratios at +2°C (a) and +4°C (b) stages.
Osaka bay (red rectangle) is enlarged as an example to show tributary details in this
study. Abbreviation: 100-year return period discharge (Q100)

The performance of discharge quantile reproducibility of the DDSJP can be found in
the supplementary material Figure S10. In general, the DDSJP can well reproduce
discharge quantiles on most regions. Figure 5-2 portrays the spatial distribution of
the increase ratios in Q100 at the +2°C and +4°C stages. When the global climate is 2°C
warmer than the preindustrial era, predominantly the ratios range from 1.0 to 1.2.
Higher increase ratios, between 1.2 and 1.4, are observed in the northern part (i.e.,
Hokkaido-1, -2, and -3 regions) and Chubu region. Although Q100s in Japan generally
show an increasing trend at the +2°C stage, a decreasing trend is observed in specific
basins, such as those in the central Chugoku and southern Tohoku regions. These
fine-grained patterns are revealed through high-resolution, dynamically downscaled

ensembles, which effectively capture local extreme precipitation.

At the +4°C stage, the spatial pattern of increase ratios shifts notably. Northern
regions, including Tohoku and Hokkaido-1, -2, and -3, exhibit increase ratios between
1.5 and 2.0, followed by Chubu, southern coastal Kinki, Shikoku, and southwest
Kyushu-1. Overall, the Q100 increase ratios at both stages follow a pattern of higher
values in the north and relatively lower values in the south, with notable spatial
variability within regions. The spatial distribution of increase ratios for the 50-year
discharge (Q50) is shown in Figure S11. Overall, the national trend of Q50 increase

ratios closely aligns with those of Q100, highlighting the representativeness of Q100.

Figure 5-3 shows the distributions of increase ratios and equivalent return period of
historical Q100 on the national level and the 14 regions. The equivalent return period
means estimating return period of +2°C or +4°C stage by the Q100 at historical stage.
Because the threshold of the POT method is set to be 10-year return period, return
periods shorter than 10 years cannot be estimated in this study and are marked as 0.
Additionally, some river channels with decreased discharge result in return periods
longer than 100 years (outliers). To highlight the main distribution, Figure 5-3 (b)

presents results within the range of 0 to 100 years.

The results shown in Figure 5-3(a) indicate that Q100s increase by 1.16 and 1.37 times
(medians of boxplots) for Japan at the +2°C and +4°C stages, respectively. The
relatively wide “box” at the +4°C stage indicates greater spatial variability in increase

ratios. Regional distributions of increase ratios differ significantly, with medians in
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Hokkaido-1, -2, -3, and Chubu regions surpassing the national median at +2°C, and
Tohoku joining these regions at +4°C. Hokkaido-1, -2, -3, and Tohoku regions show
wider discrepancy between +2°C and +4°C stages than other regions, suggesting
heightened flood sensitivity to climate change in these areas. At the +4°C stage,

median increase ratios in Hokkaido-1, -2, and -3 exceed 1.65, well above the national

median.
Japan (a ) EI:|_ Japan (b) _i:|:I
. — M : e I I EEEE
Hokkaido1 s Hokkaido1 o
. — :
Hokkaido2 = Hokkaido2 [ =
Hokkaido3 i, I Hokkaido3 I =
Tohoku _ Tohoku _
Hokuriku1 D—li Hokuriku1 #III
. — . —
Hokuriku2 Hokuriku2
c —i— c L
2 —T— = = I N e
8) Kanto - GOJ) Kanto -
o o
Chubu Er‘i Chubu -,:E
Kinki I:D- Kinki -"ZI:
—-.— —
Chugoku o Chugoku e
Shikoku % Shikoku —-’_|:
—.— —
Kyushu1 o Kyushu1 =
Stage stage
Kyushu2 Eﬁ B +4°C Kyushu2 -|:|:I B +4°C
I +2°C I +2°C
. — . ‘ P —
Okinawa = Okinawa .
1.0 1.5 2.0 25 0 25 50 75 100
Increase Ratio Return Period (years)

Figure 5-3 Distributions of increase ratios (a) and equivalent return period of
historical Q100 (b) on the national level and 14 regions. Abbreviation: 100-year
return period discharge (Q100)

Figure 5-3(b) illustrates that floods with a 100-year return period at the historical
stage will occur more frequently, with most equivalent return periods shortening to
less than 100 years. The medians of equivalent return periods at the national scale
are 45 and 23 years at the +2°C and +4°C stages, respectively. Among regions, the
medians fluctuated around the national medians, except in Hokkaido-2, -3, and Chubu
regions (around 35 years) at the +2°C stage and Hokkaido-1, -2, -3 regions (around 12

years) at the +4°C stage.

In summary, (1) Q100s exhibit an overall increasing trend, by factors of 1.16 (+2°C)

and 1.37 (+4°C) nationally; (2) equivalent return periods of Q100 shorten to 45 (+2°C)

89



Projecting future floods at multiscale rivers over Japan2F

and 23 (+4°C) years; (3) warmer climate conditions result in higher increase ratios with
stronger spatial variability; (4) the northern regions (Hokkaido-1, -2, -3, and Tohoku)
and Chubu have higher increase ratios, with the northern regions demonstrating

greater climate sensitivity.
5.4.2 Regional trends

The flood patterns in upstream contribution areas (CAs) and the elevation are
noteworthy, as they relate to future flood prevention and adaptation strategies.
Typically, downstream regions of large river basins receive greater attention in flood
prevention efforts, with more embankments and water gates due to higher population
density and asset concentration. However, recent disasters reveal a situation that
dikes in the upstream failed first and subsequently flooded the downstream areas
(Nagumo et al., 2016; Yasuda et al., 2016), raising concerns about the climate change

impact on floods in upstream areas.

Figures 5-4 and 5-5 display the Q100 increase ratio varying with CA at the +2°C and
+4°C stages, respectively. Each sub-figure presents results within a region, featuring a
logarithmic x-axis, a black line for medians, and a red dashed line for the M-CV. Point
color indicates point density at each location. To robustly detect trends, grids with
extremely small or large CA are excluded from the figures due to uncertainties and
limited sample sizes; thus, the CA range in Figures 5-4 and 5-5 is restricted to 10 to
1,000. To highlight the increase ratio of most river grids, the y-axis is set between 0.3
and 2.5. Regions with few samples, such as Kyushu-2 and Okinawa, are excluded from
the regional analysis. The M-CV, assessing data variability, shows a slight decrease as
river basins become larger across regions and warming stages, with values centered
around 0.1, indicating a reliable level for analysis. According to the M-K test, at the
+2°C stage, 4 regions exhibit a significant decreasing trend in medians, indicating
higher increase ratios in small basins; 2 region shows the opposite pattern; 6 regions
display no significant impact of basin sizes. Warmer conditions enhance these
gradients and increase the number of the regions with significant decreasing trends.
At the +4°C stage, 6 regions show a decreasing trend in increase ratio medians, 2
increasing trends, and 4 no trend. Hokkaido-1, -3, and Hokuriku-1 retain the same
trend at +4°C, with Hokkaido-3 showing the most pronounced decrease from around
1.7 to 1.4. These findings indicate that small river basins may have comparable or
even higher increase ratios than larger ones, underscoring the necessity of revisiting

reginal flood prevention systems especially in small-to-medium sized rivers.
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Figure 5-4 Q100 increase ratios of each region vary with contribution areas at the
+2°C stage.

"Dec." (blue background) and "Inc." (red background) represent monotonous
decreasing and increasing trends, respectively, as identified by the M-K test at a 95%
confidence level. "----" indicates no significant trend. Abbreviation: Mann-Kendall (M-

K), modified coefficient of variation (M-CV)
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Figure 5-5 Q100 increase ratios of each region vary with contribution areas at the
+4°C stage.

"Dec." (blue background) and "Inc." (red background) represent monotonous
decreasing and increasing trends, respectively, as identified by the M-K test at a 95%
confidence level. "----" indicates no significant trend. Abbreviation: Mann-Kendall (M-

K), modified coefficient of variation (M-CV)
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Figure 5-6 Q100 increase ratios of each region vary with elevation at the +2°C stage.
Abbreviation: modified coefficient of variation (M-CV)
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Figure 5-7 Q100 increase ratios of each region vary with elevation at the +4°C stage.
Abbreviation: modified coefficient of variation (M-CV)

Figures 5-6 and 5-7 show the Q100 increase ratios varying with elevation at the +2°C

and +4°C stages. The M-CV values fluctuate around 0.1 at +2°C and range between 0.1

to 0.2 at +4°C. The median lines of increase ratios across regions reveal a similar trend

that peaks appear at elevations between 30 m and 300 m, suggesting relatively higher

flood risks in river sections at such elevations. Moreover, the impact of elevations

becomes more significant at a warmer climate. Due to sample characteristics, grids

with small CA, which are directly responsive to extreme precipitation, dominate each

elevation range, indicating that the pattern mainly relates to precipitation. The
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topography lifting effect on precipitation would be the main reason presenting such
trend, where moist air masses, intensified by a warmer climate, contribute more to
precipitation on hillsides. Figure S12, using the results at the +4°C stage, displays the
contours corresponding to median peaks for each region. These contours align with
transition zones from mountains to plains, with elevation values varying by regional
topography. Regions with gentler terrain exhibit higher elevation values. Overall,
these regional patterns emphasize the need for proactive measures against future

floods in transition zones, which are also critical areas for debris flows and landslides.

In summary, regional patterns linked to basin size and topography suggest that future
flood risks in basins with small CAs and those located in transition zones are
comparable to or exceed those in larger basins or other areas, highlighting the

urgency of implementing countermeasures for these vulnerable regions.
5.4.3 Flood process changes

Beyond the flood peak changes, changes in flood process are also crucial as it relates
to specific actions of flood management. Figure 5-8(a) presents the historical
flashiness median of extreme events at 109 national river basin outlets. These basins,
designated by the Japanese government, are recognized for their significance to the
national economy. Generally, smaller basins exhibit higher flashiness, indicating more
severe and rapid flood events. Southern regions, including Kyushu, Shikoku, and the
coastal areas of Kinki and Kanto, which are typically impacted by typhoons, show

elevated flashiness levels.

Figure 5-8(b) served as an example, showing the flashiness distributions for the
Shinguu basin across the historical, +2°C, and +4°C stages, which clearly illustrates
that the flashiness increased with the climate becomes warmer. The KS test identifies
the significant difference in distribution across warming stages. The outline of basins
in Figure 5-8 (c) and (d) will be plotted in black color if the distribution at the +2°C
and +4°C stages have significant change compared with the one at the historical stage,
respectively. In Figures 5-8(c) and (d), basin outlines are highlighted in black if the
flashiness distribution at the +2°C or +4°C stage significantly deviates from the
historical stage. Basin colors in these figures represent relative changes in flashiness

medians, valid only if significant distribution changes are detected.
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Figure 5-8 Spatial distribution of flashiness medians and their relative changes at
the +2°C and +4°C stages.

