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Abstract

Impact-based forecasts provide information on exposure, vulnerability, and risk, which
are essential for quantifying risks and facilitating timely evacuation. For small- and
medium-sized rivers, accurate deterministic flood forecasting more than three hours in
advance is quite difficult owing to forecast errors in the location and intensity of
precipitation systems. Operational weather forecasting services employ ensemble
prediction systems for early flood warning, although the number of ensemble members is
limited to a few dozen. From the perspective of probability prediction with minimized
sampling errors, increasing the number of ensemble members for flood forecasting is an
important research topic. This study investigated the impacts of the number of ensemble
members on flood prediction. The precipitation dataset was 100 and 1000-member local
ensemble transform Kalman filter (LETKF100 and LETKF1000, respectively) and 21-
member operational weather forecast (MEPS). The flood forecasting model was the
Japan Meteorological Agency’s (JMA) operational flood forecasting system, "Runoff Index
Model (RIM)", which incorporates a tank model and the Manning equation. The case study
was the extreme flooding caused by record-breaking rainfall in the Kuma River Basin
(1880 km?), Japan, that occurred in July 2020. Using LETKF1000, the RIM successfully
forecasted a high flood risk in the flood damaged area, with a probability of 60% half a

day ahead; six hours earlier than the JMA's operational flood forecast. Furthermore, we
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investigated the number of members required for ensemble flood forecasting. The

prediction accuracy for the occurrence of risks during the flood forecasting period was

similar between LETKF1000 and LETKF100. Whereas, LETKF1000 has higher prediction

accuracy than LETKF100 regarding the timing of flood peaks. When selecting 500

members from the initial 1000 members, results nearly identical to those from the 1000

members were obtained. These results demonstrate that the LETKF1000 has the

potential to provide valuable information for facilitating early evacuation.

Keywords ensemble forecast; flood risk; ensemble flood forecast; impact-based forecast
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Introduction

The accuracy of weather forecasts provided by weather bureaus have improved in

recent years owing to significant advances in numerical weather prediction (NWP)

systems and supercomputing. However, losses and damage caused by floods have also

been increasing (UNESCO, UN-Water 2020, JMA 2021). One of the reasons is that many

weather bureaus issue flood warnings based solely on rainfall amounts. They

occasionally fail to issue appropriate flood warnings because they do not consider

hydrological processes such as water level forecasts. To address this issue, the WMO

(2015, 2019) has proposed a three-step strategy: "weather forecasts and warnings,"

"impact-based forecasts and warnings (IBFW)," and "impact forecasts and warnings." The

first step involves only weather forecasts, whereas the second step incorporates

meteorological and hydrological processes and forecasts flood risk. The first and second

steps are the responsibilities of national governments, whereas the third step is the

responsibility of local governments, citizens, and businesses, where the actions are based

on IBFW, such as closing schools, providing evacuation announcements, opening

shelters, and stopping public transportation.

As shown by WMO, in flood forecasting, the collaboration between meteorological and

hydrological models is vital. NWP models predict the amount of precipitation and rainfall

location. Using these data, hydrological models predict whether rainfall will cause flooding.

One difficulty in flood forecasting is that many river basins are much smaller than that of
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NWP model grid. Even small errors in predicting the locations and amounts of rainfall in

NWP models can lead to significant errors in flood forecasting. In particular, small and

medium-sized rivers tend to be strongly affected by these errors. Since it is difficult to

accurately predict heavy rainfall with deterministic forecasting, many advanced weather

bureaus have implemented ensemble weather forecasting.

Recent advances in high-performance supercomputers in Japan have led to

breakthroughs in Meso-/Micro-scale meteorological studies using numerical weather

prediction models (Saito et al, 2023). Significant improvements in data assimilation

techniques have improved the forecasting skills of NWP (e.g., Kawabata et al. 2011, Kunii

et al. 2016, |kuta et al. 2020, Duc et al. 2021). Some studies conducted extensive

ensemble forecasts in research on the development of supercomputers (Kunii 2014; Duc

and Saito 2017; Kawabata and Ueno 2020; Neckar et al. 2020; Duc et al. 2021; Terasaki

and Miyoshi 2022). These studies showed that using a large number of ensemble

members improved the precipitation forecast skills by using different models and model

resolutions at the mesoscale. Kunii (2014) evaluated the influence of sampling noise on

the background error covariance estimated from a 1000-member ensemble forecast and

found that a larger ensemble size reduced the sampling error. Necker et al. (2020)

performed the first convective-scale 1,000-member ensemble simulation over Central

Europe and carried out sensitivity experiments using 40, 200, and 1000 members. They

found that approximately 200 ensemble members are required to estimate the potential
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impact of precipitation forecasts and that a 1000-member ensemble can detect small-

scale traceable features in both space and time.

Two studies performed large ensemble forecasts for heavy rainfall in Kyushu, Japan,

on 4 July 2020, which was the target rainfall event in this study. Duc et al. (2021)

conducted 100- and 1000-member local ensemble transform Kalman filter (LETKF100

and LETKF1000, respectively) experiments using the 2-km resolution by using the Japan

Meteorological Agency (JMA) mesoscale model Nonhydrostatic Model (NHM; Saito et al.,

2006) with 50 members of the JMA global ensemble forecasts as the lateral boundary

conditions. Quantitative verification showed that the 1000-member forecasts

outperformed the operational forecasts of the JMA. Terasaki and Miyoshi (2022) showed

that 1024-member ensemble forecasts captured the probability of a heavy rainfall event

approximately five days before using the NICAM-LETKF system (Terasaki and Miyoshi

2017; Terasaki et al. 2019). These studies have shown that an ensemble size of 1000

members is sufficient to neglect sampling errors.

Ensemble flood forecasting has also been developed with progress in ensemble

weather forecasting (e.g., Cloke and Pappenberger 2009; Wu et al. 2020). Many studies

have conducted ensemble flood forecasting for severe disaster events using various

ensemble datasets. Those researches demonstrated that the ensemble forecasts provide

valuable information for decision-making of emergency responses (e.g., Kobayashi et al.

2016; Hanasaki et al. 2019; Sayama et al. 2020; Ma et al. 2021; Ito, T. et al. 2021; and
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Nakayama et al. 2025).

In a pioneering work on probabilistic flood forecasting using a large ensemble weather
forecast, Kobayashi et al. (2020) performed a large ensemble flood simulation with a
1600-member precipitation dataset. They demonstrated the necessity of flood forecasting
by using large-ensemble weather forecasts for emergency flood operations. They also
demonstrated the difficulty of selecting the best ensemble members. Kobayashi et al.
(2023) conducted an ensemble rainfall-runoff and inundation simulation using ensemble
precipitation data (Duc et al., 2021), which is the same dataset used in this study. They
predicted the inflow volumes of the Ichifusa Dam and the Kawabegawa Dam using MEPS,
100-member, 1000-member of rainfall data and the storage function model. The 1000-
member experiments showed the best results. Furthermore, they investigated the
accuracy of selective 100-member ensembles out of 1000 members. The results showed
that 100-member ensembles showed a similar tendency with 1000-member ensembles.

