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Abstract

This dissertation aims to develop a novel method to assess the flood risk for 109 class-A rivers in
Japan by creating a O(100,000 years) precipitation data for present and future climates. A large
ensemble data for precipitation were created by combining a sea-level pressure emulator
developed by Kravtsov et al. (2019) with the pressure precipitation transmitter proposed by Inatsu
et al. (2021). The former is based on the multi-level linear stochastic model with multiplicative
noise, and the latter is based on the analogue ensemble method with a modification by the singular
value decomposition. The database for Policy Decision making for Future climate change
(d4PDF) was input to these models. The data were scaled up almost thirtyfold. After an
appropriate bias correction to be fit with an observed quantile mapping plot, the large ensemble
precipitation data that we obtained were input to a distributed rainfall-runoff model established
by previous studies. It is hence demonstrated that we can evaluate the flood risk for extremely
heavy precipitation with low probability for the model with parameters separately tuned for each
of 109 class-A rivers in Japan. We also assessed the possible risk for climate changes based on
the future climate by +2K and +4K increase in the global mean temperature. The dissertation
successfully established 100,000 years of precipitation data and a 10,000-year return period of
flood for a specific river, which enabled us to discuss the flood risk assessment required in the

non-life insurance sector.
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Chapter 1.  General Introduction

Probabilistic risk assessment (PRA) has become increasingly important in recent years
to evaluate risks associated with natural hazards such as flooding, earthquakes, volcano eruption,
complex engineering systems such as an airliner and a nuclear power plant, and socio-economic
or medical fields. Because risk is generally determined by the combination of hazard, exposure,
and vulnerability, severe disasters rarely occur in modern societies with advanced infrastructure
and highly safety standards. We then need to address events that have an extremely low
probability but cause immense damage when they once occur. A valuable metric in any PRAs is
the return period (RP) of hazards, which indicates the average frequency of hazardous events
occurring within a specified number of years.

Floods ranked second in terms of fatalities among natural disasters, following only
famine, according to world statistics in 1990s [1]. It has been reported that climate change
deteriorates and will deteriorate flood frequency and damages [2]. As in the general PRA method,
the RP of torrential rainfall or floods has been evaluated through analyzing the observation records
and, if necessary, their statistical fitting to a parametric probability distribution. The RP is a
fundamental piece of information in hard measures against flooding disasters such as determining
levee height, designing dam storage capacity, constructing aqueducts, and providing detention
basins. The RP is also useful when one considers soft measures. Whereas public sectors must have
an initiative to soft measures such as evacuation plans, resident awareness, and dissemination of
disaster information, non-life insurance is the most crucial soft measure for mitigating flood losses
socio-economically. In the field of non-life insurance, the expected annual loss amount is used as

the basis for calculating premiums. For events like natural disasters, where the law of large



numbers cannot be applied, relying solely on past loss data is statistically insufficient.
Consequently, for statistical stability in the evaluation we need to develop probabilistic risk model.
These models generate tens of thousands of hypothetical disaster events and calculate the resulting
loss amounts, thereby providing a vast sample size [3]. It is worthwhile remarking that the basis
for calculating non-life insurance premiums or risk amount requires the PRA with an RP that is
an order of magnitude longer than that required for hard measures.

Furthermore, for not only premium calculation but also the business continuity of non-
life insurance companies, it is crucial to appropriately understand and manage the existence,
frequency, and risk scale of major natural disasters such as typhoons and earthquakes. This risk
management method is known as Enterprise Risk Management (ERM), which is a commonly
adopted risk management approach in non-life insurance companies [3] [4]. The risk amount dealt
with here pertains to the loss amounts caused by extremely rare disasters, and the levels are set at
99.5% or 99.95%, corresponding to recurrence intervals of 200 to 2000 years [5] [6].

Since floods occur when rainfall exceeds the river's capacity, the PRA for flooding
requires as long rainfall data-series as possible and the hydrological response to the rainfall data.
If one requires a longer dataset than the observation record length in a particular river, a
combination of meteorological and hydrological models is a choice other than a statistical
estimation. As is well known in weather forecasting, meteorological models have advanced to
resolve not only synoptic-scale disturbances but meso-scale phenomena. In the context of climate
simulation, the meteorological model can be considered a type of data generative models,
constrained by appropriate physical principles governing mass, momentum, and energy. On the
other hand, hydrological models have recently been sophisticated, and a distributed-type model

contained basin characteristics based on elevation and geological data, separation into surface



runoff and groundwater, and representation of river channels, allowing for a more reliable
reproduction of water flow.

Generating a long-time rainfall dataset by meteorological models has been long
performed, especially in the ensemble experiments arranged by climate model intercomparison
projects (CMIPs [7]). A recent research project to develop d4PDF and its followings has been
groundbreaking in generating rainfall and hydrological data spanning a period of O(1,000 years).
A significant challenge encountered in such projects is the heavy computational burden associated
with dynamical downscaling, which aims to enhance the resolution of meteorological data within
a limited domain. The dynamical downscaling is inevitable because modern climate models with
grid spacing of O(100 km) may inadequately resolve mesoscale phenomena that contribute to
heavy precipitation events. Another way to generate a long timeseries of rainfall is to replace a
complex physical model with a simpler statistical one. However, as discussed in Chapter 2, most
previous studies have struggled to ensure temporal and spatial consistency in rainfall data even
within a limited domain. An intermediate model was developed by [8], demonstrating the
potential for the model to generate tempo-spatial consistent data of any desired length if we
prepared a sufficient amount of reference data available. This motivates us to utilize a d4PDF’s
rainfall dataset as a reference of the model by [8], in order to generate enough long rainfall data
to the RP required in the standards in non-life insurance field.

The goal of this dissertation is to generate 100,000-year rainfall and hydrological data
capable of the PRA in the non-life insurance field. We targeted a whole Japanese territory that
was covered in dynamical downscaling of d4PDF and were coped with 109 class-A Japanese
rivers. Moreover, we can assess flood risk in a future climate environment. This dissertation

consists of the following chapters: Chapter 2 demonstrates the application of a probabilistic



rainfall model to generate tens of thousands of years’ worth of rainfall data using large ensemble
datasets. It also estimates precipitation amounts for ultra-low frequency RPs. Chapter 3 applies
bias corrections to the rainfall data generated in Chapter 2 and inputs it into a distributed rainfall-
runoff model targeting Japan’s primary river systems. This allows us to calculate extremely large
flow data, ultimately estimating peak flow values for ultra-low-frequency RPs. Chapter 4 provides

a summary of the research.



Chapter 2.  Precipitation data generation by stochastic model using large

ensemble data

2.1. Introduction

Risk assessment for a natural disaster requires not only scenario-based descriptions but
also the probabilistic evaluation of disaster events [3]. The probabilistic evaluation is important
for risk assessment of natural disasters. A probabilistic evaluation generally arranges three
elements of risk assessment: hazard, exposure, and vulnerability. If exposure and vulnerability are
specified for a target object, we must consider the remaining element of natural hazards in a
stochastic sense. Natural hazards contain geophysical, meteorological, hydrological,
climatological, and biological aspects. Among them, meteorological hazards frequently cause loss
of lives and properties in most residential areas all over the world [9]. One used a stochastic hazard
generation model that can reproduce possible extreme events. For example, the stochastic model
generated thousands of tropical cyclone tracks for the probability estimate of strong wind [10]
[11]. A parametric model also supports the estimation of hurricane precipitation [12] [13] [14].
The resultant output may help insurers evaluate an annual aggregated loss by a strong wind

through statistical methods.