(a) flashiness medians for 109 national basins at the historical stage; (b) flashiness
distributions of Shinguu basin at the historical, +2°C, and +4°C stages; (c) relative
changes in flashiness medians at the +2°C stage; (d) relative changes in flashiness

medians at the +4°C stage.
At the +2°C stage, 66 basins show significant distribution changes, with flashiness
values rising by over 10%, predominantly in the south, where initial flashiness levels
are already high. This intensifies challenges for local river management, as severe
flash floods allow less time for preventive measures. Notably, northern basins also
exhibit increased flashiness, suggesting a heightened susceptibility to flash floods in

areas previously less prone to such events.
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At the +4°C stage, 100 basins exhibit significant changes in flashiness distribution,
with over 20% relative increases in most cases, indicating an overall heightened flash
flood risk. In particular, Hokkaido and northern Tohoku regions show relative
changes exceeding 30%. Although absolute changes are smaller in these regions
compared to those with initially high flashiness, the results still reveal an alarming

change in flood types and subsequent flood-related preparation planning.

In summary, 66 and 100 of the 109 national basins show significant increases in
flashiness by over 10% and 20% at the +2°C and +4°C stages, respectively. Southern
Japan, already at high flash flood risk, faces further intensification, while northern
Japan, especially at +4°C, confronts new challenges with markedly increased

flashiness, emphasizing the need for adaptive flood management strategies.
5.5 Discussion

This study projected floods under historical, +2°C, and +4°C climate stages for all river
basins in Japan using a high-resolution (150 m) RRI model and a 5-km dynamically
downscaled climate ensemble (d4PDF DDSJP). Simulation results were used to
estimate peak discharge frequency curves via the POT method, and flashiness of
extreme events was analyzed. National and regional trends in Q100 increase ratios,

as well as changes in flood processes, were further investigated.
5.5.1 Increase ratio and flashiness at major basin outlets

This work provides perspectives of climate change impact on floods across multiple
scales, from extremely small basins to the national level. In Figure 5-2, changes in the
downstream regions of large river basins are challenging to visually distinguish due
to the dense representation of small river channels. Figure 5-9 illustrates the increase
ratio at the outlets of 109 national river basins. Generally, the increase ratios at most
outlets align with those observed in most of the tributaries. However, there are
exceptions, such as basins in Shikoku and Kanto regions (showing higher increase
ratios than tributaries) and northern Tohoku and Hokkaido-1 regions (showing lower
increase ratios than tributaries at the +2°C stage). These inconsistencies may be

attributed to geographical conditions and differences in dominant events.
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Figure 5-9 Spatial distribution of increase ratios for outlets of 109 national basins at
the +2°C (a) and +4°C (b) stages.

A comparison between Figures 5-9 and 5-8 reveals a correlation between flashiness
enhancement and discharge peak increase ratios; at the +4°C stage, basins with higher
increase ratios tend to show significant changes in flashiness. However, this
correlation is not necessarily linear. For instance, at the +2°C stage, a basin in
Hokkaido-2 exhibits an increase ratio exceeding 1.2 without significant flashiness
changes, whereas a basin in northern Tohoku shows an increase ratio above 1.0 with
marked changes in flashiness. This indicates that flashiness changes are influenced
not only by discharge volume but also by the spatiotemporal patterns of precipitation
and other factors (Saharia et al., 2021).
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5.5.2 Extreme precipitation pattern changes

Hokkaido-1, -2, -3, and Tohoku regions show higher increase ratios and greater
sensitivity compared with other areas. Extreme precipitation in Japan is mainly driven
by three weather systems: typhoons (Mei and Xie, 2016), the Baiu front (a stagnant
front system) (Guo and Hibino, 2023), and senjo-kosuitai (a quasi-stationary band-
shaped precipitation system) (Kato, 2020). The elevated increase ratios in these
regions are likely related to the northward shift of the Baiu front and typhoon tracks.
Projections from the d4PDF indicate a significant rise in the number of Baiu front-
induced extreme precipitation events at the +4°C stage in northern regions that
previously experienced few such events (Osakada and Nakakita, 2018). Additionally,
typhoon tracks in the northwestern Pacific are projected to shift northwest (Kossin et
al.,, 2016; Murakami et al.,, 2013; Nakamura et al.,, 2017; Studholme et al., 2022).
Beyond climatic factors, local hydrological characteristics may also contribute to the
higher increase ratios. Due to their high latitudes, these regions experience relatively
lower baseline rainfall intensity and discharge, making them more sensitive to
increases. Overall, the notable high increase ratios in these areas highlight the need

further adaptations in previously inexperienced regions.

The similar increase ratio distribution pattern on elevation may be attributed to the
topographic effect on precipitation. On the investigation of a severe flood event in
Hokkaido-2, triggered by the remote effect of the tropical cyclone “Lionrock”, the
topography was identified to be the primary forcing for reproducing the extreme
precipitation (Nguyen-Le and Yamada, 2017). The 2021 Henan flood, caused by a
record-breaking precipitation event with peak rainfall intensity of 201.9 mm/h, also
highlights the important role of topography. The water vapor transported by two
typhoons was blocked by the Taihang and Funiu Mountains in western Henan, leading
to strong moisture convergence and high large-scale precipitation efficiency (Liang et
al., 2022; Yin et al., 2023). Generally, the thermodynamic effects explain precipitation
differences across various warming stages, while dynamic effects (i.e., topographic
effect) account for spatial variations in precipitation. As reported, dynamical process
exhausts vertically-integrated moisture more completely as climate warms, thus
result in higher precipitation efficiency (Jun and Rind, 2024). The elevation-related
flood increase patterns identified in this study further corroborate their findings,

highlighting the consequent impacts on floods.
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5.5.3 Comparison of flood projection studies

By correcting the bias of the 20-km d4PDF, Kobayashi et al. (2020) further projected
floods at the +4°C stage for the outlets of 109 national river basins in Japan. Their
findings indicate that the increase ratios range from 1.0 to 1.2 in the Chugoku region,
1.2 to 1.5 in most other regions, and 1.5 to 2.0 in northern Hokkaido, aligning well
with the results shown in Figure 5-9(b). Slight differences exist in certain basins, such
as the Ishikari River Basin—the largest in Hokkaido-2. Nguyen et al. (2020), using 5-
km dynamically downscaled d4PDF data specific to Hokkaido, projected an increase
ratio of approximately 1.33 at the Ishikari River outlet and 1.4 to 1.6 in its tributaries,
which closely matches the results shown in Figures 5-2 and 5-9. Overall, the increase
ratios estimated in this study demonstrate strong agreement with previous d4PDF-

based projections, while offering broader insights in terms of scale and coverage.

Some studies utilized scenario-based ensembles from the Coupled Model
Intercomparison Project (CMIP), which are derived using experiment schemes distinct
from the d4PDF. Nonetheless, comparing results from mid-century and far-future
under the RCP8.5 scenario with those at +2°C and +4°C warming stages is still
beneficial for contextualizing Japan's climate change impacts within a global
framework. As reported, the relative changes of Q100s in Europe are at a range of
+30% (Di Sante et al., 2021) or +40% (Alfieri et al., 2015b) by the far-future, showing a
spatial pattern of positive changes in western and parts of eastern Europe, and
negative changes in the northeast and southwest. The reduction in Q100 in
northeastern Europe is linked to the reduction of snow accumulation, whereas
extreme floods in northeastern Japan, primarily driven by intense precipitation events
like typhoons (Heidarzadeh et al., 2021), are expected to be intensified. In the U.S., Yu
et al. (2020) employed a process-based frequency analysis framework and convection-
permitting RCM outputs to project floods at far-future for Turkey river under RCP8.5
scenario, revealing that smaller basins exhibited higher relative Q100 increases (over
30%) compared to larger basins (around 15%). Michalek et al. (2023) investigated
future flood changes in Iowa, U.S. using high-resolution ensembles from CMIP6
HighResMIP tier, finding that 65% of communities are projected to experience a 20%
increase in flood risk (though not statistically significant). Meanwhile, Budhathoki et
al. (2022), using the 20-km d4PDF, projected a 1.3-time increase in Q100 for the Chao
Phraya River Basin in Thailand at the +4°C stage. Overall, future flood projections

indicate that Japan is likely to experience comparable or even higher increase ratios
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than other regions globally. Unlike areas where snowmelt reduction mitigates flood
risks, Japan’s high-latitude regions may see further flood intensification due to
increased extreme precipitation. These findings underscore the urgency of

implementing comprehensive, nation-wide measures to address escalating flood risks.
5.5.4 “by All” Policy

Comprehensive insights with 150-m resolution for everywhere in Japan are expected
to serve for a national flood management policy. Limiting global warming to well
below 2°C (i.e., the goal of the Paris Agreement) is more challenging than anticipated
according to a recent study which successfully excluded the internal climate
variability in the eastern tropical Pacific (Liang et al., 2024). To mitigate the warming
trend and flood damage as much as possible, the flood risk management paradigms
are shifting, calling for civilian participation (Nakamura and Oki, 2018). The Japanese
government is promoting a policy called “River Basin Disaster Resilience and
Sustainability by All” (Koike, 2021; MLIT, 2024a). This policy involves a series of
measures with civilian participation to reduce exposure and vulnerability, including
using paddy field dams to reduce flood peaks, providing flood risk information in
real estate transactions, relocating important factories, and facilitating anti-
inundation preparedness through financial tools (Suzuki et al., 2022; Yoshikawa et al.,
2010). However, implementing this new policy faces resistance due to divergent
stakeholder interests. For example, the inundation of rice plants during growth
decreases yield, leading stakeholders to view the policy cautiously (Bark et al., 2021;
Kotera et al., 2005). Increasing the awareness of climate change impacts and policies
is essential to assist stakeholders making decisions that are in the long-term interest
(Kawai et al., 2024). Thus, the perceptible high-resolution results of this study are
expected to facilitate policy implementation and serve as a reference for other

measures.
5.5.5 Limitations

Due to computational limitations, this study did not assess the agreement among
ensemble members, leaving open the possibility that results may be more influenced
by specific members. However, according to Hirabayashi et al. (2021), reported strong
consensus on Q100 changes among Atmosphere-Ocean General Circulation Models
(AOGCMs) for Japan. Additionally, extreme events identified in this study were not

predominantly driven by any single ensemble member.
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As stated in the introduction, this study focuses on mesoscale flood projections,
primarily addressing fluvial floods. The simulations do not incorporate complex
interactions such as storm surges, sea level changes, or urban drainage systems. This
limitation prevents the direct application of our results to studies on compound or
urban flooding. However, microscale research can still benefit from our simulations

by using the outputs as boundary conditions for higher-resolution studies.