In Japan, the plains are often densely populated, making them more likely to be affected
by floods. The distribution of river basin areas in Japan is as follows: basin area (larger
than 500 km?) is approximately 5%, basin area (500-200 km?) is approximately 10%,
basin area (200-50 km?) is approximately 25%, and the basin area (smaller than 50 km?)
is approximately 60% (Japan Institute of Country-ology and Engineering, 1999).
Generally, rivers with catchment areas of smaller than 200 km? are insufficient for

monitoring floods and flood damage. Therefore, it is necessary to monitor and predict the
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flood risk in these rivers using a numerical model. The JMA has been developing the

Runoff Index Model (hereafter RIM, Tanaka et al., 2008; Ohta, 2017; Ohta and Makihara,

2018, Ohta et al. 2023), which has been in operational use since 2008. This model

predicts the risk of flooding for almost all small and medium-sized rivers (approximately

21,000 rivers) in Japan by comparing a predicted “Index” value (square root of discharge)

with an original criterion value, which indicates the risk of flooding statistically computed

from flooding events since 1991. The main difference between the RIM and other

hydrological models is that RIM does not directly predict water levels or river discharge.

RIM predicts the level of flood risk and it uses them as a basis for issuing warnings and

alerts. As mentioned earlier, IBFW aims to predict the potential impacts (risks) based on

weather forecasts. From this perspective, RIM, which predicts flood risks, can be

regarded as a model that performs IBFW.

However, the accuracy of the RIM is limited by its inability to predict risk with sufficient

lead time if weather forecasts are unreliable. Currently, the JMA operates this system

using precipitation nowcasting with radar observations and NWP outputs for 6 hours.

However, more than the 6 hours lead time is required to ensure safe evacuation. One

way to extend the lead time is to use a large ensemble dataset and quantify the risk. For

example, the 1000-member forecasts of Duc et al. (2021) showed that the accumulated

rainfall over the Kuma River was well predicted with a lead time of half a day.

This study proposed a probabilistic flood risk forecasting system using RIM and a large-
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ensemble weather forecast at a convective scale. The case study is a flood event that

occurred in Kyushu in July 2020, and which was declared as a "Designated Disaster of

Extreme Severity" flood by the Japanese government. A quasistationary convective band

(QSCB) caused this flood. Kato (2020) defined QSCBs as “band-shaped heavy rainfall

areas with a length of 50-300 km and a width of 20-50 km, produced by successively

formed and developed convective cells, lining up to organize multicell clusters, and

passing or stagnating at almost the same place for a few hours.” Meteorological disasters

associated with QSCB frequently occur in Japan (Tsuguti and Kato 2014; Hirockawa et

al. 2020a). Several studies have been conducted to understand the mechanisms and

predictability of QSCBs (e.g., Ogura 1991; Kunii 2014; Oizumi et al. 2018; Oizumi et al.

2020; Hirockawa et al. 2020b; Ito, J. et al. 2021). The forecasting skills of the QSCB have

improved in recent years. However, more observations (especially of water vapor over

the sea) and improvements in the NWP model (understanding the QSCB process from

occurrence to disappearance) are required for a more accurate forecast.

This study investigates the impacts of the number of ensemble members on flood risk

predictions. We perform a probabilistic flood risk forecast with three different ensemble

forecast datasets (Duc et al. 2021) on the actual flood event in Kyushu in July 2020. We

investigate the probabilistic flood risk for the small- and medium-sized rivers and the

Kuma River with three ensemble weather prediction systems. For statistical robustness,

we quantify the flood risk by expressing the probability of occurrence in 10% increments.
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Note that Kobayashi et al. (2023) used the same dataset and investigated uncertainties
in hydrological models using ensemble weather forecasts. In contrast, the present study
focused on the impact of the large ensemble weather forecast on the quantification of
flood risk.

The remainder of this paper is organized as follows: Section 2 describes the heavy
rainfall events in the Kuma River. The results of deterministic and ensemble predictions
by Duc et al. (2021) are also shown. Section 3 describes the RIM and the experimental
settings. Section 4 presents the results, and Section 5 presents the discussion. Finally,

the conclusions are presented in Section 6.

2. Heavy Rainfall in July 2020 at the Kuma River

On 4 July 2020, a flood occurred on the Kuma River, which is in the central-western
part of Kyushu. Figure 1a shows the location of the Kuma River Basin, and the light blue
line represents the target rivers (2,536 rivers) in the RIM. Figure 1b shows the Kuma River
Basin, where the blue line represents the Kuma River (with a basin area of 1880 km?, and
length of around 115 km). The Kuma River is one of the steepest rivers in Japan and has
experienced several severe floods in the past. Most of its tributaries have basin areas
smaller than 100 km?2. The flooded area in the middle stream covered four municipalities
(Kuma Village, Hitoyoshi City, Nishiki Town, and Sagara Village). Hitoyoshi City and

Kuma Village, in particular, suffered severe damage. Figure 1c shows the detected
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flooding areas in pink mesh areas by the Geospatial Information Authority of Japan (GSl,
2020). Rectangle A indicates the locations of the 14 casualties caused by flooding.
According to the Akamatsu (2021), overflow occurred in rectangle A at 0555 JST (UTC
+9) on 4 July. Rectangle B indicates the confluence of the Kawabe River and the Kuma
River. The Kawabe River basin, with a basin area of 533 km?, and a river length of
approximately 115 km, is the second largest sub-basin within the Kuma River Basin.
Rectangle C indicates the confluence of the Ogawa River (basin size 29 km?, river length
approximately 12 km) and the Kuma River. The overflow of the Ogawa River was caused
by backwaters because the water level of the Kuma River is higher than that of the Ogawa
River (Nihei 2021, Onaka et al. 2021).

On 3 July, a low-pressure system developed over a seasonal rainfront in the East China
Sea and advanced to the northern Kyushu region before dawning on 4 July. As the low
pressure moved eastward, the seasonal rain front moved northward to the northern
Kyushu region on the night of 3 July and warm and humid air flowed towards the low
pressure and front, making atmospheric conditions very unstable in Kyushu. Some
QSCBs that caused the Kuma River flood have been observed (Hirockawa et al. 2020;
Araki et al. 2021) in the central part of Kyushu.

Figure 2 shows the three-hour accumulated precipitation valid at 0300 and 0600 JST
on 4 July. The analyzed rainfall by the JMA Radar-AMeDAS system (Nagata 2011,

hereafter RA) shows QSCB in the central part of Kyushu and an intense rainfall area (over
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100 mm 3h-) in the Kuma River basin (Figs. 2a and b). The deterministic forecasts shown
in Figs. 2c—2f were adopted from Duc et al. (2021). These forecasts were initialized at
1800 JST (09 UTC) on 3 July 2020 using the ensemble data assimilation system NHM-
LETKF with 100 and 1000 ensemble members (LETKF100 and LETKF1000). The initial
conditions for the deterministic forecasts of LETKF1000 and LETKF100 were created by
averaging the initial conditions for each member. The vertical localization of both
LETKF1000 and 100 was turned off during these experiments. In LETKF1000, intense
rain areas (over 100 mm 3h') covered the basin at both 0300 and 0600 JST (Figs. 2c
and 2d). In LETKF100, the intense rain area covered the river basin at 0300 JST (Fig.
2e), and the rain intensity increased at 0600 JST (Fig. 2f). Figures 2g and 2h show the
results of the operational Mesoscale Model of JMA (MSM: JMA, 2019) with the same
initial time. It should be noted that the deterministic forecasts of MEPS and MSM are
identical. The intense rain area was predicted to be south of the river basin at 0300 JST
(Fig. 2g), and its intensity was underestimated. Subsequently, more intense rain occurred
around the river basin at 0600 JST (Fig. 2h). The model resolutions of LETKF1000 and
LETKF100 are on a convective scale of 2-km while MSM is 5-km, and this difference may
have affected the forecast of heavy rainfall.