The meteorological hazards related to heavy precipitation in the midlatitudes other than
tropical cyclones have hardly been modelled by a simple parametric method [15], because the
heavy precipitation originated from various phenomena accompanied by complex multiscale
systems. Hence, probabilistic precipitation over a limited area has been conventionally estimated
by an extreme-value statistical theory using annual-maximum precipitation in historical records.

This engineering approach is then applied to the design of levees and flood hazard maps published
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by the government [16] [17]. Another engineering approach is the stochastic weather generator
(SWG) which offers a large amount of precipitation data at a specific location [18]. Although [15]
and [19] proposed a multisite SWG model that provides a timeseries of precipitation distribution
with a reasonable spatial correlation among sites, the SWG approach has a reliability problem in
reproducing extreme precipitation events with hundred-to-thousand year RPs [18]. On the other
hand, high-speed computers enabled us to conduct a large ensemble simulation using atmospheric
models. For example, the d4PDF dataset contains a set of atmospheric general circulation model
output and its dynamically downscaled output both with 3,000-year length for the present climate
run and 5,400-year length for a global warming run [20] [21], which made a breakthrough in the
risk assessment for climate change on river flood [22] [23] [24], coastal flood [25] [26],
agriculture [27] [28], snow amount [29] [30] and urban environment [31] [32] [33]. Even the
d4PDF dataset is however an insufficient sample size for risk analysis in the non-life insurance

field [34].

[8] developed another stochastic precipitation model with a lighter computation burden
than atmospheric model runs. This model shows more reliable results in tempo-spatial distribution
of precipitation than other statistical models. The model consisted of the sea level pressure (SLP)
emulator developed by [35] and the pressure-precipitation transmitter (PPT), where the analog
ensemble (AnEn) and singular value decomposition (SVD) are combined to obtain the
precipitation data from SLP timeseries. They demonstrated that the model had a capability to
provide a long timeseries of precipitation distribution in a reasonable computational time.
Although [8] only showed the potential of the model based on the limited learning data of 58-year
SLP and 8-year precipitation, their model based on d4PDF data is expected to provide

precipitation distribution with an order of 10,000 years required by the non-life insurance field.
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The purpose of this chapter is to show that a stochastic precipitation model can be
applied to a large ensemble data and to provide precipitation distribution with 10,000 years. The
development of SLP emulator is the idea of [35] and the combination of analog ensemble with
SLP emulator is the idea of [8]. We here used the model that was already developed by [8] and
the original part is what we applied it to a large ensemble dataset. The goal of this study is to
estimate precipitation over a long RP in several hundred to several thousand years. Ten-thousand
years are large enough to perform a PRA in the non-life insurance field. According to a rough
estimate in [8], a 1,000-year RP required 50-year learning data. We assume that the 3,000-year
d4PDF data is long enough to estimate the RP of the order of 10,000 years. Furthermore, this
study also extends the discussion on climate change cases by the [8]’s model based on the
d4PDF’s global warming data. The rest of this chapter is organized as follows: Section 2.2
introduces the analysis data used here and summarizes the method in this study. The performance
and the statistics of daily precipitation data from the PPT are computed with the SLP emulator in

section 2.3. Section 2.4 gives a summary of this study.

2.2. Data and Method

2.2.1. Data

We used SLP and precipitation from the d4PDF datasets [20], which was a set of large
ensembles with global simulations with 60-km resolution and its dynamical downscaling with 20-
km resolution for the limited domain including the Japanese territory [36]. The d4PDF dataset
includes the historical experiment (HPB) with 50-ensemble 1951-2010 simulation and the future
climate experiments HFB2K or HFB4K, where the global-mean surface temperature increases by

2 K or 4 K relative to the preindustrial period. HFB2K (HFB4K) consists of 54 (90) ensembles
11



by adding detrended monthly sea surface temperatures (SSTs) in 1951-2010 to the SST warming
patterns from six CMIP5 simulations®. Therefore, HPB, HFB2K and HFB4K experiments
provided data with the length of 3,000, 3,240 and 5,400 years, respectively. The global data were
used to construct the SLP emulator for the global domain; the horizontal grid size is 640 x 320
and the time interval is 6 hours. The regional data were used to obtain precipitation distribution
over Japan from the SLP data; the horizontal grid size is 211x175, extracted from the original
data. Though the original time interval of dynamical downscaling data is 1 hour, the data were

aggregated into 6-hourly precipitation data to match the time interval of SLP data.

2.2.2. Method

The stochastic precipitation model is based on [8], consisting of the SLP emulator and
PPT. A flowchart of this study is shown in Fig. 2.1. This flowchart is developed by [28] and [29]
and objective analysis data is used in [28]. Following [35], we determined the model parameters
of the SLP emulator by SLP anomaly data whose dimension was reduced by principal component

(PC) analysis. The SLP anomaly was first created by the subtraction of daily climatological SLP

! The Community Climate System Model version 4 (CCSM4), the Geophysical Fluid Dynamics
Laboratory Climate Model version 3 (GFDL-CM3), the Hadley Centre Global Environmental
Model version 2, atmosphere-ocean (HadGEM2-AQ), the Model for Interdisciplinary Research
on Climate, version 5 (MIROCS), the Max Planck Institute Earth System Model, medium
resolution (MPI-ESM-MR), and the Meteorological Research Institute Coupled Atmosphere-

Ocean General Circulation Model version 3 (MRI-CGCM3).
12



from the original data. The SLP anomaly was decomposed into 1,000 PCs, which explained
almost 100% of the total variance in the Northern Hemisphere. The obtained PC patterns based
on d4PDF data resembled the observed one in terms of the gravest modes. We conducted the PC
analysis only for the 60-year first ensemble of the HPB experiment and projected other ensemble
data into the PC modes to save computation. This treatment does not likely affect the result
because, whichever ensemble are selected, a sufficiently long dataset, here 60 years long, must
provide a very similar vector space. We next construct a multivariate auto-regression model for
the SLP anomaly from the vector data whose components consisted of 1,000 PCs. The model was
formulated by three-level equations: the first level is a conventional auto-regression model to
predict the time increment of PC vectors by PC vector itself; the second level is also an auto-
regression model but includes the residual timeseries in the first level as an explained variable;
the third level adds the residual timeseries in the second level to an explained variable. The details
are described in Appendix A. The third level was also driven by a sequence of 15-day-long
snippets of the residual learning data obtained in the fitting process, which was regarded as white
noise. No drift was found in the SLP emulator runs in this study. The resultant vector timeseries

of SLP was reconstructed and clipped to the target domain around the Japanese territory.

The PPT bridges the SLP data obtained in the SLP emulator to the precipitation
distribution, which we finally obtain. We first searched for analog data from the result of SLP
emulator simulation, such that three consecutive SLP snapshots are the most similar. The first
guess was the precipitation distribution in d4PDF downscaling data on the analog time, following
the AnEn method [8]. We next prepared the singular value decomposition (SVD). SLP anomalies
and precipitation anomalies was decomposed into left and right singular vectors by SVD analysis.

Based on the empirical SVD relation, we converted the SLP difference between SLP emulator

13



result and d4PDF result selected by AnEn to the corresponding precipitation deviation data. We
added this SVD correction to the first guess as the final product. By applying SVD correction to
the original rainfall data, it is expected to represent a variety of rainfall patterns beyond the
original rainfall data pattern. Without SVD correction, the PPT’s results are just resampled by the
original precipitation data, even if various SLPs are calculated in the SLP emulator that exceeds
the original pressure pattern. Therefore, it is reasonable to use SVD correction to create
precipitation patterns that correspond to the SLP calculated by the SLP emulator. The details are

described in Appendix B.