The aim of this work is not to quantitatively determine precise discharge quantiles
for specific warming stages, given the inability to account for all potential future
changes such as land use alterations, dam construction, or modifications in
operational rules, alongside known systematic biases in the RRI model for certain
regions. Instead, the study emphasizes the relative changes in flood peaks and
processes, primarily linked to shifts in extreme precipitation patterns. Therefore,
despite the aforementioned limitations, the insights and challenges highlighted

remain robust and credible.

5.6 Conclusions

This work conducted a mesoscale analysis projecting future floods across Japan using
the high-resolution (150 m) RRI model, delivering insights into national and regional
flood risk trends and process changes at the +2°C and +4°C warming stages.
Specifically, we utilized a 5-km dynamically downscaled climate ensemble (DDSJP)
spanning 720 years for each stage, and employed the AGE method to identify critical
extreme events. By analyzing hourly outputted discharges, including estimating Q100
for all river grids by the POT method and assessing flashiness for 109 national river
basins, we identified critical regions for flood prevention from national and regional
perspectives, and revealed an overall elevated flash flood risk across Japan. Specific

findings are as follow:

(1) From the national perspective, overall, discharges of 100-year floods are
expected to increase 1.16 (+2°C) and 1.37 (+4°C) times, with equivalent return
period reduced to 45 (+2°C) and 23 (+4°C) years. Enhanced spatial variability in
increase ratios with warming indicates that the northern regions (Hokkaido-1,
-2, -3, and Tohoku), followed by Chubu, will experience relatively higher
increases, with northern regions showing greater climate sensitivity.

(2) From the regional perspective, increase ratios in small river basins are

comparable to or exceed those of large river basins, underscoring the need for
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enhanced flood prevention in upstream areas. Additionally, rivers situated in
transition zones between mountains and plains show higher increase ratios,
necessitating further countermeasures for these vulnerable zones.

(3) Most of the national basins are projected to become more prone to flash floods
with flashiness increase by over 10% at the +2°C stage and over 20% at the +4°C
stage. Southern Japan, already at high risk of flash floods, is expected to
experience further intensification. Northern Japan, particularly under +4°C
warming, is poised to face new challenges with a pronounced increase in
flashiness, highlighting the urgent need for adaptive flood management

strategies.

Overall, this study provides comprehensive flood-related insights at multiple scales
under future warming stages, contributing to informed decision-making and the

implement of public-engaged flood mitigation policies.
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6. Meteorological driver transitions of projected floods

Abstract

Climate change is expected to alter characteristics of weather systems such as
Tropical Cyclones (TCs), while few studies have systematically examined their
cascading impacts on projected regional floods. Based on the works in Chapter 5, this
chapter utilizes a global TC track dataset to classify the projected floods into three
categories: TC-induced, non-TC events in June-July (NT67, associated with Meiyu-Baiu
fronts), and non-TC events in August-September (NT89, linked to autumnal fronts),
revealing an increasingly complex and severe future flood regimes. These three
categories collectively account for over 90% of historical floods in Japan, with TCs
being the predominant driver (>50%). While the frequency of TC-driven floods is
projected to decline—particularly in northern Japan—due to a reduction in TC
number affecting Japan, shifts in TC tracks and intensification cause a ~20% increase
in TC-driven flood events in the Chugoku region under +2 ‘C warming stage. Both TC
and non-TC floods show increasing peak discharge and flashiness, with the
contributions of NT67 and NT89 projected to rise by 20%-30%, exhibiting strong
regional characteristics. The increasing complexity and intra-basin heterogeneity in
flood causation challenge traditional flood management practices. A dominantly
weakened scale effect of TC-induced floods suggest that flood potential in small
basins has largely plateaued, and thus, mitigation efforts should prioritize peak
discharge increases in large basins. In contrast, basins in northern Japan with
intensified scale effects will see rising flood potential in both small and large basins,
particularly necessitating focus on small-basin flood prevention. In frequently non-
TC impacted regions, a consistent weakening of scale effects is observed under

warmer climates, indicating that non-TC impacts will increasingly affect larger basins.

This chapter highlights the escalating challenges for flood risk management,
emphasizing the importance of region- and design-specific assessments of changes
in dominant weather systems and the urgent need to develop targeted flood
management strategies for non-TC systems. This study provides critical data support

and insights for future planning by regional flood control authorities.
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6.1 Introduction

Extensive research has projected that climate change amplifies extreme precipitation,
intensifying flood hazards and resulting in severe socio-economic impacts (Donat et
al., 2016; Hirabayashi et al., 2021; Prein et al., 2017; Tellman et al., 2021; Winsemius
et al., 2016, 2018). Mitigating these losses requires strategic planning, adaptive
measures, and improved emergency responses—all of which depend on reliable
future flood projections and a thorough understanding of their driving mechanisms
(Bloschl, 2022; Owen, 2020; Soergel et al., 2021).

Extreme precipitation is associated with various weather systems, including tropical
cyclones (TCs), frontal systems, and mesoscale convective systems (Kato, 2020;
Sayama et al., 2020; Takemi, 2010). Among them, TCs are particularly destructive due
to the compound effects of intense rainfall, strong winds, and storm surges. TCs pose
significant threats to coastal areas and, in some cases, entire nations such as Japan.
Historically, individual TCs have caused devastating impacts—e.g., Hurricane Katrina
(2005) led to $125 billion in losses, while the Bhola cyclone (1970) claimed 300,000
lives (Peduzzi et al., 2012). Climate change is projected to double TC-related economic
damages (Mendelsohn et al., 2012), prompting considerable interest in their future
behavior under warming scenarios (Mei and Xie, 2016; Young and Hsiang, 2024; Zhu
et al., 2022).

Recent studies reveal a poleward shift in TC tracks, particularly in the Northwest
Pacific (Kossin et al., 2016; Nakamura et al., 2017; Studholme et al., 2022), along with
earlier seasonal occurrence. Shan et al. (2023) found that the timing of lifetime peak
intensity advanced by 3.7 and 3.2 days per decade in the Northern and Southern
Hemispheres, respectively, between 1981 and 2017. Elevated sea surface
temperatures enhance TC moisture and energy availability, increasing their
destructive potential, although their duration may shorten (Knutson et al., 2010; Wang
et al,, 2020; Xu et al., 2020; Yamaguchi et al., 2020). Evidence suggests a consistent
rise in TC destructiveness (Emanuel, 2005; Li et al., 2017; Tu et al., 2018). While the
global annual frequency of TCs remains steady at ~80-90 (Patricola et al., 2022; Sobel
et al., 2021), their future trends remain uncertain (Chand et al., 2022; Emanuel, 2021a,
b). Nevertheless, intense TCs are projected to increase (Emanuel, 2021a; Kossin et al.,
2020; Walsh et al., 2016; Yamada et al., 2017). Additionally, TC activity is found to be
modulated by large-scale climate patterns such as the El Nifno-Southern Oscillation
(ENSO) and the Interdecadal Pacific Oscillation (IPO) (Patricola et al., 2018; Shan et al.,
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2025).

While many studies have evaluated TC-induced flooding in coastal regions, historical
records show that TCs can also trigger extreme floods inland (Yang et al., 2020). Some
of the extreme floods are attributed to the remote effects of TCs (Deng et al., 2022;
Liang et al., 2022; Qin et al., 2022), underscoring the far-reaching and complex
influences of these systems. In some inland regions, TC-driven floods—though less
frequent—can exceed the severity of coastal flooding during the same event,
underscoring the need for comprehensive countermeasures (Chen et al., 2025a). Key
mechanisms driving such floods include anomalous moisture transport, extratropical
transition, and orographic enhancement (Liu et al., 2022b; Nayak and Takemi, 2020Db).
Pseudo Global Warming (PGW) experiments suggest that TCs with similar tracks will
produce more rainfall and higher flood risks under future warming (Nayak and
Takemi, 2019, 2020a; Takemi, 2019). Projected stronger winds and precipitation, and
longer stalling durations, together with sea level rise are expected to further
exacerbate TC-induced flood risks (Gori et al., 2020; Sarhadi et al., 2025; Zhu et al.,
2021).

Despite these advances, most existing research relies on individual PGW-based TC
case studies and lacks a systematic investigation linking macroscale TC changes with
regional flood impacts under climate change. Outstanding questions remain,
including: (1) Will the proportion of TC-induced floods decline in tandem with the
projected decrease in TC frequency, or persist due to intensifying TC severity? (2) Do
evolving precipitation patterns preferentially enhance flood potential in large basins
or in small, more responsive catchments? (3) Are TC-induced floods intrinsically more
hazardous or distinct from non-TC events in terms of hydrological characteristics?
These questions cannot be resolved through analyses limited to TCs or individual
flood events. A comprehensive understanding requires region-wide flood attribution
to meteorological drivers, supported by high-resolution modeling that integrally
captures the full spectrum of physical processes across broad spatial and temporal
scales.
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Figure 6-1 Overview of the four major islands in Japan

To address these challenges, this study utilizes a large dynamically downscaled
climate projection ensemble, providing hourly precipitation at 5 km resolution, and
simulates flooding across all Japanese rivers at 150 m resolution using a high-
efficiency hydrologic model (Figure 1). For each region, around 3,000 to 6,000 extreme
precipitation events were identified for simulation from the 720-year climate
ensemble data of each climate stage. The top 72 events per river grid—ranked by peak

discharge and corresponding to return periods = 10 years —were selected and

attributed using a global TC track dataset. Floods are categorized into three groups:
TC-induced, early-summer (June-July) non-TC (NT67), and late-summer/autumn
(August-September) non-TC (NT89) events. This study quantifies the TC impact
changes on regional floods relating to climate change by analyzing changes in their
TC event proportion, basin scale effects, and flood responses, and compares these
trends with those of non-TC. Results indicate a projected decline in TC-induced floods,

particularly in northern Japan. However, despite their decreasing frequency, TC-
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induced floods are expected to become more hazardous, with significantly higher
peak discharges and increased flash flood risks nationwide. In some northern basins,
TCs are projected to further elevate flood potential in small basins, while in most
other regions, the increase is concentrated in large basins. Results indicate a projected
decline in TC-induced floods, particularly in northern Japan. However, despite their
decreasing frequency, TC-induced floods are expected to become more hazardous,
with significantly higher peak discharges and increased flash flood risks nationwide.
In some northern basins, TCs are projected to further elevate flood potential in small
basins, while in most other regions, the increase is concentrated in large basins. In
contrast, both NT67- and NT89-induced floods increase in number, discharge peak,
flash flood risks. Meanwhile, non-TC, characterized by relatively spatiotemporally
concentrated precipitation, is projected to impact larger basins. This work presents a
research framework for investigating the impact of weather system changes on
regional flood regimes under climate change, highlighting the distinct response
patterns of different flood drivers and underscoring the need for weather-specific

flood prevention, mitigation countermeasures.