Figure 3 shows the probabilities of rainfall exceeding 50 (mm3h-') at 0300 and 0600
JST on 4 July by ensemble forecasts. In LETKF1000, the probabilities in the northern part

of the Kuma River Basin exceeded 40% at 0300 JST (Fig. 3a). However, the center of
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the precipitation area is shifted northward compared to Fig. 2a. At 0600 JST (Fig. 3b), the

center of the precipitation area shifts towards the central region of the Kuma River Basin,

and the probability in the northern part appears higher than in other areas, resembling the

pattern shows in Fig. 2b. LETKF100, the probabilities were approximately 20% across

the river basin at 0300 JST (Fig. 3c); at 0600 JST, they had increased to over 40% across

the river basin (Fig. 3d). Figures 3e and 3f show the results of the JMA’s operational 20-

member mesoscale ensemble prediction system (MEPS; Ono et al., 2020). Since the

MEPS is operated every 6-hours only at 00, 06, 12, and 18 UTC, the MEPS with an initial

time of 2100 JST on 3 July 2020, was used for this study. At 0300 JST (Fig.3e),

probabilities exceeded 20% covered the Kuma River Basin, but only low probabilities

were predicted for the basin at 0600 JST (Fig. 3f). The model resolutions of LETKF1000

and LETKF100 were 2-km, whereas that of MEPS was 5-km, and the difference in

resolution and initial time may have influenced the forecast skill for heavy rainfall.

3. JMA Runoff Index Model and experimental setting

3.1 JMA Runoff Index Model

The JMA has operated RIM since 2008. RIM, officially named by the JMA, is designed

to predict runoff, but also river discharge. RIM predicts an increasing flood risk for

medium- and small-sized rivers managed by municipalities and the JMA. Flood advisories

and warnings are issued operationally under the consideration of RIM. Before the
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operation of RIM, the advisory and warning were only issued based on the rainfall amount,

whereas after implementing RIM, the transition from rainfall-based flood forecasting to

flood forecasting considering rainfall-runoff processes improved forecasting accuracy.

The JMA has started providing the “Real-time Flood Risk Map” since 2017 (Ohta 2017,

Ota et al. 2023).

RIM consists of two components: rainfall that flows into the river (runoff component)

and rainfall that flows downstream (river routing component). The runoff component was

a tank model consisting of three tanks for non-urban areas and a tank consisting of five

tanks for urban areas. The tank models were located every 1 km in Japan. The

parameters of the three-tank model were set based on five geological types (Ishihara and

Kobatake 1979). The five-tank model had one hole at the bottom, and the value of the

tank runoff rate changed according to the slope.

The river routing was simulated using a kinematic wave model based on Manning’s

roughness formula (Manning, 1891). The square root of the river flow rate at each grid

point is named “Index”. Instead of explicitly considering the factors that influence river

discharge, such as dams, levees, the confluence of rivers, tides, etc., the RIM considers

these factors at the “Criteria level”’, which links the model’s computational output with

actual disasters. The values of the criteria levels were determined based on actual

flooding events that have occurred in heavy rainfall cases since 1991. The value is

adjusted (increased or decreased) by the effect of infrastructure facilities and several flood
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phenomena. Criterion level 1 (L1) captures minor damages (e.g., inundation in roads or
agricultural fields). Criterion level 2 (L2) indicates the occurrence of severe flood damage,
and criterion level 3 (L3) targets severe flood damage with high accuracy. If there have
been no floods since 1991, L2 and L3 were set to a simulation result using 30- and 50-
year return period rainfall, respectively. The criterion levels were determined through
consultations between the JMA and local governments and renewed every year to
consider the changing factors described above. The details of the RIM are described in
the Appendix.

The performance of the flood risk was verified in three rivers of different sizes: the Kuma
River (1880 km?), the Kawabe River (553 km?), and the Ogawa River (29 km?). Different
criterion values were used for large rivers such as the Kuma River and other medium-
and small-sized rivers such as the Kawabe and Ogawa Rivers. In this study, rivers with
basin area larger than 1000 km?, between 200 and 1000 km?, and smaller than 200 km?
were defined as large-, medium-, and small-sized river, respectively. In Section 4, the
Index values of the Kuma River are compared with 30-year (30Y), 50-year (50Y) and
historical maximum (HM) values. The 30Y and 50Y values were obtained from the
Gumbel distributions of the Index values using RA from 1991 to the present. In Section 5,
the Index values of the Kawabe and Ogawa rivers are compared with those of the 30Y,
50Y, HM, L1, L2, and L3. HM is the observed value; thus, it is higher than 50Y and 30Y,

depending on the location. According to the Basic Law of River Management, the Ministry

14



299

300

301

302

303

304

305

306

307

308

309

310

311

312

313

314

315

316

317

318

of Land, Infrastructure, Transport, and Tourism (MLIT) manages the Kuma River but does

not set criteria levels. Meanwhile, the municipalities and the JMA manage the Kawabe

and Ogawa Rivers and set the criteria levels.

3.2 Experimental settings

The spin-up run of RIM was from 0000 JST on 1 June to 2200 JST on 3 July using RA.

The forecast run with LETKF1000 and LETKF100 were from 1900 JST on 3 July to 1500

JST on 4 July. The forecast run with MEPS was from 2200 JST on 3 July to 1500 JST on

4 July. Duc et al. (2021) began forecasting at 1800 JST, but in the RIM experiment, the

first hour was treated as a spin-up period, starting at 1900 JST. Similarly, the MEPS

experiment adopted this approach and commenced at 2200 JST. The RIM computes

approximately 21,000 rivers, and the elapsed time for a 21-hour forecast is approximately

4 minutes. The forecasts used precipitation data from LETKF1000, LETKF100, and

MEPS. The resolutions of LETKF100 and LETKF1000 were 2 km, and that of the MEPS

was 5 km. The precipitation data were interpolated to the domain of the RIM with 1-km

grid spacing.

4. Results

4.1 Flood risk in the Kuma River basin

Figure. 4 shows the hourly precipitation at 0500, 0700, and 0900 JST on 4 July and the
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corresponding probabilities exceeding HM by the RIM using RA. At 0500 JST, the river
basin was covered with QSCB, and the intense rain areas (greater than 50 mm h")
covered the middle part of the river basin (Fig. 4a). The areas of intense rain were in the
eastern and western parts of the basin at 0700 JST Fig. 4b). QSCB shifted south at 0900
JST (Fig. 4c).

In Fig. 3d, many rivers exceeded their HM (black) in the central part of the basin at
0500 JST. The locations of these rivers correspond to the location of the intense rainfall
areas in Fig. 4a. Around Hitoyoshi City, where severe damage occurred (rectangle in Fig.
4d), and the Kuma River did not exceed its HM at 0500 JST. At 0700 JST, the Index value
exceeded HM for the entire Kuma River and its tributaries in the eastern part of the basin
(Fig. 4e). At 0900 JST (Fig. 4f), most of the rivers in the southern part of the Kuma River
basin exceeded their HM value.