For the development of stochastic rainfall model, d4PDF’s 60 km resolution SLP data
were used to construct the SLP emulator, and 20 km resolution precipitation data were used to
construct the PPT. SLP emulator’s output is 6-hourly SLP pattern and PPT’s output is 6-hourly

precipitation.

2.3. Results

2.3.1. Climatology

Before introducing the main results, we checked the rationality of the modeled system
by comparing the climatology of our model with that of the original d4PDF dataset. Both showed
that the SLP climatology in boreal summer was characterized by the predominant subtropical
anticyclone in the southeast of Japan (Figs. 2.2a,b) and was shifted eastward in +4K climate (Figs.
2.2¢,d); [37]). The slight difference between the SLP emulator and the d4PDF dataset may stem
from the use of a single ensemble member as the learning data for the SLP emulator to reduce the

computational burden. The difference was larger in +4K climatology (Fig. 2.2d), because the
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d4PDF simulation imposed the 6 warming patterns of SST anomaly that likely influenced the

tropical and subtropical climates.

The PPT did not necessarily result in the exact match of precipitation climatology with
the learning dataset of d4PDF for the random sampling from similar weather patterns in the analog
process (Section 2.2). However, the result of climatology in the mean precipitation in June-July-
August (JJA) months almost matched with the d4PDF’s one (Figs. 2.3a,b). The total rainfall
amount attained 400 mm in the 3 months in the mountainous area in Japan faced the Pacific due
to orographic uplift of moisture in the windward side of the summertime Asian monsoon (Fig.
2.3b). The total rainfall amount was in contrast lower than 150 mm in northern Japan due to
relatively cold and dry environment outside of the summertime monsoon influence. In addition,
the PPT provided a consistent pattern of precipitation climatology with the d4PDF result (Figs.
2.3c,d); the total rainfall amount exceeded 500 mm in JJA in the windward mountainous areas of

Japanese Island.

Additionally, to verify the variance of daily precipitation, the coefficient of variation,
say standard deviation divided by the mean, of daily precipitation in JJA was calculated, as shown
in Figs. 2.4a,b. The variance pattern is qualitatively consistent between PPT and d4PDF’s HPB
experiment over the domain, particularly in mountainous areas. However, the variance in the PPT
results is slightly smaller than in the d4PDF. Because the precipitation variance is influenced by
events, the PPT results are supposed to be underestimate extreme precipitation events. This point

is addressed in Section 2.3.3, which deals with extreme precipitation events with a 100-year RP.
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2.3.2. Extreme Precipitation

Figures 2.5a,b show the annual maximum daily precipitation for 100-year RP for
historical simulation, defined as the top one percentile value of 10,000-year samples in our model
and the top 30 value of 3,000-year samples in d4PDF datasets. The d4PDF estimated that the
RP100 precipitation was ~400 mm in the area faced with the Pacific Ocean and ~150 mm in
northern Japan. However, the PPT estimated that RP100 precipitation ranged 200-300 mm in the
area faced with the Pacific Ocean and 100-200 mm in northern Japan. This underestimation may
be due to the smoothing effect of analog ensemble method in which four 6 hourly analog data
were summarized in the calculation of daily precipitation and each of those four precipitation
events is independently analogous to the pressure distribution by the SLP. If an extreme
precipitation event is selected as an analog, it does not necessarily mean that the other analogs for
the same day are also for extreme precipitation events. The +4K simulation also showed the
underestimation of RP100 precipitation by the PPT compared with the result obtained from

d4PDF, where the RP100 precipitation exceeded 500 mm (Figs. 2.5¢,d).

In spite of the underestimation by the PPT, the increasing rate of RP100 precipitation
by the PPT almost replicated that estimated by the d4PDF (Figs. 2.6a,b). The PPT and d4PDF
estimations in common showed that the RP100 increased by about 40% in Hokkaido and about
20% in other areas in Japan. It is noted that the larger increasing rate in northern Japan is consistent
with the earlier study [38]. This result suggested that the PPT could be used in the creation of
10,000-year precipitation data consistent with the learning data of d4PDF if an appropriate bias

correction was made.

16



2.3.3 Return period of extreme precipitation

Figures 2.7a,b,c,d show the annual maximum daily precipitation as a function of RP,
plotted by the ranking method without any fitting formulas and determined as the inverse of the
exceedance probability. The length of RP obtained by d4PDF is still limited to thousands of years

whereas the PPT result can be used to estimate longer return levels.

The d4PDF’s historical simulation supplied the annual maximum daily precipitation in
Sapporo of ~ 80 mm for RP10, ~ 130 mm for RP100, and ~ 210 mm for RP1000 (Fig. 2.7a). In
contrast with the continental climate at Sapporo, it provided ~ 200 mm for RP10, 300—350 mm
for RP100, and 400-500 mm for RP1000 in the other sites in Japan (Figs. 2.7b,c,d). The d4PDF
+4K simulation estimated the annual maximum daily precipitation ~ 110 mm for RP10, ~ 180
mm for RP100, and ~250 mm for RP1000 in Sapporo. The future extreme precipitation in Sapporo
was less than the present extreme precipitation in Tokyo (Figs. 2.7a,b). The d4PDF +4K
simulation showed 250-300 mm for RP10, 400-500 mm for RP100, and ~700 mm for RP1000
in Tokyo and Naha (Figs. 2.7b,d). This indicated that the daily precipitation of 400—500 mm
occurred more frequently from RP1000 to RP100. The extreme precipitation in Fukuoka in +4K
simulation was slightly moderate with 200 mm for RP10, 300 mm for RP100, and 450 mm for
RP1000 (Fig. 2.7c). The d4PDF’s +2K simulation showed an intermediate result between

historical and +4K simulation.

As shown in RP100 precipitation (Fig. 2.5), the PPT results underestimated the annual
maximum daily precipitation in any RPs (Fig. 2.7). For example, the annual maximum
precipitation in historical simulation was 60 mm for RP10, 100 mm for RP100, and 140 mm for
RP1000, which were 30—40% less than the d4PDF estimate. However, the increasing ratio of RP

precipitation between historical and global warming simulations almost reproduced the d4PDF
17



estimate (Fig. 2.8). In Sapporo, the annual maximum precipitation ratio of HFB2K/HPB was 1.2
and that of HFB4K/HPB was 1.4 in RP500 or less by PPT and d4PDF (Fig. 2.8a). The d4PDF
estimate rapidly decreased the ratio around RP1000 probably due to the unstable statistics for the
insufficient length of sample size, but the PPT estimate gradually increased the ratio from RP500
to RP10000. The similar feature can be seen in the ratio in Tokyo (Fig. 2.8b). On the other hand,
a sharp increase was seen in Naha around RP 400 in HFB4K (Fig. 2.8d). Although this may be
partly related to the sampling problem, we emphasize that the extreme precipitation in Naha
mostly occurred in the passage of tropical cyclones. that were not always well reproduced in the
PPT method. The increasing ratio in Fukuoka was 1.2 regardless of the warming extent in d4PDF,
whereas the ratio was 1.0 in HFB2K/HPB and 1.2 in HFB4K/HPB (Fig. 2.8c). The above results
suggested that the PPT can reproduce the increasing rate of extreme precipitation of the d4PDF
results can be used to estimate an extended RP. Taking a bias correction method [39] [40], the

PPT datasets could estimate the extreme precipitation statistics with its absolute values.

2.3.4 Spatial and Temporal Correlation

The precipitation distribution by PPT corresponding to the analog based on SLP is the
sum of four independent precipitation events is, so that it is not always natural for the precipitation
to have a spatial correlation. We here confirm that the precipitation distribution generated by the

PPT is has a reasonable spatial correlation.