6.2 Results

6.2.1 Changes in flood contributions

A total of 5,825 (past), 4,946 (+2°C), and 3,757 (+4 °C) TC events traversing the seas
surrounding Japan were extracted from 720 years (60 years x 12 ensemble members)
of simulation data for each climate stage. The number of TCs exhibits a declining
trend with rising global temperatures. By matching flood periods with the TC
affecting periods, flood events were categorized. In Japan, non-typhoon events are
primarily driven by Meiyu-Baiu frontal systems (Yin et al., 2024), autumnal frontal
systems (Zhao et al.,, 2023a), and mesoscale convective systems (e.g., line-shaped
rainband) (Kato, 2020; Ohya and Yamada, 2024), with NT67 and NT89 generally
occupied by Meiyu-Baiu and autumnal fronts, respectively (Fumiaki and Jun, 2022;
Iizuka and Nakamura, 2019).
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Figure 6-2 Proportion of TC-, NT67-, NT89-induced floods at the past climate stage
and projected changes at the +2°C and +4°C stages.

Abbreviations: Tropical Cyclone, TC; Non-Tropical cyclone event between June and
July, NT67; Non-Tropical cyclone event between August and September, NT89.
Figure 6-2 presents the spatial distribution of TC, NT67, and NT89 contributions to
historical extreme floods, along with projected changes at the +2 °C and +4 "C warming
stages. Historically, TCs accounted for over 50% of extreme floods across most of
Japan, confirming their dominant role. In some inland areas, TC contributions
exceeded 80%, reflecting their superior capacity to transport moisture and induce
heavy rainfall in mountainous regions than other systems. NT67 contributed to 20-
30% of extreme floods across much of Japan, with locally higher contributions (50-
80%) in western Kyushu, parts of southwestern Honshu, and coastal northern Honshu
along the Sea of Japan. This aligns with the historical prevalence of the Meiyu-Baiu
front and mesoscale convective systems in these regions (Duan et al., 2014; Mukunoki
et al., 2021). In contrast, NT67 accounted for less than 10% of floods on the Pacific
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side of northern Honshu and eastern Hokkaido, which is also consistent with
historical climatological patterns. NT89 similarly contributed to 20-30% of extreme
floods across large areas, with stronger influence in higher latitudes, including
western Hokkaido, northwestern Honshu, and parts of central Honshu—reflecting the
southward shift of autumnal fronts from high latitudes following the retreat of the
Pacific high. Collectively, TC, NT67, and NT89 were responsible for over 90% of past

extreme floods nationwide.

At the +2°C stage, TC contributions decline by 10-20% along the Pacific side of
northern Honshu. Some areas where historical TC-induced flood shares exceeded 80%
now reduced to 60-70%. In contrast, southwestern Honshu shows localized increases
of 10-30%. At the +4 °C, TC-related flood contributions further decreased, especially
in the north, where reductions exceed 20% in some river basins. Minor increases (<10%)
are observed in certain southwestern rivers. Overall, declining TC frequency under
warming reduces their share in extreme floods, though increased moisture and
altered tracks contribute to localized increases at the +2°C (Hu et al., 2018). By the
+4 °C, the decline in TC frequency dominates over other factors, leading to a national
decline trend. Nevertheless, TCs remain the primary driver of extreme floods in most

regions, accounting for approximately 50% floods.

NT67 shows a consistent increase in flood contributions under warming. At the +2 °C,
increases of 10-20% are observed in northern Kyushu and along the Sea of Japan coast
in northern Honshu—regions already significantly influenced by NT67 historically. At
the +4 °C, the regions with 10%-20% increase in northern Kyushu shrink northward,
while those in northern Honshu and western Hokkaido expanded, aligning with the
northward shift pattern of the Meiyu-Baiu front (Osakada and Nakakita, 2018). The
spatial expansion of NT67-related floods highlights the need for preparedness in

regions not previously regarded as critical factors.

NT89 also shows growing contribution under warming, particularly in northern Japan.
At the +2 °C, the Pacific side of northern Honshu experiences 10-20% increases, which
expand across northern Japan at the +4 °C, reaching 10-30% in many areas. Thus, both
NT67 and NT89 are projected to play increasingly important roles in future extreme
flooding, with distinct regional shifts: NT67 expanding northward along the Sea of

Japan coast, and NT89 extending from the Pacific side to broader northern regions.

In summary, the TC-induced floods are projected to decline, but still account for over
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50% floods in many regions. Floods triggered by NT67 and NT89 are expected to
increase, emerging as significant contributors under warmer climate conditions.
Regionally, northern Japan is projected to experience more pronounced changes, and
TC-induced floods in southwestern Honshu significantly increasing at the +2°C stage,
but showing no significant increase at the +4°C.

6.2.2 Basin scale effect changes

The maximum flood potential of a region and its variation with basin size—referred
to as the scale effect—is primarily governed by intrinsic geographical and climatic
characteristics and provides critical insights for flood management planning. The
Regional Envelope Curve (REC) offers a simple yet effective means of quantifying
these scale effects. Due to diminishing precipitation intensity with increasing basin
area and the attenuation of flood waves during routing, smaller basins typically
exhibit higher unit peak discharges (normalized by basin area) than larger ones. This
relationship is mathematically expressed as a negative REC slope, with steeper
negative slopes indicating stronger scale effects, i.e., greater disparities in flood
potential between small and large basins. Points on the REC represent the upper

bound of unit peak discharge for a given basin size.

Figure 6-3 illustrates REC slopes for 109 national basins at the past, +2°C, and +4°C
climate stages, categorized by weather drivers: TC, NT67, and NT89. The Watari River
Basin serves as an example, depicting RECs for TC-induced floods at each climate
stage. High-resolution simulations enhance the accuracy of regional flood potential
estimation, while basin-specific RECs reduce uncertainty associated with homogenous
regional classifications. Results demonstrate spatial coherence and driver-specific
patterns in REC slopes. At the past stage, TC-induced REC slopes generally range from
-0.1 to -0.2, with some basins exhibiting steeper slopes (< -0.2). While NT67- and
NT89-induced floods fall within a similar range, a greater number of basins exhibit
steeper slopes than those driven by TCs, indicating stronger scale effects. This can be
attributed to differences in precipitation patterns: non-TC events tend to produce
more spatially and temporally concentrated rainfall, amplifying flood potential in

small basins, whereas TCs distribute rainfall more broadly, reducing scale disparities.
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Figure 6-3 REC slope of TC-, NT67-, NT89-induced floods at the past climate stage,
and their changes at the +2°C, and +4°C stages, with TC-induced floods in Watari
River Basin as an example.

Abbreviations: Regional Envelope Curve, REC; Tropical Cyclone, TC; Non-Tropical
cyclone event between June and July, NT67; Non-Tropical cyclone event between
August and September, NT89.

Figures 6-3(d)-(i) show changes in REC slopes under warmer climates. Negative slope
changes indicate intensifying scale effects, while positive changes suggest weakening.
Regional significances of increase ratio trend along basin scales are presented in the
supplemental material Figure S13-18. At +2°C, TC-induced floods show intensified
scale effects in northern Honshu and western Hokkaido, reflecting a shift toward
more localized precipitation that disproportionately elevates flood potential in small
basins—align with the current understandings and expectations (Haslinger et al., 2025;
Yu et al., 2020; Zhao et al., 2023c; Zhou et al., 2021). However, weakened scale effects
also exist and dominate overall. Figure 3(k) uses the Watari River Basin to illustrate

this mechanism: despite the precipitation enhancement in a warmer climate, unit
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peak discharge in small basins remains relatively unchanged, while large basins
response by increasing flood potential, narrowing inter-basin differences. Differences
in flood potential across basin scales result from a combination of factors, including
changes in precipitation concentration, historical precipitation conditions, and
geological characteristics, indicating the different flood protection priorities and
strategies. The plateauing effect in small basins is likely attributable to either a
substantial increase in rainfall amounts (compared with rainfall center) or pre-
existing severe flood conditions in headwater areas, which limit the additional

response capacity of these basins under further climate stress.

These findings imply that increased scale effects correspond to heightened risks in
small basins, while decreased effects indicate an expansion of flood threats into
medium and large basins. At the +4°C stage, TC-induced flood scale effects further
weaken in most regions, with intensification largely confined to northern Japan. For
NT67-induced floods, REC slope changes across +2°C and +4°C are inconsistent in
some basins due to minimal fluctuations around zero. However, in regions with
frequent NT67 events, a consistent weakening of scale effects is observed, indicating
that flood impacts are expanding to larger basins. A similar trend is evident for NT89-
induced floods, where weakened scale effects prevail in typically impacted regions.
These patterns for both NT67 and NT89 can be attributed to their highly concentrated
precipitation, which more easily reaches the flood potential plateau of small basins.
Consequently, in a warmer climate, further increases in flood potential occur

primarily in larger basins, leading to a weakened scale effect.

In summary, scale effects in flood potential exhibit both intensification and
attenuation at warmer climates. For TC-induced floods, northern Japan is projected
to experience stronger scale effects, underscoring the flood protection priority in
small basins. In contrast, southern regions will require integrated strategies
addressing both small and large basins due to a weakening scale effect. For non-TC-
induced floods, a general weakening of scale effects suggests increasing flood risks

in larger basins across typical impact zones.
6.2.4 Changes in flood responses

Beyond changes in frequency, variations in flood characteristics driven by different
systems are also noteworthy. Figure 6-4 displays the median peak discharge—

converted to equivalent precipitation intensity for basin-size comparability—for each
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flood category at the outlets of 109 national basins, along with projected changes.
Statistical significance of distributional changes is evaluated using the Kolmogorov-
Smirnov (KS) test. Historically, regardless of the causative weather system, flood
peaks generally exhibit a southwest-to-northeast decreasing gradient from the Pacific
to the Sea of Japan side.

QPeak
(mm/h)
)
n
(O
al
2
5
5
N
o i
-7 @[ = O
o i
7. o
g . iy
NaV] \f*\é o ? \
T : %
U Significant Significant ’, Significant , { .
%\l basins: 1% basins: N L basins: J
93/109 45/109 gV ) 60/109
+ }
Relative
5 change (%)
) ¥ 2 |:| <0
3 =10
[ <20
[ <30
I <40
B <50
I >s0
U Significant Significant ,;\;’ Significant <
oﬁ_ basins: basins: &y J basins: gL &y
109/109 © 721109 Q% 90/109
+ )
A P
:J«' %E e
e
' Y g ¥
YOO

Figure 6-4 Discharge peak median of categorized floods at 109 national basin
outlets under the past climate stage and the projected changes.

The black basin outlines indicate the statistically significant distribution changes at
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a 95% confidence level according to the Kolmogorov-Smirnov test.