Figures 5a—5c¢ show the probabilistic map of the intense rainfall area (greater than 20
mm h') by LETKF1000 at 0500, 0700, and 0900 JST. The probability for most parts of
the Kuma River Basin was exceeded 40% from 0500 JST to 0700 JST (Figures 5a-b).
The high-probability areas moved south at 0900 JST (Fig. 5c). The temporal change in
the spatial pattern of the probability area in the simulation is similar to that of the hourly
precipitation observed in RA data (Figs. 4a-c).

In RIM simulation, the probability of exceeding HM was 20% in several rivers in the

northern and central parts of the Kuma River basin at 0500 JST (Fig. 5d). At 0700 JST,
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several rivers in the western and southern parts of the basin also exceeded a probability

of 20% (Fig. 5e). At 0900 JST, these probabilities decreased in the northern part of the

river basin but increased in the south. Overall, the tendency of the high-probability river

distribution is similar to that of RA, except for the rivers in the northeastern part (Figs. 4d—

4f). The probability of the Kuma River being in Hitoyoshi City was 20% to over 40% during

this period (rectangle in Figs. 5d-5f).

Figure. 6 shows the detected inundation area in Hitoyoshi City and the probability of

exceeding the HM (same data as the rectangles in Figs. 5d-5f). The GSI (2020) detected

and confirmed inundation areas using aerial and social networking service photographs

taken at 1500 JST on 4 July. Most of the riverside sites were inundated. Some studies

have reported that backwaters in small rivers on the north side of the Kuma River caused

this flood (Akamatsu 2021; Ohmoto; 2021, Ohnaka 2021; Nihei 2021).

RIM with LETKKF1000 showed that the probability of exceeding HM in the Kuma River

was exceeded 20 % at 0500JST and over 40% after 0700 JST. Circle A in Fig. 6 shows

the Watari water-level gauge station (MLIT Water Information System). At 0000 JST on 4

July, the observed water level was 3.16 m. At 0500 JST, the observe water level reached

10.53 m, and it exceeded the historical maximum water level of 9.98 m, recorded on 22

July 2006. At 0700 JST, the water level reached 12.55 m, after which data were

unavailable. This result indicated that RIM with LETKF1000 could predict the exceedance

of the historical record at 0500 JST with a probability of 20%.
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4.2 Evaluation for Watari area

Figure 7 shows the Index values obtained by the RIM using RA and LETKF1000 for the

criterion levels (30Y, 50Y, and HM) in rectangle A (see Figure 1c). RA exceeds the HM

threshold (orange dashed line) at 0500 JST. This timing approximately corresponds to

exceeding the previously observed water level at the Watari water level gauge station

(Circle A in Fig. 6). RA also exceeds 30Y (red dashed line), and 50Y (purple dashed line)

thresholds at 0500 JST. The peak of RA is at 0900 JST and then fall below the HM

threshold by 1100 JST.

The deterministic forecast of LETKF1000 exceeded HM at 0600 JST, whereas the

ensemble mean exceeded the HMs at 0800 JST. This difference was due to the

accumulated rainfall over the basin; the rainfall amount of the deterministic forecast was

approximately 50 mm greater than the ensemble mean after 0400 JST (see Figure 6d in

Duc et al. 2021).

Figure 7, the bar graphs show the exceedance probabilities for HM (orange), 30Y (red),

and 50Y (purple). Those maximum probabilities were 60%, 50%, and 40%, respectively.

The RIM with LETKF1000 well forecasted this event, and the Index value of the

deterministic forecast exceeded that of HM at almost the same time as RA. The RIM with

LETKF1000 can predict an actual flood event 11 hours in advance.

As shown in Fig. 5, a-c, the temporal change in the spatial pattern of the probability area
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in LETKF1000 was similar to that of the hourly precipitation observed in RA data (Figs.

4a-c). It likely contributes to accurate flood forecasting. Furthermore, a good prediction in

the RIM is attributed to the fact that the Kuma River has a large catchment area that

reduces the impact of positional and temporal errors in rainfall forecasts on flood forecasts.

These results were identical to the JMA'’s report (JMA, 2018). RIM tends to be more

precise as the distance from the headwaters increases (i.e., as the basin area increases).

It is related to the calculation characteristics of RIM. As the basin area expands, the

absorption of positional errors in predicted rainfall becomes more pronounced. As a result,

the prediction accuracy of RIM tends to be higher for rivers with larger basin areas.

5. Discussion

5.1 Predictability of flood warnings

In the JMA flood forecasting operations, RIM predicts flood risk only for small- and

medium-sized rivers. In this chapter, the prediction accuracy of RIM was examined using

RA and LETKF1000 for small- and medium-sized rivers in the Kuma River Basin.

Figure 8 shows the probabilities exceeding L2, which indicates a severe flood risk. For

all of small- and medium-sized rivers, the JMA sets L2 values based on the 30Y values.

These L2 values were slightly modified based on actual flood events in the past, and the

values were further adjusted to account for infrastructure facilities and phenomena that

implicitly caused the past few floods. In the results with RA (Figs. 8a—8c), the black line
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shows that it exceeded L2. The Index gradually exceeded L2 from north to south along

the Kuma River (blue line) from 0500 to 0900 JST on 4 July. These results correspond to

the time when the JMA issued a heavy-rain emergency warning for this area from 0450

to 1155 JST on 4 July. The Kuma River is indicated by the blue line in these figures

because L2 was not set for the Kuma River. In the results with LETKF1000 (Figs. 8d—8f),

the probability of exceeding L2 also increased from north to south between 0500 and

0900 JST on 4 July. Many rivers exhibited probabilities ranging from 20% to over 40%.

The results indicated that the RIM with LETKF1000 demonstrated a similar tendency to

that of the RIM with RA.

Figures 9a—9f show enlarged views of the rectangles in Figs 8a—f. Figs. 9a—9c, the

Index of the Kawabe River (rectangle B, medium-sized river) exceeded L2 between 0500

and 0900 JST on 4 July. The small-sized rivers (rectangles C to F) also exceeded L2 at

0500 JST. The Ogawa River (rectangle C) and Mae River (rectangle E) continued to

exceed L2 at 0700 JST, and the Index was below L2 at 0900 JST. Some studies have

reported that backwaters occur at the outlets of these small rivers. Nihei (2021)

investigated the backwater occurrence mechanism at the outlets of small rivers. The

mechanism is as follows: first, the water level rose in the narrow section of the Kuma

River downstream of the Watari area (rectangle A), which in turn caused the water level

in Hitoyoshi City to rise. As a result, the tributaries were unable to drain into the Kuma

River and subsequently overflow, leading to flooding. Akamatsu (2021) conducted a
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detailed simulation with a resolution of 3 m of flooding at the outlet of the Ogawa River
(rectangle C) and investigated the effect of backwater on flooding. They reported that
overflow started at 0545 JST on 4 July and the backwater caused flooding of the Ogawa
River. The RIM with RA at the outlet of the Ogawa River exceeded L3 from 0400 to 0700
JST (not shown).