The one-point spatial correlations of precipitation relative to Tokyo are shown in Fig.
2.9. The spatial correlation coefficients were higher around Tokyo, which suggested that the PPT

successfully produced the spatial dependence in precipitation. The precipitation on the Sea of
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Japan side has a smaller correlation coefficient, because it is mostly caused by different
mechanism from the Pacific side [41]. The PPT can provide extreme precipitation with
maintaining its spatial correlation whereas a stochastic weather generator cannot maintain spatial

correlation.

The temporal correlation is given by the lag correlation in Fig. 2.10. In general, the
observed precipitation had a short memory of less than 1 day and the d4PDF's results are similar.
On the other hand, the PPT results showed a memory of about 2 days, and this trend was similar
as the previous study [8], which showed no improvement even if the large number of ensemble

data of d4PDF was used.

2.4,  Summary and Discussion

We have used the model of the SLP emulator and the PPT and input the large ensemble
climate change dataset of d4PDF to generate 10,000-year precipitation data for current and future
climates. Our developed model using d4PDF data successfully reproduced climatology. The PPT
underestimated the extreme precipitation probably due to the smoothing effect of summing up the
analog ensembles. The PPT provided a consistent ratio of warming climate result to present
climate result with the d4PDF data. Moreover, the statistics in PPT was more stable in a longer
RP than 500 years. The results suggested that the PPT can reproduce the increasing rate of extreme

precipitation of the d4PDF results as well as can extend the RP.

For the future risk analysis, a high-resolution model with 5 km or finer have been
recently released [42]. Though such a high resolution is highly effective in capturing mesoscale

rainfall phenomena, the computation burden limited the data length to few hundred years. The
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dataset has an insufficient length of samples to estimate an extreme precipitation statistic such as
RP1000 or longer. Our model is expected to replicate high-resolution future climate projection

with a sufficient data length.

The results of this research will enable the creation of a very long-term spatiotemporal
precipitation distribution dataset for the present and future climate. By combining this dataset
with precipitation-runoff-inundation models, it is also possible to obtain very long-term flood
discharge and inundation datasets for each water system in Japan. It is also expected to be applied
to stochastic flood risk assessment considering simultaneous heavy rainfall in disaster risk

modeling.
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Fig. 2.1 lllustration of the usage of the SLP emulator and PPT. The input data is d4PDF SLP data
(upper left) and d4PDF precipitation data (lower left) and the output data is precipitation data

by PPT (lower right).
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Climatological sea level pressure in JJA
(a) SLP emulator (HPB) (b) d4PDF (HPB)
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Fig. 2.2 (a,b) Climatological SLP in June-July-August (JJA) months with the contour interval
being 2 hPa for (a) SLP emulator and (b) d4PDF in historical simulation HPB. (c,d) Same

as (a,b) but for +4K simulation HFB4K.
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Climatological monthly precipitation in JJA
(a) PPT (HPB) (b) d4PDF (HPB)
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Fig. 2.3 (a,b) Climatological monthly precipitation in JJA (mm) with the color shading as per the
reference in the right for (a) SLP emulator and (b) d4PDF in HPB. (c,d) Same as (a,b) but

for HFB4K.
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Coefficient of variance of daily precipitation
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Fig. 2.4 (a,b) Coefficient of variance of daily precipitation for (a) PPT and (b) d4PDF in HPB.
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Annual maximum daily precipitation in RP100

(a) PPT (HPB) (b) d4PDF (HPB) (mm)
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Fig. 2.5 (a,b) Annual maximum daily precipitation in the return period (RP) of 100 years for (a)

PPT and (b) d4PDF in HPB. Same as (a,b), but for HFB4K.

25



Increasing rate of RP100 precipitation
(a) PPT (b) d4PDF (%)

40°N

Fig. 2.6 (a,b) The increasing rate (%) of RP100 precipitation in HPB to that in HFB4K for (a)

PPT and (b) d4PDF, as per the reference in the right.
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Fig. 2.7 (a,b,c,d) Annual maximum daily precipitation as a function of RP at (a) Sapporo, (b)
Tokyo, (¢) Fukuoka, (d) Naha for (blue) HPB, (green) HFB2K, and (red) HFB4K. Solid and

dotted lines denote the results of PPT and d4PDF, respectively.
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Figs.2.8 (a,b,c,d) Ratio of (green) HFB2K and (red) HFB4K to HPB of annual maximum daily
precipitation as a function of RP at (a) Sapporo, (b) Tokyo, (c) Fukuoka, and (d) Naha. Solid

and dotted lines denote the results of PPT and d4PDF, respectively.
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Fig. 2.9 (a,b) Correlation coefficients of daily precipitation relative to Tokyo. HFB4K for (a) PPT

and (b) d4PDF.
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Fig. 2.10 The lag autocorrelation of daily precipitation of the (blue) HPB, (green) HFB2K, and

(red) HFB4K. Solid and dotted lines denote the results of PPT and d4PDF, respectively.
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Chapter 3. Flood risk evaluation for Japanese class-A rivers

3.1. Introduction

In recent years, there has been a series of severe damages caused by large-scale floods.
We can raise Japanese examples of persistent heavy rainfall in western Japan in July 2018 and
torrential rainfall in eastern Japan associated with Typhoon Hagibis in 2019. These events
enhanced interests and concerns of public and private sectors about flood risk assessment in Japan.
However, as stated in General Introduction, PRA applied to flooding risk requires a large amount
of rainfall and hydrological data. Recently, the release of d4PDF with O(1000 year) length seems
to be a clue to resolving this issue. In fact, many attempts have been done for flood risk assessment

by d4PDF in Japan, mostly by inputting the downscaled rainfall data to a hydrological model.

[22] analyzed the future changes in flood discharge by this manner for three rivers in
Japan, Arakawa River through Tokyo metropolitan area, Shonai River in Yamagata Prefecture,
and Yodo River in Shiga to Osaka Prefectures. [43] analyzed the future changes in flood risk
throughout Japan by inputting the runoff generation data of d4PDF into a river flood model CaMa-
Flood. [44] constructed a distributed rain-runoff model for all class-A river systems in Japan,
including the river flow adjustment by dam controls. They calculated the annual maximum peak
flow for the rivers and analyzed the future changes in river flow by inputting annual maximum
precipitation events obtained from the downscaled precipitation data of d4PDF. Despite the recent
advancement of PRA for flooding in Japan shown above, since the number of ensembles in d4PDF
is limited to a few thousand years at most, the data length is still insufficient to meet the demand
of the non-life insurance sector. Although [45] discussed the simultaneous occurrence probability

of floods in multiple rivers, increasing the number of ensembles remains a challenge for the future.
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This chapter aims to generate a large amount of river flow ensemble data, which enables
us to discuss flood risk corresponding to the ultra-low frequent events for 109 class-A rivers in
Japan (Table 3.1, Fig. 3.1). Specifically, a large amount of flow data is generated by inputting the
rainfall data generated by the probabilistic rainfall model constructed in Chapter 2 into the
distributed rain-runoff model. The rest of this chapter is organized as follows: Section 3.2
describes the bias correction made to the rainfall data computed in Chapter 2; Section 3.3 provides
an overview of the runoff model used to compute the flows; Section 3.4 provides the results of

the computed flows and a discussion of the results.