Within each warming stage, flood peak median changes are relatively consistent
across categories, increasing by ~10-20% at +2°C and 20-50% at +4°C, reflecting the
dominant influence of enhanced atmospheric water capacity (reflected by the
Clausius-Clapeyron equation). The number of basins with significant increases
follows the order: TC > NT89 > NT67. Both the magnitude of peak median increases
and the number of significantly changed basins rise monotonically with warming. At
the +4°C, TC-induced flood peaks increase significantly across all 109 basins,

underscoring their broad-scale impact.
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Figure 6-5 Effective duration median of categorized floods at 109 national basin
outlets under the past climate stage and the projected changes.

The black basin outlines indicate the statistically significant distribution changes at
a 95% confidence level according to the Kolmogorov-Smirnov test.

Figure 6-5 illustrates the median effective flood duration—defined as the period
during which discharge exceeds 10% of the peak—for each flood category and its
projected changes. Most basins exhibit duration medians of 30-70 hours, consistent
with Japan's rapid-response hydrology. NT67- and NT89-induced floods tend to have
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longer durations, with certain basins exceed 70 hours, reflecting the persistent

rainfall associated with quasi-stationary systems like the Meiyu-Baiu front.
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Figure 6-6 Flashiness of categorized floods at 109 national basin outlets under the
past climate stage and the projected changes.

The black basin outlines indicate the statistically significant distribution changes at
a 95% confidence level according to the Kolmogorov-Smirnov test.

TC-induced flood durations remain relatively stable under warming, with changes
within +10%. In contrast, NT67- and NT89-induced floods show more substantial
variation with some basins exceed +30%. However, few basins exhibit statistically
significant changes. The large but insignificant change in non-TC flood durations is

attributed to internal variability, as these categories encompass both short-duration
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mesoscale convective events and long-duration rainfall from quasi-stationary systems,

highlighting the heterogeneity of non-TC flood dynamics.

Figure 6-6 maps the spatial distribution of flashiness medians—an indicator of flash
flood risk derived from hourly discharge data—and its future projections. Higher
flashiness denotes faster, larger flood rises, implying greater flash flood risk.
Historically, the flashiness median pattern closely aligns with the distribution of peak
discharge median shown in Figure 6-4, with higher values along the southern Pacific

coast.

At +2°C, significant flashiness increases occur mainly in smaller basins. At +4°C, TC-
induced floods show significant increases in 95 of 109 basins with a relative change
range of around 20-40%, reaffirming their widespread impact. NT67-induced floods
exhibit flashiness increases primarily in small basins, while NT89-induced floods
show notable increases even in some larger basins. Overall, non-TC-induced floods
exhibit greater increases in flashiness than TC-induced floods, underscoring their

critical role in amplifying future flash flood risks.

6.3 Discussion

The weather systems triggering floods in Japan are projected to undergo significant
shifts due to climate change, typically reflected in changes in the flood compositional
proportions. These shifts are likely to entail a range of social and environmental
challenges. From a flood control perspective, TC tracks are relatively predictable,
providing lead time for interventions such as reservoir drawdown (TroSelj and Lee,
2021). In contrast, non-typhoon-related extreme precipitation remains challenging to
forecast (Sayama et al., 2020). Although the Meiyu-Baiu front (related to NT67) occurs
during a predictable seasonal window, uncertainty in the location and intensity of
associated front band limits the effectiveness of preparatory actions. Similarly,
autumnal frontal systems (related to NT89) often trigger sudden, intense rainfall
under unstable atmospheric conditions, leaving little warning time. The projected
increases in NT67- and NT89-induced floods suggest these systems will become more
prominent flood drivers in certain regions, presenting substantial challenges for

future flood risk management.
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Figure 6-7 Representative precipitation processes of the largest flood event in
Ishikari basin from the past climate ensemble.

Although direct TC landfalls in Hokkaido are rare, this study reveals that a
considerable proportion of floods in the region are TC-induced. The precipitation
process of a representative TC-induced flood event, shown in Figure 6-7, explains this
phenomenon. This event resulted in the largest flood in the Ishikari basin, which is
the largest basin in Hokkaido, from the climate ensemble data. Figures 6-7(a) and 6-
7(b) show the TC center (red frame) positioned west of Kyushu. Despite the distance,
substantial moisture was transported northeastward via the Sea of Japan, bypassing
Honshu, and causing intense precipitation over Hokkaido (Figure 6-7c¢). Thus, even

without direct landfall, TCs can remotely trigger flooding via atmospheric circulation.
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The successful attribution of this event highlights the effectiveness of the matching
approach employed in capturing such remote TC impacts. Notably, although the TC
center was geographically closer to Kyushu, it did not produce severe rainfall there.
This emphasizes the need for flood defense preparation that account for moisture

transport pathways, not just TC tracks.

The extreme flooding in the Ishikari River basin was further exacerbated by the
sequential influence of two TCs. As shown in Figures 6-7(d) and 6-7(e), before
precipitation from the first TC subsided, a second TC developed at low latitudes over
the Pacific, tracked toward western Kyushu, and followed a similar moisture pathway
to high latitudes, initiating a second heavy rainfall in Hokkaido. Notably, this event,
derived from one of the ensemble members, which used additional perturbation on
historical boundaries, was not intended to replicate the exact historical timing or
rainfall magnitude. Instead, it demonstrates the possibility of binary TC systems
under similar climate boundaries and our simulations confirm their potential to

produce floods with return periods exceeding 720 years.

Flood events driven by multiple TCs are increasingly reported (Kimura et al., 2018;
Liang et al., 2022; Yu et al., 2015). For example, the devastating rainfall event in Henan,
China in July 2021 has been linked to a binary TC system (Deng et al., 2022). The
mechanisms underlying multiple TC interactions and their response to climate
change require further investigation (Cha et al., 2021; Li et al., 2018; Yu et al., 2015).
The simulated flood in the Ishikari basin caused by a binary TC system underscores
that conventional flood design approaches—especially those used for long return
periods (e.g., 200 years) or based on probable maximum precipitation—may
underestimate flood magnitudes if they assume a fixed precipitation duration. This
highlights the value of climate ensemble-based flood frequency analysis and
demonstrates the advantages of the Aggregating Grid Event (AGE) method employed
in this study, which identifies extreme events without relying on predefined time
windows (Chen et al., 2025¢).

The slowdown of TC translation speed is a widely discussed topic in climate science.
Observations have shown a significant deceleration in TC movement over the
Northwest Pacific (Kossin, 2018; Song et al., 2024; Yamaguchi et al., 2020), including
during and after landfall (Wu et al., 2022). Studies have identified a positive
correlation between slower TC movement and enhanced storm intensity (Mei et al.,
2012; Walker et al., 2014; Zhao and Chan, 2017), resulting in higher regional rainfall
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amount (Kossin, 2018; Lai et al., 2020). Climate change is expected to weaken large-
scale atmospheric circulation, further contributing to this slowdown (Chu et al., 2012;
Coumou et al., 2015; Kossin, 2018; Screen et al., 2018; Zhang et al., 2020). This trend
implies elevated TC-related flood risks, as illustrated in Figure 6-4. However, studies
explicitly examining the hydrological impacts of slower-moving TCs remain limited.
According to Figure 6-5, despite the projected deceleration, this study found limited
significant increases in effective flood duration for TC-induced floods, suggesting

that the associated rainfall-runoff processes require further investigation.

At the historical stage, REC slopes predominantly range from -0.1 to -0.3, indicating
weaker scale effects in Japan compared to Europe (Bertola et al., 2024). This
phenomenon is primarily driven by two factors: (1) the classification of floods by
weather drivers leads to similar rainfall patterns across basin sizes, inherently
flattening the REC slopes; and (2) Japan’s mountainous terrain provides higher
gravitational potential energy for runoff and limits flood wave attenuation, with flash
floods dominating—further reducing disparities in flood potential between small and

large basins.

The changes in REC slopes must be interpreted within the broader context of regional
hydrological characteristics and climate change impacts. In Japan, previous studies
project increases in extreme precipitation, particularly for short-duration events
(Zhao et al., 2023c¢), suggesting a likely rise in flood potential for small basins and,
consequently, an intensification of the scale effect. When observed trends deviate
from this expectation, they are attributed to the plateauing of flood potential in small
basins. Given the already high unit peak discharges at the past stage, both trends
signify rising flood risks, but underscore different priorities for mitigation:
intensified attention on small basins when scale effects increase, and expanded risk

management strategies for larger basins when scale effects weaken.

One limitation of this study is the exclusion of compound effects from sea-level rise
and storm surge, which could lead to underestimation of flood peaks in coastal rivers.
However, this limitation minimally affects the attribution analysis and primarily
influences flood characteristics in coastal zones. The river outlets selected for flood
characteristic assessment are key national flood control points, generally located
upstream of coastal areas, where compound effects are attenuated. Therefore, the

results remain robust.
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Additionally, due to the complexity of identifying non-typhoon systems—particularly
mesoscale convective systems such as line-shaped rainbands—automated detection
methods within large ensemble datasets remain underdeveloped. Consequently, this
study does not differentiate non-TC systems by their physical structures when
analyzing individual impacts. This may obscure certain flood characteristics, such as
effective duration. Nonetheless, for most metrics, the dominance of Meiyu-Baiu
systems in June-July and autumnal fronts in August-September ensures that their

impacts remain discernible.

6.4 Conclusions

This study integrates a large ensemble of climate projections with a high-resolution
hydrologic model to assess changes in the proportion and characteristics of weather-
specific floods in Japan at the past, +2 °C, and +4 ‘C climate stages. Historically, TC,
NT67, and NT89 systems together account for over 90% of floods with return periods
exceeding 10 years, with TCs alone contributing more than 50%, and NT67 and NT89
each contributing 20-30%.

Global warming is projected to reduce the frequency of TCs around Japan, leading to
an overall decline in TC-induced flood occurrence. However, due to complex changes
in TC tracks and intensities, some rivers in southwestern Japan are projected to
experience increases of up to approximately 20% in the proportion of TC-induced
floods at +2 °C, while northern Japan shows pronounced decreases exceeding 20%.
Despite the decline in frequency, the impact of TC-induced floods—measured by peak
discharge and flashiness—is projected to rise significantly across most basins,
increasing by approximately 20-40% at +4 °C, indicating widespread national impacts.
The weakening of scale effects under warmer climates suggests that flood potential
in small basins has largely plateaued. Therefore, mitigation efforts should prioritize
peak discharge increases in large basins. In contrast, basins in northern Japan with
intensified scale effects will see rising flood potential in both small and large basins,

necessitating greater focus on small-basin flood prevention.