Figures 9d-9f show the results for the LETKF1000. The probability of exceeding L2 in
the Kawabe Rive (rectangle B) was over 40%. In the Ogawa River (rectangle C), the
probability of exceeding L2 was 10-20%. A more detailed analysis is presented in the

following section.

5.2 Comparison of LETKF1000, LETKF100, and MEPS
a. Medium-size rivers

In Japan, approximately 10% of rivers are medium-sized (basin area 200-500 km?),
often flowing through populated areas and causing significant flood damage. Therefore,
it is necessary to verify the performance of RIM in medium-sized rivers. Figure 10 shows
the indices of the Kawabe River (533 km?) outlet (rectangle B in Fig. 1c), where the
criterion values for Figs. 10a—10c are HM, 30Y, and 50Y, and Figs. 10d-10f are L1, L2,
and L3, respectively. HM and Y50 had similar values. Therefore, only Y30 and HM are
discussed.

Figures 10a—10c, the peak period when the Index value of RA exceeded Y30 and HM
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was between 0600 and 09:0 on 4 July. Focusing on the peak period, the deterministic

forecasts of LETKF1000 and LETKF100 performed well, exceeding those of Y30 and HM,

and this peak was higher than that of RA. The probability of exceeding Y30 and HY for

LETKF1000 was 10% higher than that for LETKF100 (bar graph). This difference was

also observed in the ensemble mean, with LETKF1000 being higher than LETKF100. In

MEPS, only deterministic forecasts exceeded Y30 and HM. The LETKF1000 exhibited

the best performance under severe flooding. This difference may be due to the different

performances of the ensemble forecasts shown in Fig. 3. It should also be noted that the

initial times of LETKF1000 and LETKF100 were 1800 JST and the MEPS was 2100 JST.

The model resolutions of LETKF1000 and LETKF100 were 2-km, whereas MEPS had a

resolution of 5 km. These differences may also have contributed to the lower performance

of the MEPS.

Figures 10d-10f, the values of HM and L3 are similar, and L2 is slightly smaller than

Y30. Therefore, the trend was similar to Figs. 10a—10c: LETKF1000 performed well for

L2 and L3, and the probabilities of L2 and L3 were 10% higher than those of LETKF100.

L1 threshold is set to ensure that even minor flood damage is not overlooked and to detect

potential flooding. The performance in relation to L1 is discussed following.

Figures 10d-10f, the RA exceeded L1 between 0400 and 1200 JST on 4 July. In the

LETKF1000 result, the probability of exceeding L1 ranged from 40% to 90% between

0400 and 1200 JST. In particular, the peak of 90% corresponded to the peak period of
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RA from 0600 to 0800 JST. In LETKF100, the exceedance probabilities of L1 were 30%—
80% during 0400-1200 JST. However, the peak of 80% from 0900 to 1000 JST occurred
later than the peak period of RA from 0600 to 0800 JST. Thus, it can be concluded that
the performance of LETKF1000 was better than that of LETKF100 for L1. The
deterministic forecast of MEPS showed good performance due to the accuracy of the
precipitation forecast (see Figure 6a in Duc et al. 2020); but it could only predict
exceedance L1 with a maximum probability of 30%. Owning to its poor ensemble
performance (Figs. 3e and 3f). These results show that LETKF1000 outperformed
LETKF100 in terms of severe flood risk, even in medium-sized rivers.
b. Small rivers

Approximately 80% of the rivers in Japan are small-sized river (basin area smaller than
200 km?). These rivers are inadequately monitored and RIM prediction is vital for early
evacuation. Therefore, it is important to verify the performance of RIM in small-sized rivers.

Figure 11 presents the same as Fig. 10, but for the Ogawa River (29 km?) outlet
(Rectangle C in Figure 1c). The values of Y30 and HM were almost identical; therefore,
only Y50 and HM are discussed. Figures, 11a—11c, RA exceeded Y50, HM was from
0400 to 0900 JST with a peak at 0500 JST. The maximum Y50 exceedance probabilities
for LETKF1000, LETKF100, and MEPS were all 10%. Similarly, the maximum probability
of HM for LETKF1000, LETKF100, and MEPS was 10%. One reason it was difficult to

predict the HM exceedances is that the basin size of the Ogawa River is only 29 km?. The
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basin was covered by only eight NWP model grids in LETKF1000 and LETKF100, and

just two model grids in MEPS. Accurately predicting conditions using such a limited

number of NWP model grids is virtually impossible. This result suggests that if the number

of the NWP model grids is insufficient for the size of the river basin, the accuracy of the

maximum predicted value may be limited.

Akamatsu (2021) reported that the overflow of the Ogawa River continued from 0545

to 1455 JST on 4 July. The time required to exceed the Y50 of RA was similar to the

report. However, the time of passing below the Y50 of the RA was at 0900 JST, it was

much earlier than that in the report. This difference was due to the fact that the RIM did

not account for the back water phenomena. LETKF1000 exhibited a probability value of

10% for exceeding Y30 during the peak period; LETKF100 showed a delayed probability

response, also around 10%, while MEPS did not show any notable probability during the

peak period. This tendency was similar to that observed in the case of the Kawabe River.

Figures11d—11f, L3 and L2 are similar to Y50 and Y30; note that the interval of the Y-

axis is different from Figs. 11a—11c. Here, only L1 is discussed. The RA exceeded the L1

levels from 0300 to 0900 JST. During the period exceeding L1, in LETKF1000, the

exceedance probability of L1 was 10-50%; in LETKF100, the exceedance probability of

L1 was 10-40%; and in MEPS, the exceedance probability of L1 was 10-20%. When

focusing on the peak period exceedance of L3 (0400-0800 JST) in the RA, in LETKF1000,

high probability values (0700—-0800 JST) appeared during the peak period. The peak of
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LETKF100 (0900 JST) was delayed until the peak period of RA. In the MEPS, the timing

of the peak period (0200 JST) was very different from that in the RA.

Since the basin size of the Ogawa River is much smaller than the area that the NWP

model can resolve, it is difficult to accurately predict floods in terms of L2 and L3 using

LETKF1000 unless the rainfall forecast is highly accurate. Both LETKF1000 and

LETKF100 produced good predictions for L1. In particular, LETKF1000 exhibited

relatively high probability values during peak periods. It is important to treat maximum

values with caution, especially in the case of the small-sized river basins. To improve the

forecasting performance of the RIM for small-sized rivers, a model that incorporates

backwater phenomena needs to be developed.

c. Forecast Accuracy at other tributaries

In this subsection, we compare the prediction accuracy for 36 tributaries between the

Ichifusa Dam and the Kuma River estuary. First, we investigated the probability of the HM

value being exceeded at least once during the forecast period (1900 JST on 3July to 1500

JST on 4 July). Figure 12 shows the probability of HM value exceedance for LETKF1000,

LETKF100, and MEPS at the Kuma River estuary and at the grid points where the Kuma

River and 36 tributaries connect. The probability values are rounded to the nearest 10%.

The river names are arranged on the horizontal axis in order of their basin areas. In the

simulation with RA, the indices at the Nakatani, Tagashira, Dozan, and Fukamizu Rivers
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did not exceed the HM values, and the names of such rivers are indicated in italic bold.