3.2. Bias correction
3.2.1. Quantile mapping

This section describes bias correction of rainfall data. Bias correction is generally made
to mitigate systematic bias in the model by comparing model output with observation data.
Among various methods that have been proposed [46], we chose quantile mapping, one of the
most general methods in bias correction for rainfall. In the quantile mapping, a correction factor
was determined by the ratio of model data to observed data for the same RP (Fig. 3.2). It is
worthwhile remarked that this study coped with several tens of thousands of years of model
rainfall data. The number of years is much larger than observation records of rainfall with its
length spanning at most several decades. A correction factor for the RP exceeding the limitation
of observation was estimated by an extrapolation of a fitting function in quantile mapping. It
should be cared that this treatment possibly brought the large uncertainty particularly for
extremely long RPs beyond the observation limitation (Fig. 3.3a).

In this study, the simulated rainfall data were first divided into 50-year segments, and
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an RP curve for annual-maximum daily precipitation is created for each segment, as described in
[47]. We then computed the median of annual-maximum daily precipitation based on all RP
curves. The ratio to the observed precipitation in the quantile map is identified as the bias
correction factor. The bias correction can be made by multiplying simulated rainfall in each
segment by the correction factor. This method provides the way to mitigate the problem in the
bias correction for the number of simulated data with longer length than observation record (Fig.

3.3b).

3.2.2. Grid transformation

The simulated rainfall data were arranged by 0.2-degree mesh covering land areas over
Japan. However, bias correction should be performed for a different grid system of the watershed
mesh data provided by the Ministry of Land, Infrastructure, Transport and Tourism (MLIT). In
the watershed mesh data, the central points of the watershed mesh and inland water classification
mesh included in each mesh describing watersheds belonging to each tertiary mesh 1/10
subdivision (100-m mesh) are counted, and then the area of the mesh included in each water
system A is measured, where s = 1, 2, ..., 109 is water system classification. The rainfall for
each water system category, P, is the weighting average over the model grid-points inside of the

category as follows,

Py = Z PmAm / Z A, (3.1)

where p,, is rainfall at a model grid-point m. The daily rainfall for each water system category
was obtained by the sum of four 6-hour rainfalls in a particular day, and then the annual-maximum

daily rainfall can be extracted.
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The annual-maximum daily rainfall for each water system category is used to generate
a RP curve. The annual-maximum daily rainfall data are divided into groups with the same data
length of 50 years and sorted in the descending order within each group. The median value was
calculated to create a RP curve of daily rainfall for each water system category, and the RP was

estimated as

N+1
RP = . (3.2)

Here N = 50 is the number of years in each group, and i = 1, 2, 3, ..., N denotes the descending
rank.

Next, the observed rainfall data are processed. The monthly maximum daily rainfall
from January 1970 to December 2019 at stations nationwide is obtained, and the simple average
is taken for each water system category to which it belongs. From this, the annual-maximum daily
rainfall is extracted and sorted in the descending order, and the RP is given using the Weibull
formula in Eq. (3.2), where N is the number of years in which at least one monthly maximum
daily rainfall was obtained. This enabled us to create a reproduction period curve for daily rainfall
for each water system category.

Finally, correction factors are determined as the ratio of the median value of simulation
rainfall to the observed rainfall for the same RP. The corrected data are created by multiplying the
correction factor with the original data for each group. The corrected annual-maximum daily
rainfall for all groups is then sorted in the descending order, and the RP is given again using Eq.
(3.2). An RP curve of corrected daily rainfall for each water system and inland water category

was obtained in this manner.
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3.3.  Runoff discharge calculations

This section overviews the distributed rainfall-runoff model that we used. It was the
kinematic wave model 1K-DHM, developed by the Department of Social Infrastructure
Engineering, Graduate School of Engineering, Kyoto University [48]. This model divides the
watershed into grid cells with a latitude-longitude grid of 30 seconds (approximately 1 km) and
calculates flood flow from upstream to downstream by specifying flow directions between cells
(Figs. 3.4, 3.5). Rainwater flow on each cell is composed of slope elements and channel elements.
In the slope elements, the outflow to the channel is calculated and is then transferred as lateral
inflow to the channel elements. The river flow at the downstream end of the channel element
becomes the flow for that cell. In the slope elements, the following continuity equation (3.3) and

momentum equation (3.4) are solved to calculate the outflow (Fig. 3.6).

oh dq

T S 3.3
5t + piall where (3.3)
h B
deke (d_c) ! (O<h<d)
q= dokgi+ (h — do)k,i d, <h<d,). (3.4)
Vi (dqg<h)

n_(h —d )™+ (h—dkgi +d ki
S

Here, r represents rainfall intensity, /# denotes the water depth of overland flow, d, corresponds
to the water depth associated with the matrix portion of the top soil layer, d, represents the water
depth related to the large void portion within the top soil layer, k. signifies the saturated hydraulic
conductivity of the matrix portion, and f is a parameter indicating the attenuation due to the

degree of unsaturation of the hydraulic conductivity. The unsaturated hydraulic conductivity of

B
the matrix portion is denoted by k., (di) . Additionally, using [, we established a relationship
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between the saturated hydraulic conductivity of the large void portion k, and that of the matrix
portion k. as k, = k.. n; represents Manning’s roughness coefficient, and i denotes the
slope gradient. The value of m = 3/5 can be determined from Manning’s formula.

For the channel element, the following continuity and kinematic equations are solved to

calculate the river flow Q (Fig. 3.6).

9A 90

il 3.5

5t + Tx q,and (3.5)
Vi

Q= BZ/3Ter ) (36)

where A is the cross-sectional area of the channel, n, is the roughness coefficient of the channel,
and B is the channel width. The six model parameters to be identified are ng, d., d4, k., [,
and n,.

In watersheds where dams exist, the following dam model is also applied in the cell

where the dam is located to calculate the discharge Q'(t) from the cell.

1(t) (1) < Qf)

’ 3.7
Qs (I(t) = Qf and S, < S5, — S1.) (3.7)

Q'(t) ={

where I(t) is the inflow at time t, Sg, is the effective storage volume, Sy is the
flood stage storage capacity, and Qf is the starting flood control flow rate. When the inflow
exceeds the flood control start flow, the discharge is limited to the flood control start flow Q.
When the storage volume exceeds the flood storage capacity, the inflow is again released. The
above discharge method is called the constant volume discharge method. Despite that it is not the
unique way, the constant discharge method was adopted here as used in many dams in Japan as a

reasonable approximation. In this study, rainfall data generated in Chapter 2 and the differing
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temporal and spatial resolutions inherent to 1kDHM were adjusted accordingly. The temporal
resolution of IkDHM is 1 hour with a spatial resolution of 1 km. In contrast, the output from PPT,
used as input, has a temporal resolution of 6 hours and a spatial resolution of 20 km. Therefore,
for temporal resolution, the average hourly precipitation from PPT's output, calculated over 6
hours, was input into 1kDHM. For spatial resolution, in 1kDHM, rainfall data for each

computational grid (1 km) were input using the data from the nearest grid [49].