Floods associated with NT67 and NT89 systems display strong regional variability,
contributing 50-80% of floods in several regions. Both types are projected to increase
their contributions in northern Japan, with non-TC systems becoming dominant
drivers in some areas. NT67-induced floods are expected to rise along the Sea of Japan

coast, while NT89-induced floods show more spatially uniform increases, typically
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between 20-30%. Their peak discharges and flashiness are also projected to increase
significantly, especially in small- to medium-sized basins. In frequently impacted
regions, a consistent weakening of scale effects is projected under warmer climates,

indicating that non-TC impacts will also increasingly affect larger basins.

This study reveals substantial shifts in the causation and characteristics of future
floods in Japan, emphasizing the growing complexity of regional flood drivers and
the distinct change patterns associated with TC-, NT67-, and NT89-induced events.
The findings highlight escalating challenges for flood risk management and
underscore the urgent need to develop targeted strategies, particularly for non-TC
systems. The results offer critical data and insights to support future planning by

regional flood control authorities.

6.5 Methods

6.5.1 Data sources

Hourly precipitation data for the past, +2 °C, and +4 ‘C warming stages were sourced
from the 5-km dynamically downscaled d4PDF (Database for Policy Decision-making
for Future climate change) project (Kawase et al., 2023). The original simulations were
conducted using the Meteorological Research Institute Atmospheric General
Circulation Model version 3.2 (MRI-AGCM3.2) at a horizontal resolution of 60 km
(Mizuta et al., 2012, 2017). These outputs were subsequently downscaled over Japan
to a 5-km resolution using the Non-Hydrostatic Regional Climate Model (NHRCM)

(Sasaki et al., 2008), resulting in 720 years of simulations for each climate stage.

Historical simulations were forced by 1951-2010 boundary conditions with 12
ensemble members generated via perturbations. Future projections were driven by
outputs from six Global Climate Models (GCMs), with 12 ensemble members
generated by applying two perturbations to each GCM output. Further details on the
experimental design are provided in (Mizuta et al., 2017) and (Kawase et al., 2023).
The use of a pseudo global warming simulation scheme in the d4PDF project avoids
non-stationarity issues, ensuring robustness in comparative analyses across climate

stages.

To support flood attribution, a global tropical cyclone track dataset developed by

(Webb et al., 2019) based on d4PDF outputs, was used. The TC track extraction

methodology creating this dataset has been validated against the International Best
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Track Archive for Climate Stewardship (IBTrACS), demonstrating high consistency,
particularly in the Northern Hemisphere (Shimura et al., 2017; Webb et al., 2019).

Topographic data were obtained from the 30-m Japan Flow Direction map (J-FlwDir)
developed by (Yamazaki et al., 2020), which integrates high-resolution digital
elevation models and hydrological maps detailing streamlines and water surfaces.
These data were upscaled to 150 m using the method proposed by (Masutani et al.,

2006) for preserving the alignment of main stream locations.
6.5.2 Hydrodynamic model

Flood simulations were conducted using the Rainfall-Runoff-Inundation (RRI) model,
which couples 1D diffusive wave equations for river flow with 2D diffusive wave
equations for overland flow, enabling simultaneous simulation of runoff and
inundation processes (Sayama et al., 2012, 2015). This internal coupling is essential
for accurately modeling river-land water exchanges during flood events. The Green-
Ampt infiltration model was applied for flat terrain (Green and Ampt, 1911), while a
stage-discharge relationship was used to represent subsurface flow in mountainous
regions (Sayama and McDonnell, 2009; Tachikawa et al., 2004). The model employs
spatially distributed parameters, linking hydrological and hydraulic responses to
underlying soil and land cover characteristics. Model calibration and validation details
are provided in (Sayama et al., 2025). To account for reservoir operations, a simple
dam module was implemented for 121 national dams (locations shown in Figure S9)
(Ly et al., 2021). River grids were defined as cells with upstream contributing areas
exceeding 1.1 km?2. The simulation was conducted at a spatial resolution of 150 m,
with a time step of 1 min for rivers and 10 min for overland flow. The fifth-order
Runge-Kutta method was used to solve ordinary differential equations and an
adaptive time-step control scheme was used to improve numerical stability (Cash and
Karp, 1990; Sayama et al., 2012). Hourly discharge outputs were generated for all

simulations.
6.5.3 Extreme precipitation event extraction method

To reduce computational costs of hydrodynamic simulations over alarge domain, this
study employed the Aggregating Grid Event (AGE) method to identify critical flood-
causative precipitation events from climate ensemble data (Chen et al., 2025c). The

AGE method was developed based on hydrological concepts, enabling the extraction
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of complete precipitation processes responsible for floods exceeding a target return
period, accounting for heterogeneity in extreme event sets due to differences in basin
sizes and locations within a region. This study targeted a 10-year return period,
following regional definitions established in Chen et al. (2025b). Depending on the
region's size and precipitation variability, approximately 3,000 to 6,000 events were
extracted from the 5-km d4PDF dataset for each region at each climate stage.

6.5.4 Flood attribution method

For each river grid, the top 72 independent peak discharges were extracted. A TC was
considered a potential influence Japan if its center passed through the region
bounded by 123°E-150°E and 30°N-46°N. Flood events overlapping the temporal extent
of any such TC were categorized as TC-induced floods. All remaining events were
classified as non-TC floods and further grouped into NT67 (June-July) and NT89
(August-September), reflecting the typical occurrence periods of Meiyu-Baiu and

autumnal fronts, respectively (Takaya et al., 2020; Zhao et al., 2023b).
6.5.5 Index and Statistical Testing

The Regional Envelope Curve (REC) was defined by Egs. 1 and 2, and estimated with
the largest discharge peak of all river grids. The slope b was estimated by quantile
regression (Amponsah et al., 2020), choosing a 95% threshold, and the intercept a was

further adjusted for covering all data, showing as two lines in Figure 3 (j).

log(Qmax) =a+bx lOg(CA) (1)
_ di
Qmax = Max a (2)

where, CA is the contributing area; g; is the discharge peak of the i* event; g,,4, is the
maximum discharge peak among events; a and b are the intercept and slope of REC,

respectively.

Flashiness (F), an indicator of flash flood risk (Li et al., 2022), was calculated based
on the maximum increase in discharge over a fixed duration window (6 hours in this
study). The discharge increase is normalized by the CA and duration, as shown in Eq.
6-2.

ma —Qt-1,Qt—Qt—2,+Qt— Q¢
F= X (Qe—0Q¢ 12;)(th 2,-9Qe—=Qt—d) (6-2)
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where, Q. denotes the discharge at time ¢, d is the duration.

To assess statistical significance in flood characteristic changes between historical
and future climates, the Kolmogorov-Smirnov (KS) test was employed. This non-
parametric test evaluates differences in cumulative distributions. A 95% confidence

level was used to reject the null hypothesis of no significant difference.
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7. Concluding remarks

To facilitate flood impact assessments under climate change at any location in Japan
and support localized decision-making, this study develops a comprehensive
methodology centered on the Aggregating Grid Event (AGE) method. Leveraging
dynamically downscaled 5-km d4PDF climate ensemble data and a high-resolution
(150 m, hourly) large-domain flood model—the Rainfall-Runoff-Inundation (RRI)
model—floods exceeding the 10-year return period are projected for all river cross-
sections in Japan. Preliminary analyses summarize changes in flood patterns and

associated weather systems at the +2°C and +4°C warming stages.

Chapter 2 proposes an initial simulation framework—the regional approach—for
extracting regional extreme event sets. This approach circumvents the infeasible
computational cost of continuous simulations across the full climate ensemble by
constructing extreme event sets based on regional annual maximum 48-hour
precipitation. Given the ensemble includes 372 years per warming stage (31 years x
12 members), sufficient data are available for robust analysis. Over Shikoku Island,
flood frequency analyses for eight major basins demonstrate that the regional
method vyields accurate discharge quantiles at basin outlets. The Peaks-Over-
Threshold (POT) method outperforms the Block Maxima (BM) method by more
effectively mitigating errors associated with high-frequency flood inconsistencies,
which introduced by the regional approach. POT analyses using the top 10%-50% of
flood peaks are recommended. However, fixed-duration event extraction fails to
capture complete precipitation processes across all basins and overlooks variability
in river concentration times, resulting in substantial bias in frequency estimates.
Additionally, regional precipitation maxima may not represent floods driven by

localized extremes in tributaries.

Chapter 3 addresses these limitations by introducing the AGE method, which extracts
precipitation events causing floods above a specified return level at any river cross-
section within a target region. The method identifies top-n precipitation events at
each grid cell (including upscaled grids), and aggregates them into a regional extreme
event set. The extracted events are selected by the contribution of rainfall within an
approximate river concentration time of corresponding grid size. The value of n is

determined by the ensemble size and return period (e.g., n = 72 for a 10-year flood in
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a 720-year ensemble). From the 5-km d4PDF dataset over Shikoku Island, 25,700 valid
events with at least one value exceeds 10 mm/h are extracted and used as the
benchmark. In contrast, the AGE method extracts much less, with 2,966 events.
Validation shows that AGE-based estimates of flood quantiles are highly accurate
across all river grid cells, with relative bias for the 100-year flood generally within

+5%, slightly biased toward underestimation.

Chapter 4 compares the AGE method to the precipitation stretching method. Both of
them can incorporate the spatiotemporal precipitation variability, but achieve in
completely different ways. The AGE method relies on extracting events from climate
ensemble, whereas the precipitation stretching method synthetizes events based on
regional characteristics summarized from ensemble data. Results show the AGE
method consistently achieves higher accuracy without introducing additional
uncertainty. In contrast, the precipitation stretching method yields errors up to +40%
for 100-year discharge estimates over Shikoku, and the strategy that utilizing
ensemble means increases uncertainty by 25%-50%. These findings underscore the
robustness and accuracy of the AGE method for high-resolution, ensemble-based

flood frequency estimation over a large domain.

Building on this, a complete methodological framework is established. The AGE
method extracts regional extreme precipitation events from the 5-km d4PDF dataset,
followed by RRI simulations to generate runoff for each river grid. The top 72
discharge peaks at each grid are analyzed using the POT method to derive frequency

curves for floods exceeding a 10-year return period.