In the simulations using LETKF1000 and LETKF100, the probability of exceeding the HM

value during the forecast period was predicted to be 10% or higher for all rivers.

Meanwhile, using MEPS, the predicted probability was less than 5% for some rivers, such

as the Kuragi, Yoshino, Aburatani, and Kawabe rivers.

The probability values for LETKF1000 were higher than those for LETKF100 in 11 rivers,

while LETKF100 exceeded LETKF1000 in 12 rivers, and the probability values were the

same in 14 rivers. Thus, the prediction accuracy for the occurrence of risks during the

flood prediction period was similar between LETKF1000 and LETKF100. These results

indicate that floods exceeding HM can be predicted by both LETKF1000 and LETKF100

in this case.

In the previous section, it was considered that the accurate prediction in the Kuma River

(Fig.7) was attributed to its extensive basin area, which mitigated the impact of positional

and temporal errors in rainfall forecast on flood forecasts. However, in Fig. 12, no clear

relationship was found between basin area and forecast accuracy for the small-sized

rivers. This result indicates that precipitation accuracy is more important than the size of

the basin area in simple hydrological model such as RIM, especially in small-sized rivers.

d. Timing of flood peaks

From the perspective of disaster risk management, the timing of flood peaks is critical
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information. In this section, the period during which the HM value exceeded the threshold

is defined as “Ex_period” using RA-based simulations. Figure 13 shows the probability

that the forecasted indices exceed HM at least once during the Ex_period. LETKF1000

captured all peaks except for the Kawauchi River. LETKF100 failed to predict the

exceedance of the HM in the Kajiki River, the Magouri River and the Yamada River. MEPS

failed to predict HM exceedances in 20 rivers. In 16 rivers, the probability values of

LETKF1000 were higher than those of LETKF100, while the probability values of

LETKF100 were higher than those of LETKF1000 in 5 rivers, and in the remaining 16

rivers the same probability values were predicted. These results indicate that LETKF1000

has higher prediction accuracy than LETKF100 regarding the timing of flood peaks. Both

models showed a tendency towards slightly higher prediction accuracy in rivers with a

catchment area of 20 km? or more.

5.3 Number of members required for ensemble flood prediction

To evaluate the impact of the number of ensemble members on flood prediction, we

compared cases where the same number of members were sampled from LETKF1000

and LETKF100. Table 1 shows the HM exceedance probability for the Ogawa River

during the Ex_period when 100, 250, and 500 members were sampled from LETKF1000

and LETKF100. Sampling was performed sequentially from 1 to 100 and from 101 to

200. Random sampling was also performed, but no difference was observed. Probability
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values are not rounded to facilitate understanding of the results. When all 1,000

members of LETKF1000 were used, the probabilities were 13%, 13%, and 15% at 0500,

0600, and 0700 JST on June 4, respectively. When 100 members were sampled, the

probability values ranged from 9% to 20%, for 250 members from 10% to 16%, and were

nearly the same as the value for 1000 members for 500 members. Similar tendency was

found in other 35 rivers. The range of deviation for each 100 members was +10%, £5%

for each 250 members, and £+2% for each 500 members. When comparing the results

for 100 members of LETKF1000 and LETKF100, LETKF1000 showed better results as

shown in Table 1. In the 16 rivers shown in Figure 13, LETKF1000 showed superior

performance to LETKF100 during the Ex_period. This result is likely because

LETKF1000 more accurately represents atmospheric uncertainties, leading to improved

precipitation forecasts. The performance of LETKF1000 is considered to have been

passed down to the sampled 100 members. This trend is similar to Kobayashi et al.

(2023). Even when selecting 500 members from the initial 1000 members, results nearly

identical to those from the 1000 members are obtained. These results also suggest

that it is not always necessary to calculate all 1000 members; selecting 500 members

from the initial 1000 members yields results nearly identical to those for 1000 members

in flood calculations using a hydrological model. Terasaki and Miyoshi (2022) conducted

a similar verification using NICAM in an ensemble experiment with 1024 members. Their

experiment showed similar trends to both the 1024-member and 512-member sampling
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579 results, supporting the validity of this study.

580

581 Table 1. HM exceedance probability for the Ogawa River during the Ex_period when

582 100, 250, and 500 members were sampled from LETKF1000 and LETKF100.

LETKF1000 LETKF100
Averaged | Probability (%) for every Averaged| Probability (%) for every 50 Averaged | Probability (%) for every
member 1000 and 100 member member member member | 100 and 50 member
7/4 5:00 7/4 6:00 7/47:00 7/4 500 7/4 6:00 7/4 7:00 7/45:00 | 7/46:00 | 7/47:00
001-1000 13% 13% 15% 001-50 6% 10% 18% 001-100 4% 6% 14%
001-100 9% 10% 18% 051-100 12% 10% 18% 001-050 4% 6% 16%
Probability (%) for every 250 y 3 .
101-200 12% 14% 10% BARINAE 051-100 4% 6% 12%
201-300 13% 13% 13% 001-250 10% 12% 13%
301-400 14% 19% 13% 251-500 14% 15% 15%
401-500 14% 1% 16% 501-750 12% 15% 16%
501-600 10% 13% 16% 751-1000 12% 12% 13%
601-700 15% 19% 17% Probability (%) for every 500
701-800 9% 12% 14% member
801-900 9% 9% 12% 001-500 12% 13% 14%
583 901-1000 20% 10% 20% 501-1000 12% 13% 15%
584
585 6. Conclusion and future work
586 On 4 July 2020, the Kuma River in Kyushu, Japan, was flooded, causing severe damage.
587 Many meteorological researchers have investigated this event, and some studies have
588 demonstrated the importance of large-ensemble forecasting. Several hydrological studies
589 have investigated these events. Kobayashi et al. (2023) investigated the uncertainties in

590 flood models using LETKF100, LETKF1000, and MEPS. However, no studies have

591 investigated the impact of large-ensemble weather forecasts at a convective scale on
592 flood prediction and flood risk quantification. In this study, the impact of ensemble
593 members on flood prediction was investigated. The operational flood forecasting system,
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the “Runoff Index Model (RIM)”, developed by the Japan Meteorological Agency and

ensemble datasets of varying size (LETKF1000, LETKF100, and MEPS) by Duc et al.

(2020) were used.

First, the results of the RIM using RA were compared with some previous field reports

to confirm the model's reproducibility of the flood event. Forecasts using the LETKF1000

predicted a trend of increasing flood risk from north to south in the Kuma River Basin.

Flood prediction accuracy was investigated at flooding points in the Kuma River.

LETKF1000 predicted a 60% probability of a flood exceeding the HM of 11 hours before

the flood event. The performance of LETKF1000 was also evaluated for medium- and

small-sized rivers in the Kuma River Basin. The LETKF1000 demonstrated good

predictive performance for medium-sized rivers as well.

The impact of different numbers of ensemble members on flood prediction was

investigated. LETKF100 indicated a high probability of flooding in medium-sized rivers. In

small-sized rivers, LETKF100 showed high probabilities of exceeding of L1; however,

compared with LETKF1000, the probability of exceeding L2 was 10-20% lower, and the

timing of exceedance L2 was delayed. These differences are due to the accuracy of the

weather forecasts. Furthermore, these results confirmed that the prediction skills of

LETKF1000 are higher than those LETKF100. The MEPS could predict flooding only with

respect to the L1 levels for both small- and medium-sized rivers.