3.4. Results
3.4.1. Annual-maximum daily precipitation

As described before, the rainfall-runoff model experiment will be performed for annual-
maximum daily precipitation after bias correction. The bias correction effectively worked even in
a massive amount of precipitation data that we obtained in Chapter 2. We now showed an example
in the case of Arakawa River (Fig. 3.7). Following the procedure introduced in Section 3.2, we
prepared 2,000 segments of 50-year precipitation data and drew 2,000 RP curves based on the
annual-maximum daily precipitations. The bias correction factor was determined by the ratio of
the median of simulated curves to the observation curve for each rank from 1 to 50. We multiply
simulated precipitation data in each 50-year segment by the bias correction factor. It is certain that
the RP curve of bias-corrected data was reasonably fit with the observation curve in the 50-year
RP. This practically provided the RP curve in the part exceeding 50 years. We made sure the
simulated data was well fit with the observed data for all 109 class-A rivers (not shown). The bias
correction was also made for the precipitation data not only of historical experiment but of 2K
and 4K experiments by the same bias correction factor, which is an important preprocessing for

the risk increase due to climate change based on the PRA in flooding. Before demonstrating the
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precipitation and hydrological change due to climate change, we will check that the precipitation
data generated by our probabilistic model was consistent with the previous study [38]. We
followed the classification of Japanese territory of northern/southern Hokkaido, western/eastern
Tohoku, Kanto, Hokuriku, Chubu, Kinki, Kii, San’in, Setouchi, western Chugoku, southern
Shikoku, and northwestern/southeastern Kyushu. The ratio of 2K experiment to historical
experiment (Fig. 3.8) almost ranged between 1.1 and 1.2. The results are in a general agreement
with [38] with a slight overestimation in central to western Honshu Island and slight
underestimation in Hokkaido and Shikoku.

The annual-maximum daily precipitation was generally large in a warm climate. For
example, the 100-year RP is about 150 mm in Ishikari River, Hokkaido (Fig. 3.9a) and is about
300 mm in Arakawa, Yodo, and Chikugo Rivers (Figs. 3.9b,c,d). Our probabilistic approach
provided the RP of 1000 years and longer. It is just our finding that the 10,000-year RP exceeds
200 mm in Ishikari River, around 500 mm in Arakawa and Yodo Rivers, and about 400 mm in
Chikugo River. The increase in global temperature generally enhanced the heavy precipitation
hazard and the RP curves showed larger annual-maximum daily precipitations. For example,
Ishikari River has 10,000-year RP at approximately 400 mm in 4K experiment, comparable to
that in Chikugo River under the historical experiment (Figs. 3.9a,d). The Chikugo River moreover
showed it at approximately 700 mm in 4K experiment (Fig. 3.9d). Compared with these two rivers,
the increase is not so prominent in Arakawa and Yodo River (Figs. 3.9b,c). It is ~ 600 mm in
Arakawa River (Fig. 3.9b) and ~ 500 mm in Yodo River (Fig. 3.9¢). The 2K experiment results is
almost an intermediate between historical and 4K experiments.

These characteristics can be representative of Hokkaido, Kanto, Kinki and Kyushu

regions, which can be seen in the increasing ratio of precipitation amount for the 100-year RP in
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109 class-A rivers (Fig. 3.10). Most of class-A rivers in Hokkaido exhibited the ratio ~1.2 for 2K
experiment and 1.4-1.5 for 4K experiment. The ratio is almost comparable in most of class-A
rivers in Tohoku, Kanto and Chubu districts, but the ratio for 4K experiment seemed slightly less
than in Hokkaido. In contrast, the ratio is ~1.0 to 1.1 for 2K experiment and ~1.2 to 1.3 for 4K

experiment in western Japan.

3.4.2. Peak discharge

Inputting the annual-maximum daily precipitation data obtained from our probabilistic
model, the hydrological model output the river discharge for historical and 4K experiment. Figure
3.11 summarizes the runoff model calculations in the flow amount as a function of the
reproduction period in Ishikari, Arakawa, Yodo, and Chikugo Rivers. Discharge calculations are
computed at a reference point in each river (Ishikari-Ohashi, Ishikari, Hokkaido for Ishikari River,
Iwabuchi in Akabane, Tokyo for Arakawa, Hirakata, Osaka for Yodo River and Arase, Ukiha,
Fukuoka for Chikugo River), and peak discharge is obtained from the maximum value of the time
series discharge.

The peak discharge for 1,000-year RP under the current climate is ~ 35,000 m%/s in
Ishikari River, ~ 6,000 m%/s in Arakawa River, ~ 12,000 m3/s in Yodo River, and ~ 7,000 m%/s in
Chikugo River, which depends on the river channel cross section. In all the rivers, climate change
with the global temperature increase by 4K augments the flow rate for any RPs. For example, the
1,000-year RP of peak discharge increased to ~52,000 m?/s in Ishikari River, ~7,500 m?/s in
Arakawa River, 13,000 m?/s in Yodo River, and 9,000 m*/s in Chikugo River.

Despite that the increasing rate depends on rivers, the results are consistent with the RP

of rainfall input to the hydrological model. Generating extremely long rainfall data with the length
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of 10,000 years enabled us to obtain the peak flow values for highly rare RPs exceeding 1,000
years. Figure 3.12 shows the increase rate of peak discharge in the comparison between historical
and 4K experiments. The increase ratio ranged between 1.1 to 1.4, consistent with the literature
[38]. In terms of the increase rate by RP for each river, the Ishikari River shows an approximately
1.4-fold increase from the 100-year RP to 2,000 years, with a slight decrease in the increase rate
for periods exceeding 5,000 years. The Arakawa River exhibits about a 1.6-fold increase at the
100-year RP, but this value generally decreases to around 1.2-fold for periods exceeding 200 years.
As for the Yodo and Chikugo Rivers, no significant tendency for the RP is observed, with increase

rates ranging from approximately 1.1 to 1.3 across all RPs.

3.5. Summary and Discussion

In this Chapter, we eventually achieved the purpose of this dissertation to generate
100,000-year rainfall and hydrological data capable of the PRA in the non-life insurance field by
the established distributed rainfall-runoff model forced by precipitation data provided by our
probabilistic rainfall model. We successfully listed up the precipitation hazard as 100-year, 1000-
year, and 10,000-year RPs for all class-A rivers in Japan (e.g. Fig. 3.10), and this information
should be the basis of the hydrological estimation. The peak discharge amount, a kind of metrics
to evaluate potential flooding, was estimated by the hydrological model. The annual-maximum
daily precipitation produced by our probabilistic model enabled us to estimate the RP at 1,000-
year and longer. As shown in the Ishikari, Arakawa, Yodo, and Chikugo Rivers, the climate change
with global-mean temperature increases by 4K increased the peak discharge by 1.1 to 1.4 times

(Fig. 3.11). It was also found that the increase ratio depends on the RP in some case (Fig. 3.12).

It should be noted that there are uncertainties associated with calculating bias correction
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factors. The method used in this study involves correcting rainfall data between observed data
from the past 50 years and simulated data. However, discussing appropriate correction factors for
extreme RPs beyond the observed period remains challenging. Additionally, various bias
correction methods have been proposed [46], leading to differences in the results. These

uncertainties may impact the runoff calculation results.

The quantile mapping used in this study largely depends on the distribution
characteristics of the data. For example, it is significantly influenced by the uncertainty of outliers
and low-frequency values [46]. To address these issues and discuss the uncertainty of the model,
it is necessary to compare the results of multiple bias correction methods and evaluate the

robustness of the results in future.

It also should be noted that, as described in Section 3.3, the resolution of the rainfall
data generated by the probabilistic rainfall model is 6 hours and 20 km. The spatiotemporal
resolution of rainfall data in flood runoff calculations largely depends on the catchment area and
runoff timescale of the river in question. In general, the finer the resolution becomes, the better
the accuracy is. As stated in [50] [51] when estimating river flow in Japan, it is desirable for the
spatial resolution to be less than 20 km. Therefore, the calculation results of PPT have a somewhat

coarse resolution, which can introduce uncertainty into the runoff calculation results.

To address this issue, usage of the finer resolution rainfall data would be a solution.
Currently, in the Japan Meteorological Agency [52] large-scale ensemble rainfall data with a
resolution of 5 km are being prepared and published. Although such data may not cover a large
number of sample years, they excel in spatial and temporal resolution and have the potential to

resolve the uncertainty in this study.
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Table 3.1 List of class-A rivers in Japan.