Chapter 5 applies this framework to all of Japan, dividing the country into 14 regions.
Analysis of 100-year flood changes under warming shows nationwide discharge peak
increases of 1.16x and 1.37x at +2°C and +4°C stages, respectively. Northern regions
such as Tohoku and Hokkaido exhibit greater increases and higher climate sensitivity.
Within regions, variability is substantial, with small basins and mountain-plain
transition zones showing relatively higher increases. These newly identified high-risk
zones warrant increased attention. Flood hydrographs are projected to become
steeper, with 10%-20% faster rising limbs, indicating elevated flash flood risks.
Statistically significant increases in flashiness across northern Japan suggest the need
for incorporating emerging flash flood risks into future flood management strategies.
This chapter also generates a large future flood database to support localized hazard

and impact assessments.
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Chapter 6 investigates meteorological drivers of future floods, focusing on the role
of tropical cyclones (TCs). Unlike conventional studies that infer impacts from
changes in weather patterns, this attribution is based directly on projected flood
events, enabling more robust and clearer causal inferences. Using a d4PDF-based
global TC track dataset, floods are categorized into TC-induced, non-TC events in
June-July (NT67, linked to Meiyu-Baiu fronts), and non-TC events in August-
September (NT89, linked to autumnal fronts). These three types account for over 90%
of historical floods, with TCs being dominant (>50%). A general decline in the
proportion of TC-driven floods is observed, particularly in northern Japan, due to
fewer TCs in the western North Pacific. However, changes in TC tracks and
intensification lead to a ~20% increase in TC-induced floods in the Chugoku region at
+2°C. Despite reduced frequency, TC-driven flood peaks and flashiness intensify, with
widespread national impacts. Contributions from NT67 and NT89 increase by 20%-
30%, with pronounced regional variability. Their peak discharges and flashiness are
also projected to rise. While TCs remain the primary driver nationally, flood causation
becomes increasingly complex regionally, complicating flood management. Scale
effects in flood potential exhibit both intensification and attenuation at warmer
climates. For TC-induced floods, northern Japan is projected to experience stronger
scale effects, underscoring the need for targeted flood peak management in small
basins. In contrast, southern regions will require integrated strategies addressing
both small and large basins due to a weakening scale effect. For non-TC-induced
floods, a general weakening of scale effects suggests increasing flood risks in larger

basins across typical impact zones.

In summary, this study presents a novel simulation framework enabling high-
resolution, climate ensemble-based, nationwide flood projections. Through extensive
simulations and analyses, it reveals evolving flood patterns and critical shifts in flood-
generating mechanisms across Japan. The findings underscore the need to focus on
newly identified high-risk areas and adapt to a more complex flood regime, urging
further research to validate intensified flood risks in those regions and develop

region-specific flood management strategies, thereby enhancing national resilience.
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Figure S1 Comparison of fitting methods for basin annual maximum series.

The Wakeby (WAK) is a five-parameter distribution with advantage of assigning lower
weight to lower values. POT method is able to screening out lower values. Both of
them are the possible optimal method for obtaining reference results. Meanwhile, the
reference results in this study are modeled based on the annual maximum discharge
for each basin, making the goodness-of-fit Z equally applicable. Therefore, PE3 also
appears to be a potential optimal distribution. Thus, we conducted a comparative
analysis for the eight basins. The result shows in Figure S1. The five-parameter
Wakeby distribution is more robust than the three-parameter PE3 and less prone to
significant overestimation in long return periods. However, when focusing on return
periods exceeding 10 years, the fitting performance is evidently inferior to the POT
method with the top 10% peak discharges. Therefore, the POT with a threshold of top
10% peak discharges is selected to create reference frequency curves.
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Figure S2 Evaluation of the peak discharges of all river grids, based on the events
extracted by the aggregating grid event (AGE) method using the total rainfall (TR)

indicator.

(a)~(h) portray the results for the eight major basins the Shikoku Island; (i) portrays
the overall results for Shikoku Island. Abbreviations: correlation coefficient (R),
relative bias (BIAS), root mean square error (RMSE).

In step 2 of the AGE method, selecting an appropriate ranking indicator is crucial to

extract precipitation events most likely to result in discharges with an annual

exceedance probability (AEP) <0.1. One potential option is utilizing the total rainfall

(TR) of an event, stemming from the saturation excess theory.

As a preliminary experiment, we used 60-year data for examination. 122 events were
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extracted by using TR as the ranking indicator. Subsequently, the highest six
discharges for each river grid were selected after simulations. The evaluation results
of these peak discharges are shown in Figure S2. (a)~(h) portray the results for the
eight major basins the Shikoku Island; (i) portrays the overall results for Shikoku
Island. The -0.2 % of BIAS and the 14.77 m3/s of RMSE for the overall Shikoku Island
indicate that using TR as the ranking indicator can achieve highly accurate in peak
discharge estimations. Therefore, TR emerges as a promising indicator for

consideration in the AGE method.

Another potential option to rank events is using the rainfall during concentration
time (RDCT). This indicator represents the highest rainfall intensity of an event, which
is inspired by the infiltration excess theory. The approximate basin concentration
time was used as the valid period for calculating the rainfall intensity, as we assume

that the rainfall within this period will contribute to the same discharge peak.

We applied the RDCT to the AGE method and processed the same 60-year dataset.
161 events were extracted The RDCT theoretically enhances the identification of
localized extreme precipitation events characterized by short durations and limited
spatial extents, making them less prone to merging with other events during
aggregation. Consequently, a larger number of precipitation events were extracted

using RDCT compared with TR, with relatively shorter durations.

Similar to Figures 3-4 and 3-5, evaluation on RDCT-based peak discharges was
conducted. Results show slightly higher accuracy compared to those based on TR,
with a BIAS of 0.03% and an RMSE of -13.65 m3/s on Shikoku Island. This improved
performance is likely attributed to the AGE method extracting more localized events
based on RDCT, which is important for a small proportion of river grids. Overall,
whether using TR or RDCT as the ranking indicator, there is not a significant impact

on the accuracy of peak discharges in Shikoku Island.
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Figure S3 Evaluation of the peak discharges of all river grids, based on the events
extracted by the aggregating grid event (AGE) method using the rainfall during
concentration time (RDCT) indicator.

(a)~(h) portray the results for the eight major basins the Shikoku Island; (i) portrays
the overall results for Shikoku Island. Abbreviations: correlation coefficient (R),
relative bias (BIAS), root mean square error (RMSE).
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(a) Ranking by TR
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Figure S4 Spatial distribution of the relative bias (BIAS) values in the peak
discharges, based on the aggregating grid event (AGE method) using the (a) total
rainfall (TR) and (b) rainfall during concentration time (RDCT) indicators.

The spatial distribution of the BIAS was shown in Figure S4. Note that, a BIAS in this

figure was calculated by the peak discharges of the corresponding river grid. Most
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river grids exhibit a predominance of BIAS values falling between 0.05% and -0.05%.
Notably, the spatial pattern of the BIAS does not demonstrate significant differences
between utilizing the TR or RDCT indicator. Therefore, we ultimately opted to utilize
RDCT as the ranking indicator for the AGE method in this study.

All Basins (n = 2723)

1 ' é e i
05 B i ¢ : 7
—:— _l’_
0r + -
i *
i ES
| +
i | +
_05 B I 7
+ | +
+ |
I +
+ —+
_‘I I + L |
NSE RPD CC KGE

Figure S5 Box plots of the evaluation indices, including NSE, RPD, CC, and KGE at
711 national stations (2,723 events in total).

Abbreviations: Nash-Sutcliffe Efficiency (NSE), Relative Peak Difference (RPD),
Correlation Coefficient (CC), Kling-Gupta Efficiency (KGE).
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Figure S0-6 Spatial distribution of average NSE values at 711 national stations.
Abbreviations: Nash-Sutcliffe Efficiency (NSE).

?3000 Yos:m;ga\n_/a_zll;ead;.mu!e 1 ,35000 Niyodogawa_Ino.mutei. ,(35000 Watarigawa_Gudou.mutei.
2 peak_bias = -2.23 % S 40001 peak_bias =-0.51 % = peak_bias = 2.58 %
peak_sd = 20.03 4000
3 - - 3 peak_sd = 88.16 3 peak_sd = 28.5
© 2000 @ 3000 o 3000
2 2 2
g 1000 g 2000 g 2000
(5] [5] (5]
2 © 1000 £ 1000
S kS] kS]
0 01 01 4
0 50 100 150 0 50 100 150 0 50 100 150
time (h) time (h) time (h)
. 15004 Hijikawa_Oozu . Monobegawa_Fukabuchi.mutei. .
» peak_bias = -2.53 % D 4500, Peak_bias =-1.61% 0 15001 Shigenobugawa_Deai
HE peak_sd = 8.47 HE peak_sd = 2.04 nE peak_bias = 2.98 %
;1000 :; ;; 1000 peak_sd = 39.53
1000+
5 5 5
5 500 S 5001 S 500
© fo— © ©
0 N ———t oA 0
0 50 100 150 0 50 100 150 200 0 50 100 150
time (h) time (h) time (h)
— Dokigawa_Amakawa
4 ias = o
=75 peak_bias =-0.72 %
N i —— 1 —— 3 —— 5 —— 7 —— 9
k_sd=0.75
£ peak_s initial 2 —— 4 — f —— § —— 10
)
2% I -
s — without initial conditions
O 25 N
@2 O  observation
©
0
0 50 100 150
time (h)

Figure S7 Comparisons of observed events against discharge simulated with and
without initial conditions at the major basins of the study area.
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Figure S8 Locations of the discharge gauges (a) and comparisons between
observation-based frequency curve and simulated extremes (b~d).
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Figure S9 Spatial distribution of 121 national dams in the RRI model. Abbreviations:
Rainfall-Runoff-Inundation (RRI)
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Figure S10 Comparison of 10-year discharge for each river grid across 14 regions of

Japan.

Radar Rain gauge Analyzed Rainfall (RRAR) is a gridded precipitation dataset based

on rain gauges and radar observations. In this study, precipitation from 1989 to 2010

were utilized as input for the RRI model to estimate 10-year discharge values across

all river grids, serving as reference data.

140



Supporting information

B L . — @ — — L _L

4
|
|
I
I
|
|

4
|
|
I
I
|
|

o
|
|
I
|
|
|

=

-year

o
LN
Y—
o
(%]
o
=
©
—
()
(%)
®
(<)
S
O
A=
—~
Q0
N—r

{ Osaka bay §

1.1
<1.0

\'

RIS | _ _ ) _____L
e — . reeEese e

1.7

<1.6
Figure S11 Spatial distribution of Q50 increase ratios at +2°C (a) and +4°C (b) stages.

Vi

<2.0
1.9

oney
o9sealdu|

40°N
38°N =
36°N e

Osaka bay (red rectangle) is enlarged as an example to show tributary details in this
study. Abbreviation: 50-year return period discharge (Q50).

141



Supporting information

o N region contour (m)
Hokkaidol 145
44°N- kkaid
Hokkaido2 175
Hokkaido3 34.5
Tohoku 27.5 ¢

42°N Hokurikul 47.5

Hokuriku2 22.5

Kanto 315

INA Chubu 95.5
40 N Kinki 335
Chugoku 50.5

Shikoku 97.5

Kyushul 72.5 v g

38°N+

36°N-
— Contour
. Elevation (m)
34°N w High :13500
32°N- B B Low: 0
130°E  134°E  138°E  142°E  146°E

Figure S12 Spatial distribution of contours for increase ratio median peak in Figure
5-7. The attached table provides the contour values for the corresponding region.
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TC-induced floods at the +2°C stage
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Figure S13 Increase ratio trend of TC-induced max discharge along basin area at the
+2°C stage.