The prediction accuracy for the occurrence of risks during the flood prediction period
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was similar between LETKF1000 and LETKF100. However, regarding the timing of flood

peaks, LETKF1000 has higher prediction accuracy than LETKF100. Finally, the impact of

the number of ensemble members on flood prediction was evaluated. The results showed

that selecting 500 members from the initial 1000 members, results nearly identical to

those from the 1000 members are obtained.

This is the first study to investigate the impact of the large number of ensemble members

on flood prediction. It was confirmed that a large number of ensemble members can

improve flood forecasting and extend lead time. The RIM with the LETKF1000 also shows

that the probability of flood risk increases at three levels in small- and medium-sized rivers.

The IBFW for small- and medium-sized rivers is an important task in mitigating flood

damage. The results of this study provide a way to solve this task.

The large ensemble weather-forecasting methods require substantial resources. As a

result, only one flood event could be validated in this study. Future work will focus on the

following aspects: 1) To confirm the robustness of the findings, they need to be examined

with other data and different case studies. 2) As shown in Section 5.2b, the RIM must be

improved. 3) Finding the optimal number of members and testing another case are topics

for future work. 4) Development of improved flood forecasting skills with fewer ensemble

members, determination of the optimal number of members, and testing of another case.

Finally, we discuss the potential for implementing probabilistic flood forecasting in

society. If a meteorological agency has powerful supercomputers, we believe that it is
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technically possible to implement large-scale ensemble weather and flood forecasting in

society, despite the many challenges involved. Meanwhile, in the author's interviews with

some crisis managers, all respondents wanted deterministic rather than probabilistic

information, especially in the case of an imminent crisis. As this study has shown, it is

possible to obtain reliable probability information. However, the next major issue is how

to use the flood risk probability information appropriately for decision making.

Data Availability Statement

The output data from this study are archived and available upon request from the

corresponding author. The observation data and data assimilation system are made

available under contract with the Japan Meteorological Agency because these data are

collected and developed for operational purposes.

Supplement

Details of JMA Runoff Index Model

1. Over view of the JMA Runoff Index Model

The Runoff Index Model (RIM) is the operational flood forecasting model for medium- and

small-sized rivers (21,394 rivers) by the JMA (Tanaka et al. 2008; Ohta 2017; Ohta and

Makihara 2018; Ota et al. 2023). The analysis interval for RA was 10 min. The forecast

interval using the high-resolution precipitation nowcasts was 10 minutes for one hour ahead.
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The other forecast interval using short-range precipitation nowcasts (Tsujimura and Nagata,

2018) was 30 minutes, six hours ahead. The RIM consists of an “Index” and a “Criterion

value.” The Index is defined as the square root of the river discharge for at each grid point.

Discharge is calculated using runoff and river routing models, and model resolution is set at

1 km. The geographic data used in the model include river channels, geology, slope, and

land use from the National Land Information System. The Criterion value is determined

based on the Index values from heavy rainfall events since 1991. RIM predicts an increase

in flood risk for small- and medium-sized rivers. Its fundamental concept of the RIM is that

both rainfall and hydrological factors, such as water level and discharge, are crucial for flood

forecasting. This is aligned with the principle of IBFW. In other words, RIM implements the

concept of IBFW.

2. Runoff process

A “three-tank model,” consisting of three tanks connected vertically in series, is used in the

runoff process for non-urban areas (Figs. A1a-A1c). Moreover, a "five-tank model,"

consisting of five tanks connected vertically in series, is used for urban areas (Fig. A1d). In

the three-tank model, the upper, middle, and lower tanks represent the surface, midstream,

and groundwater runoffs, respectively. The accuracy of the tank model depends on its

parameter values; however, as tank models are positioned every 1 km across Japan, it is

impractical to set the appropriate parameters for each tank. Instead of tuning the parameters
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for each tank model, representative parameters sets were applied based on geological

classification, as suggested in previous studies (Ishihara and Kobatake 1979). During heavy

rainfall, the tank model did not reproduce the hydrograph well. Specifically, the Index was

excessive compared with the actual flow rate (the peak time was early). To solve these

problems, the model incorporates a method for varying the infiltration coefficient according

to the water level in the tank. Specifically, when the water level in the first tank is S1 and the

infiltration coefficient is F1, the value of F1 is used as-is for S1<L1. However, when

L1<S1<L2, the value is changed to F1x2, and when L2<S1, the value is changed to F1x3.

The second tank was treated similarly (JMA 2017).

In urban areas, the ground surface is generally covered with artificial structures such as

concrete, resulting in less infiltration than natural soil. Therefore, surface runoff was the

primary source of runoff. Urban areas were defined as building sites, roads, and railways.

The five-tank model had a hole on the side, and the value of RS (tank runoff rate) was set

according to the maximum slope | in each grid. For slopes of 1% or more and for those less

than 1%, R5 is expressed as follows:

Fi = R5=0.6910 - In(I) + 8.1234,] < 1%.
Fi = R5=0.9879 - In(I) + 8.1234,] = 1%.

In actual runoff processes in urban areas, even in fully urbanized regions contain green

spaces; therefore, infiltration into the ground must be considered. The RIM defines the

"urbanization rate" as the percentage of artificial structures on the ground surface within

each grid. Both urban and non-urban tank models were used to calculate runoff for all grids,

34



695

696

697

698

699

700

701

702

703

704

705

706

707

708

709

710

711

712

713

714

715

and the final runoff volume was obtained by averaging results from each model according
to the urbanization rate. For example, in grids with no artificial structures, such as those in
mountainous areas only the three-tank model was applied. In fully urbanized areas, 70% of
the runoff was calculated using the urban tank model and 30 % of the runoff was calculated

using the three-tank model.

3. River routing process

The water flow process in the river for each grid is as follows: Manning's formula was used
to calculate the flow velocity.

b= SR,
n

where v is the average cross-sectional velocity (m/s). Manning’s roughness coefficient n is
set to 0.04 in most rivers. A lower value of n=0.02 is applied to specific rivers that pass-
through areas with an urbanization rate of 80% and river lengths of less than 30 km. R is

the hydraulic radius (m), and | is the channel slope. The flow rate Q (m3/s) is the flow velocity

multiplied by the cross-sectional area of the flowing water A (m?).
Q = vA.

R and A are related by the cross-sectional shape of the river, but the RIM assumes a river

channel that widens in proportion to the depth, as shown in the formula below.
A = mR?.

Here, coefficient m is the embankment coefficient, which is the ratio of the width of the

embankment to its depth. The cross-sectional shape was assumed to be such that the river
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width increased linearly with depth. The coefficient m varies according to river length: 10 for
lengths less than 10 km and 40 for those exceeding 100 km. For lengths between 10 km
and 100 km, the values are proportionally distributed. Consequently, the flow velocity in the
river channel can be expressed as follows:

- )" ()

In other words, if the slope I, embankment coefficient m, and Manning's roughness

3/4

coefficient n are set in advance, the velocity v in the river channel can be determined from

the flow Q. The continuity equation is as follows:

at
= Q(T)‘l'Qin — Qout-

d| Ad
f x_j(r_i)ds‘l'Qin_Qout

Here, ris rainfall intensity, i is infiltration amount, q(r) is runoff volume from the tank models,
Qin is inflow from upstream, Qout is outflow to downstream, [dS is area integral concerning
the basin.