# River name District Catchment | Reference Point
area (km?)
1 Teshio River Hokkaido 5,590 Pompira
2 Shokotsu River Hokkaido 1,240 Kamishokotsu
3 Yubetsu River Hokkaido 1,480 Kaisei
4 Tokoro River Hokkaido 1,930 Kitami
5 Abashiri River Hokkaido 1,380 Bihoro
6 Rumoi River Hokkaido 270 Owada
7 Ishikari River Hokkaido 14,330 Ishikariohashi
8 Shiribetsu River Hokkaido 1,640 Nakoma
9 Shiribeshi-Toshibetsu | Hokkaido 720
River Imakane
10 Mukawa River Hokkaido 1,270 Mukawa
11 Saru River Hokkaido 1,350 Biratori
12 Tokachi River Hokkaido 9,010 Moiwa
13 Kushiro River Hokkaido 2,510 Shibecha
14 Iwaki River Tohoku 2,540 Goshogawara
15 Takase River Tohoku 867 Uwano (Ogawarako)
16 Mabuchi River Tohoku 2050 Ohashi
17 Kitakami River Tohoku 10,150 Goshodamu (Kosenji)
18 Naruse River Tohoku 1,133 Sambongi
19 Natori River Tohoku 939 Natoribashi
20 Abukuma River Tohoku 5,390 Iwanuma
21 Yoneshiro River Tohoku 4,100 Futatsui
22 Omono River Tohoku 4,710 Tsubakikawa
23 Koyoshi River Tohoku 1,190 Todoroki
24 Mogami River Tohoku 7,040 Ryoubashi
25 Akagawa River Tohoku 857 Kumaide
26 Kuji River Kanto 1,490 Yamagata
27 Naka River Kanto 3,270 Noguchi
28 Tone River Kanto 16,840 Yattajima
29 Arakawa River Kanto 2,940 Yorii
30 Tama River Kanto 1,240 Ishihara
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31 Tsurumi River Kanto 235 Kamenoko (Sueyoshibashi)
32 Sagami River Kanto 1,680 Sagamiohashi

33 Fuji River Chubu 3,990 Kitamatsuno

34 Arakawa River Chubu 1,150 Hanadate

35 Agano River Chubu 7,710 Maoroshi

36 Shinano River Chubu 11,900 Ojiya

37 Seki River Chubu 1,140 Takata

38 Hime River Chubu 722 Yamamoto

39 Kurobe River Chubu 677 Unazukidamu (Aimoto)
40 Joganji River Chubu 368 Kameiwa

41 Jinzu River Chubu 2,720 Jinzuohashi

42 Sho River Chubu 1,180 Ogami

43 Oyabe River Chubu 682 Tsuzawa

44 Tedori River Chubu 809 Tsurugi

45 Kakehashi River Chubu 271 Komatsuohashi

46 Kano River Chubu 852 Ohito

47 Abe River Chubu 567 Tegoshi

48 Oi River Chubu 1,280 Kanza

49 Kiku River Chubu 158 Kamo (Kuniyasu)
50 Tenryu River Chubu 5,090 Kajima

51 Toyo River Chubu 724 Ishida

52 Yahagi River Chubu 1,830 Iwazu

53 Shonai River Chubu 1,010 Biwajima

54 Kiso River Chubu 5,275 Inuyama

55 Suzuka River Kinki 323 Takaoka

56 Kumozu River Kinki 550 Kumozubashi

57 Kushida River Kinki 436 Ryogun (Ryogumbashi)
58 Miya River Kinki 920 Iwade

59 Yura River Kinki 1,882 Ayabe

60 Yodo River Kinki 8,240 Hirakata

61 Yamato River Kinki 1,070 Kashiwara

62 Maruyama River Kinki 1,300 Tachino

63 Kako River Kinki 1,730 Oshima

64 Ibo River Kinki 810 Tatsuno
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65 Kino River Kinki 1,660 Funato

66 Shingu River Kinki 2,360 Oga

67 Kuzuryu River Kinki 2,930 Nakatsuno(Fuseda)

68 Kita River Kinki 210.2 Takatsuka

69 Chiyo River Chugoku 1,190 Gyotoku

70 Tenjin River Chugoku 490 Koda

71 Hino River Chugoku 870 Kuzumo

72 Hii River Chugoku 2,540 Kamishima

73 Gono River Chugoku 3,900 Kawamoto (Gotsu)

74 Takatsu River Chugoku 1,090 Takatsuno

75 Yoshii River Chugoku 2,110 Tsuyama (Iwato)

76 Asahi River Chugoku 1,810 Shimomaki

77 Takahashi River Chugoku 2,670 Sakazu (Funao)

78 Ashida River Chugoku 870 Yamate

79 Ota River Chugoku 1,710 Nakano (Kumura)

80 Oze River Chugoku 340 Yasakadamu(Ryogokubashi)
81 Saba River Chugoku 423 Shimbashi

82 Yoshino River Shikoku 3,750 Iwazu

83 Naka River Shikoku 874 Furusho

84 Doki River Shikoku 140 Haraikawabashi

85 Shigenobu River Shikoku 445 Deai

86 Hiji River Shikoku 1,210 Ozu

87 Monobe River Shikoku 508 Fukabuchi

88 Niyodo River Shikoku 1,560 Ino

89 Watari River Shikoku 2,186 Gudo

90 Onga River Kyushu 1,026 Hinodebashi

91 Yamakuni River Kyushu 540 Shimotobaru

92 Chikugo River Kyushu 2,860 Arase

93 Yabe River Kyushu 620 Funagoya

94 Matsuura River Kyushu 341 Mutabe (Matsurabashi)
95 Rokkaku River Kyushu 341 Mizonokami (Suminoebashi)
96 Kase River Kyushu 368 Ikemori (Kanjimbashi)
97 Honmyo River Kyushu 249 Urayama

98 Kikuchi River Kyushu 996 Tamana
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99 Shira River Kyushu 480 Myokembashi (Yotsugibashi)
100 Midori River Kyushu 1,213 Jonan

101 Kuma River Kyushu 1,880 Hitoyoshi (Yokoishi)
102 Oita River Kyushu 650 Funaiohashi

103 Ono River Kyushu 1,465 Shiratakibashi

104 Banjo River Kyushu 464 Banjoohashi

105 Gokase River Kyushu 1,820 Miwa

106 | Komaru River Kyushu 474 Omaruohashi (Takajo)
107 Oyodo River Kyushu 2,230 Kashiwada

108 Sendai River Kyushu 1,573 Kamimasaki (Sendai)
109 Kimotsuki River Kyushu 485 Matase
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Fig. 3.1 Geographical map of Japan with emphasizing 109 class-A rivers (See Table 3.1 for the
number) with thin lines indicating tributary. We modified the website at Ministry of Land,

Infrastructure, Transport and Tourism of [53].
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Fig. 3.2 lllustration of quantile mapping bias correction method applied to rainfall data.
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Fig. 3.3 (a; blue line) The quantile mapping with all simulated rainfall data making a single RP
curve versus (red dot) the observation. (b; gray lines) The quantile mapping with a set of
segments for simulated rainfall data making multiple RP curves versus (red dots) the

observation. Blue line denotes the median of the curves.
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Catchment modeling using DEMs

NN

R " 4rd

Fig. 3.4 lllustration of a downgradient direction in the model cell in a catchment area. Materials

received from Dr. Tomohiro Tanaka, Kyoto University.