"Dec." (blue background) and "Inc." (red background) represent monotonous
decreasing and increasing trends, respectively, as identified by the M-K test at a 95%
confidence level. "----" indicates no significant trend. Abbreviation: Mann-Kendall (M-

K)
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TC-induced floods at the +4°C stage
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Figure S14 Increase ratio trend of TC-induced max discharge along basin area at the
+4°C stage.

"Dec." (blue background) and "Inc." (red background) represent monotonous
decreasing and increasing trends, respectively, as identified by the M-K test at a 95%
confidence level. "----" indicates no significant trend. Abbreviation: Mann-Kendall (M-

K)
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Figure S15 Increase ratio trend of NT67-induced max discharge along basin area at
the +2°C stage.

"Dec." (blue background) and "Inc." (red background) represent monotonous
decreasing and increasing trends, respectively, as identified by the M-K test at a 95%
confidence level. "----" indicates no significant trend. Abbreviation: Mann-Kendall (M-

K)
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NT67-induced floods at the +4°C stage
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Figure S16 Increase ratio trend of NT67-induced max discharge along basin area at
the +4°C stage.

"Dec." (blue background) and "Inc." (red background) represent monotonous
decreasing and increasing trends, respectively, as identified by the M-K test at a 95%
confidence level. "----" indicates no significant trend. Abbreviation: Mann-Kendall (M-

K)
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NT89-induced floods at the +2°C stage
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Figure S17 Increase ratio trend of NT89-induced max discharge along basin area at

the +2°C stage.

"Dec." (blue background) and "Inc." (red background) represent monotonous
decreasing and increasing trends, respectively, as identified by the M-K test at a 95%
confidence level. "----" indicates no significant trend. Abbreviation: Mann-Kendall (M-

K)
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NT89-induced floods at the +4°C stage
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Figure S18 Increase ratio trend of NT89-induced max discharge along basin area at
the +4°C stage.

"Dec." (blue background) and "Inc." (red background) represent monotonous
decreasing and increasing trends, respectively, as identified by the M-K test at a 95%
confidence level. "----" indicates no significant trend. Abbreviation: Mann-Kendall (M-

K)
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Supplemental tables

The goodness-of-fit statistic Z (refer to Eq.S1) is utilized to assess the fitting
performance of candidate distributions. When |Z| < 1.645, there is 95% confidence in
selecting the corresponding distribution, with smaller |Z| values indicating better fit.
In this study, the Generalized Logistic (GLO), Generalized Extreme Value (GEV),
Generalized Normal (GNO), Generalized Pareto Distribution (GPD), and Pearson Type

III (PE3) are employed as candidate distributions of the annual maximum sequences.

Tables S1 to S3 demonstrate that, in different scenarios, the eight major basins in the
study area are more suitable for adopting PE3 as the optimal distribution for the block

maximum method.

Z _ Tg—Ti+ﬁ4

Eq (S1)
04

Where, 7§ is the L-kurtosis of the candidate distribution, z; is the L-kurtosis of

samples, B, and o, is the bias and standard deviation of sample L-kurtosis

Table S1 Goodness-of-fit Z of the eight basins under current scenario

Distribution Yoshino Watari Niyodo Hiji Naka Monobe Shigenobu Doki

GLO 3.278 3.398 3.447 3.589 3.428 3.396 3.346 3.426
GEV 1.922 1.971 2.013 2.093 1.988 1.988 1.959 2.001
GNO 1.185 1.194 1.234 1.280 1.205 1.222 1.204 1.226
PE3 -0.134  -0.195 -0.161 -0.175 -0.196 -0.149 -0.146 -0.161
GPD -1.555 -1.691 -1.664 -1.742 -1.705 -1.625 -1.599 -1.654

Table S2 Goodness-of-fit Z of the eight basins under 2k scenario

Distribution Yoshino Watari Niyodo Hiji Naka Monobe Shigenobu Doki

GLO 3.107 3.234 3.305 3.311 3.205 3.268 3.229 3.318
GEV 1.558 1.625 1.637 1.640 1.605 1.616 1.603  1.650
GNO 0.948 0.993 0.981 0.983 0.976  0.966 0.964 0.995
PE3 -0.183 -0.182 -0.237 -0.237 -0.192  -0.241 -0.223 -0.223
GPD -2.235 -2.312  -2.445 -2450 -2.310 -2.428 -2.374 -2.431

Table S3 Goodness-of-fit Z of the eight basins under 4k scenario

Distribution Yoshino Watari Niyodo Hiji Naka  Monobe Shigenobu Doki

GLO 3.396 3.324 3.314 3.376 3.415 3.392 3.446  3.450
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GEV 2.090 2.035 2.050 2.058 2.090 2.094 2.131 2.100
GNO 1.275 1.229 1.261 1.234 1.262 1.283 1.310 1.257
PE3 -0.170 -0.197 -0.137 -0.224 -0.203  -0.153 -0.144 -0.235
GPD -1.339  -1.351 -1.268 -1.404 -1.390 -1.315 -1.321  -1.444

Table S4 Relationship between pixel area and approximate basin concentration time.

Area (km?) Time (h)
0~200 6
200~500 12
500~5000 24
>5000 48

Table S4, showing the relation between basin area and approximate river
concentration time, is summarized from the governmental flood control plans of
major rivers in Japan. These plans, led by the Ministry of Land, Infrastructure,
Transport and Tourism of Japan, take into account the geographic and hydrological
characteristics of individual river and provide engineering guidelines based on
extensive experiments. The planned precipitation durations in these plans are
referred to the river concentration time, primarily influenced by the area of the basin.
As the plans consider the rainfall recording frequency of local departments, they
generally recommend a 24-hour for small basins, which differs from our original
intention in using this indicator. So, for small basins, we mainly refer to the results
of Kadoya formula, which is also commonly used for estimating river concentration
time in Japan (Kadoya and Fukushima, 1976; Wakatsuki et al., 2022). It should be
noted that precise river concentration time is influenced by hydroclimate conditions
and basin geometrical characteristics. The approximate concentration time presented
in Table S4 aims to provide a duration level, instead of an exact value, to ensure the

independence of precipitation events.

Table S5 Parameter sets of the Rainfall-Runoff-Inundation model for each soil type.

nslope

Soil Name (m-1/3/s)

Ya Vm ko, (m/s) B
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Man-made soil 0.50 0.50 0.05 0.08 7
Organic soil 0.40 0.35 0.00 0.10 4
Podosols 0.40 0.35 0.00 0.10 4
Andosols 0.40 0.50 0.05 0.05 9
Dark red soils 0.50 0.50 0.10 0.05 5
Lowland soils 0.30 0.50 0.00 0.03 4
Red-yellow soils 0.50 0.50 0.05 0.08 7
Stagnant soils 0.50 0.50 0.10 0.05 5
Brown forest 0.50 0.50 0.05 0.08 7
soils

Regosols 0.50 0.50 0.05 0.03 7
Bare rocks 0.30 0.40 0.05 0.20 6

where ng,,, is the Manning’s roughness on the slope, y, is the effective porosity, y,,
determines the threshold of happening unsaturated flow, k, is the lateral saturated
hydraulic conductivity g is a factor to compute the lateral hydraulic conductivity in

unsaturated zone (k,,) from k, (k,,, = k, /B)

Table S6 Estimated scaling ratios and corresponding upper and lower 95% limits for
candidate events using in PrecStre-I.

Basins Estimation Lower limit Upper limit
1.10 1.02 1.20
1.07 0.99 1.16
. 1.05 0.97 1.14
Yoshino 1.05 0.96 1.13
1.01 0.93 1.10
1.00 0.92 1.08
Watari 1.12 1.05 1.20
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1.09 1.02 117

1.04 0.97 1.11

1.01 0.94 1.08

1.00 0.93 1.07

0.99 0.92 1.06

1.09 1.02 1.16

1.08 1.01 1.15

. 1.08 1.01 1.15
Niyodo 1.07 1.01 1.14
1.07 1.01 1.14

1.05 0.98 1.11

1.12 1.00 1.25

1.11 0.99 1.25

1.05 0.94 1.18
Hiji 1.05 0.94 1.18
1.02 0.91 1.15

0.99 0.88 1.11

1.07 1.01 1.15

1.07 1.01 1.15

1.07 1.01 1.15

Naka 1.05 0.99 1.12
1.01 0.95 1.08

1.00 0.94 1.07

1.08 1.01 1.15

1.08 1.01 1.15

1.06 0.99 1.14

Monobe 1.04 0.97 1.11
1.04 0.97 1.11

1.00 0.93 1.07

1.12 1.00 1.27

1.08 0.97 1.23

. 1.08 0.97 1.23
Shigenobu 1.08 0.97 1.23
1.06 0.95 1.21

1.04 0.93 1.18

1.16 1.04 1.29

1.16 1.03 1.29

. 1.15 1.03 1.28
Lok 1.15 1.03 1.28
1.12 1.00 1.25

1.10 0.98 1.22

Table S7 Estimated scaling ratios and corresponding upper and lower 95% limits for
candidate events using in PrecStre-S.

Basins Estimation Lower limit  Upper limit
Yoshino 1.22 0.92 1.65
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Watari

Niyodo

Hiji

Naka

Monobe

Shigenobu

Doki

1.29
1.3
1.31
1.42
1.46
0.96
1.14
1.26
1.28
1.3
1.34
1.09
1.13
1.21
1.23
1.24
1.37
0.64
1.41
1.78
1.8
1.81
1.86
1.11
1.2
1.25
1.27
1.33
1.34
1.15
1.15
1.23
1.29
1.29
1.38
1.23
1.25
1.3
1.5
1.52
1.64
1.07
1.36
1.45
1.46
1.62
1.68

0.97
0.98
0.98
1.06
1.1
0.75
0.89
0.99

1.02
1.05
0.87
0.9
0.96
0.98
0.99
1.09
0.45
0.99
1.25
1.26
1.27
1.31
0.88
0.95
0.99
1.01
1.05
1.06
0.91
0.91
0.97
1.02
1.02
1.09
0.85
0.86
0.9
1.04
1.05
1.14
0.73
0.93
0.99

1.1
1.15

1.74
1.76
1.76
1.91
1.97
1.24
1.48
1.64
1.66
1.68
1.74
1.38
1.43
1.53
1.56
1.57
1.73
0.95
2.09
2.65
2.68
2.69
2.78
1.43
1.54
1.6
1.63
1.71
1.73
1.48
1.48
1.58
1.66
1.66
1.78
1.83
1.85
1.93
2.22
2.26
2.44
1.61
2.06
2.18
2.2
2.44
2.53
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