Hydrologic Flow Routing Model
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Water flow from é Kz

each slope W [seepage]

Fig. 3.5 (Left) lustration of hydrologic flow routing model. (Right bottom) Illustration for the

water flow dynamics and mass balance in a cell shown in the center schematics. Materials

received from Dr. Tomohiro Tanaka, Kyoto University.
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Kinematic Wave Model
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Fig. 3.6 A conceptual diagram of kinematic wave model in a slope element. Materials received

from Dr. Tomohiro Tanaka, Kyoto University.
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Fig. 3.7 RP curves as a function of annual-maximum daily precipitation (mm) for Arakawa River.
Green line denotes the median of (gray lines) a bundle of 50-year segment data obtained by
our probabilistic model. Blue line denotes the bias corrected data by (dots) observed

precipitation data.
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. 3.9 Annual maximum daily precipitation (mm) as a function of RP (year) for (a) Ishikari, (b)
Arakawa, (¢) Yodo, and (d) Chikugo Rivers. Blue, yellow, and red lines respectively denote

the results for historical, 2K, and 4K experiments.
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experiment and right is 4K relative to historical experiment.
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Fig. 3.12 The increase rate of peak discharge between historical and 4K experiments for (blue)

Ishikari, (orange) Arakawa, (gray) Yodo, and (yellow) Chikugo Rivers.
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Chapter 4.  General Summary

The goal of this dissertation was to obtain precipitation and river flow with extremely
low probability from a large ensemble data as an output of a sequence of use of three models: SLP
emulator, pressure-precipitation transmitter, and distributed rainfall-runoff model. An appropriate
bias correction was made before inputting precipitation data into the latest model.

In Chapter 2, a probabilistic meteorological model was constructed following [8] with
a reference dataset of the large-scale ensemble dataset d4PDF. We here demonstrated the ability
to generate tens of thousands of years of rainfall data. The statistical analysis of the generated
rainfall data enabled us to estimate precipitation for highly rare events ranging from hundreds to
thousands of years in the RP. Moreover, based on datasets of global warming experiments, an
extremely large ensemble rainfall data was generated in the future climate conditions.

In Chapter 3, the generated rainfall data from Chapter 2 were bias-corrected and input
into a distributed rainfall-runoff model targeting the primary water systems nationwide to
calculate flow rates, resulting in the computation of extremely large flow rate data. Similar to the
rainfall data, the statistical analysis enabled us to estimate peak flow rates for highly rare events.

Using the rainfall and river flow data generated in this study, it becomes possible to
calculate flood risks corresponding to highly rare events by, for example, calculating the damage
cost due to floods. The results can be utilized in various aspects of natural disaster risk
management in the industry, such as estimating the required capital size for huge disasters for
insurance companies and estimating economic losses for general business companies considering

climate change.
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Appendix A. Sea Level Pressure emulator

This section describes the construction of the SLP emulator. The SLP emulator is built
following the methodologies outlined in [8] and [35]. As the first step in constructing the SLP
emulator, the empirical orthogonal function (EOF) patterns of daily SLP anomalies from d4PDF
were computed. The SLP anomaly data can be accurately reconstructed using the 1000 leading
modes of the EOF decomposition, which explain 99.9% of the variance in the SLP anomalies.

Next, for the time series scores of each decomposed mode, a three-level vector

autoregression model is constructed for each month, described as

ds =A0s+el® | (A1)
de®W = AW[e® 5]+ e®  and (A2)
de® = A@[e® e 5] +e® | (A3)

where s is a 1000-dimensional vector that stores the time series scores, and e, ¢?, and e®
represent the residuals of the first, second, and third levels of the VAR model, respectively. The
left side of the equations represents the temporal change in the corresponding variables. This
three-level VAR model estimates the propagator A®, A, and A® from the time series of the
1000 modes of the principal components.

After estimating the propagator A, a 1000x1000 matrix, the residual eV was obtained
from the data. At the second level, the predictor variables are the time series scores s and the first-
level residual e, making the size of the propagation term A" 2000x1000. Similarly, the residual

e®@ can be obtained from the learning data using Eq. (2). At the third level, the predictor variables
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are the time series scores and residuals from the first and second levels. The propagation matrix
A® of size 3000x1000 was estimated. Finally, we complete the three-level VAR model.

Using the above procedure, the residual time series eV, e, and e® for each month were
obtained from the regression equations based on the time series scores. The residual time series

e® for the entire learning data period is saved as a noise library and used for calculation of SLP.
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Appendix B. Pressure-precipitation transmitter (PPT)

This section describes the construction of the PPT. The PPT is built following the
methodologies outlined in [35]. First, a daily SLP time series was obtained by the simulation
by the SLP emulator (Section 2.2 and Appendix A). The output forms the vector in the
space spanned by 1000 EOF modes, and then we created the SLP data by a spatial
reconstruction. It is noted that the original output with a daily interval were temporally
interpolated to 6-h time intervals.

Next, the SVD analysis truncated at mode K was conducted independently for each
month to identify a spatial pattern that exhibits a high correlation between precipitation and three
consecutive SLP snapshots. A set of three temporally adjacent SLP anomalies p, was

decomposed into the left singular vectors {uq, u,, ..., ug} normalized as

K

ra(® = ) a(®) w, (B1)

k=1

where
Da,1(t — 6h)

Pa,i(t — 6h)

Pa1(t)

rq(t) = : , (B2)
Pa,(t)

Pa,(t + 6h)

D, (t + 6h)

just lumping the three consecutive SLP snhapshots together, and I is the total number of grid-
points in a single SLP snapshot. The precipitation anomaly, P,, was also decomposed into the

right singular vectors {vq,v,, ..., v} normalized as
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K
Ra(0) = ) be(® v, (83)
k=1

where

2,1 ()
R,()=| | (B4)
Py, (®)
and J is the total number of grid-points in a single precipitation snapshot.
In the third step, by searching the SLP data in the d4PDF, we identify the N’s closest
neighbors at t;, t,, .., ty to the SLP emulator output around a particular time t,, by

calculating the total square difference over the target area. The first guess of precipitation at ¢,

is the geometric mean of the learning precipitation data, P,(&,t), over the set of times as,

N
—_ 1
PrE t) =+ ) InPa(Ety) (85)
n=1

whereas the corresponding SLP is the arithmetic mean of the three adjacent SLP snapshots as

f)\f’(f' to — 6h) 1 N /pa(§ t, — 6h)
ﬁf(fl tO) == Pa (E' tn) . (BB)
pr (&, to + 6h) n=1 \pq (&, t, + 6h)

The discrepancy between the original SLP emulator output and the aforementioned first guess is

discretized and forms the 3I-dimensional vector of
pf1(to — 6h) — pr1(ty — 6h)

ps1(to — 6h) — pr;(ty — 6h)
Pra(to) — Pra(to)

ry(te) = N ®7)

pr1(to) — Pri(to)

pr1(to + 6h) — pr; (o + 6h)

psi(to + 6h) — pr;(¢o + 6h)
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The orthonormality of the left SVD vectors allows us to find the coefficients corresponding to
r}(t) as

aj, = T} (to) uf. (88)
The precipitation anomaly correlated with the difference between original SLP emulator output
and the first guess is hence given as

R} (to) = EK: a, T j f bR dr/ f a2(r) dr, (B9)

k=1

which can be reconstructed as P]i (& to).

The PPT ultimately offers the precipitation estimate corresponding to the SLP emulator

output, pr(§,to), as the sum of the AnEn’s first guess and the SVD correction: The final product
is then written as

P (& to) = Pr(&,to) + Pr (&, to). (B10)
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