The points to be noted in the river routing calculations are as follows. (1) when rivers join
within a grid, they are assumed to enter the main river trunk. (2) rainfall occurring on a river
within a grid is treated as flowing downstream within the grid. (3) when multiple rivers are
present in the same grid, the runoff is evenly allocated among them in proportion to the
number of rivers. (4) When the water level in the main river was higher than that of the
tributary river at the confluence point, the model assumed continuous inflow from the

tributary. (5) the river channel is discretized into a single grid composing of six regions along
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the flow direction for calculation purpose; and (6) the model does not incorporate the

influence of the effects of artificial water quantity controls, such as dams, lake storage effects,

tidal levels, and snowmelt. These factors were considered the Criterion values.

4. Criterion value

The Criterion values were calculated based on past catastrophic flood events at site. The

specific procedure is as follows:

(1) Disaster data collection: Flood event data, including date of event and extent of damage,

are gathered for municipalities since 1991. Corresponding meteorological data are also

collected. The past Index values were obtained from these data for each river.

(2) Definition of relevant disaster events and statistical analysis: In consultation with

municipalities (prefectures), representative disaster events for warnings and advisories are

predefined. The relationships between flood damage and the Index from RIM is statistically

analysed, and the Criterion values are determined using "cost-loss model" (e.g. Tatehira

1999). According to this model, if no countermeasures are taken during a disaster, the loss

corresponds to the magnitude of the damage. However, if countermeasures are taken, the

loss considered to zero. These determinations are based on a combination of the

announcement cost and the extent of damage.

(3) Classification and interpretation of criterion levels: Criterion values are categorized into

three levels: level 1 for advisories, level 2 for warnings, and level 3 for situations that
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significantly exceed the warning thresholds. Criterion Level 1 is designed with a high

detection rate to ensure that even minor disasters, such as road or agricultural field

inundation are not overlooked. Criterion 2 sets a coverage rate to avoid missing severe

disasters and uses the number of flooded houses as the primary indicator. For rivers with

no recorded flood disasters, a 30-year return-period value is applied. Criterion 3 sets the

coverage rate that accurately captures severe disasters.
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Fig. 3. Probability distribution map of 50 mm 3h-' at 0300 and 0600 JST on July 4. LETKF1000
are (a) and (b), LETKF100 are (c) and (d), and MEPS are (e) and (f). Note that the
initial time of MEPS is not 1800 JST but 2100 JST. Reproduced from Duc et al. (2021).

Fig. 4. (a)—(c) Hourly precipitation distributions by RA (modified Fig. 3 in Duc et.al (2021)).
Blacklines in (d)—(f) illustrate rivers which exceeded HM in the RIM using RA at 0500,
0700, and 0900 JST on July 4.

Fig. 5. (a)—(c) Hourly probability distributions of rain greater than 20 mm from LETKF1000
at 0500, 0700, and 0900 JST on July 4 (modified Fig. 4 in Duc et al. (2021)). (d)—(f)
Exceedance probability (%) to HM for each river by the RIM using LETKF1000.

Fig. 6. Enlarged view of the black rectangles in Figs. 5d-f. Circle A is a water level gauge
station at Watari.

Fig. 7. Calculated indices predicted by the RIM using RA, and LETKF1000, for the criterion
levels (30Y, 50Y, and HM) in the rectangle A of Fig. 1c. Red line is RA, the black line
is deterministic from LFTKF1000, and the gray dash line is the ensemble mean.
Thresholds for the HM, 30Y and 50Y probability rainfall are orange, red, and purple
dash lines, respectively. The lines are corresponding left axis. Orange, red, and
purple bars indicate the probability (right axis) of exceeding the HM, 30Y and 50Y
thresholds, respectively.

Fig. 8. Rivers in black in (a)—(c) are exceeded the Criterion level 2 by RA on 0500, 0700,

and 0900 on July 4, respectively. (d)—(f) Same as Fig. 5 (d)—(f) but for L2. The Kuma
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River (blue line) is excluded from the calculation due to the absence of L2 settings.

Fig. 9. Enlarged view of Figs. 8a-f. Rectangle (A) is the same in Fig. 1c. "The rectangular

markers indicate the outlets of the Kawabe River (B), Ogawa River (C), Magouri River

(D), Mae River (E), and Yamada River (F). Among these, (B) represents a medium-

sized river, while the others are classified as small-sized rivers. Pink area: detected

inundation area.

Fig. 10. (a) to (c) Same as Fig.7 but for the Kawabe River. Lines of (d) to (f) are the same

as those of (a)-(c) but the bars and thresholds are for the Criterion level. (a) and (d),

(b) and (e), (c) and (f) are for LETKF1000, LETKF100, and MEPS, respectively. The

index by the RA (red line) is common for all.

Fig. 11. Same as Fig. 10 but for the Ogawa River.

Fig.12. Probability of HM values being exceeded at least once during the forecast period,

1900 JST on 3 July to 1500 JST on 4 July. Probability values are rounded to the

nearest 10%. The names of rivers that did not exceed the HM values in the simulation

with RA are indicated in italic bold.

Fig.13. Same as in Fig. 12 but the probability that forecasted indices exceed HM value at

least once during the Ex_period.

Fig. A1. (a)—(c) Parameters setting of the three-tank model at different rain intensities; (d)

Five-tank model for an urban area.
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Fig. 1. (a) River networks in Kyushu on RIM and location of the Kuma River Basin. Blue lines: designated
forecast river; light blue lines: small and middle-sized rivers. (b) Enlarged view around the Kuma River.
Black rectangle indicates the most damaged area. (c) Enlarged view of the black rectangle in (b). Pink mesh
area: detected inundation area. Blue line: Kuma River; light blue line: tributaries. Rectangle A is the Watari
area, the most human-lost area at the Kuma River. Rectangle B is at the confluence of the Kuma River and
Kawabe River. Rectangle C is at the confluence of the Kuma River and Ogawa River.
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Fig. 2. Three-hour observed precipitation at (a) 0300 and (b) 0600 JST on July 4. (c, d) The deterministic
forecasts by LETKF1000, (e, f) Same as in (c,d) except by LETKF100. (g, h) Same as in (c, d) except by
MEPS. Reproduced from Duc et al. (2021).
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Fig. 3. Probability distribution map of 50 mm 3h-1 at 0300 and 0600 JST on July 4. LETKF1000 are (a) and
(b), LETKF100 are (c¢) and (d), and MEPS are (e) and (f). Note that the initial time of MEPS is not 1800 JST
but 2100 JST. Reproduced from Duc et al. (2021).
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Fig. 4. (a)-(c) Hourly precipitation distributions by RA (modified Fig. 3 in Duc et.al (2021)). Blacklines in
(d)-(f) illustrate rivers which exceeded HM in the RIM using RA at 0500, 0700, and 0900 JST on July 4.
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Fig. 5. (a)-(c) Hourly probability distributions of rain greater than 20 mm from LETKF1000 at 0500, 0700,
and 0900 JST on July 4 (modified Fig. 4 in Duc et al. (2021)). (d)—-(f) Exceedance probability (%) to HM for
each river by the RIM using LETKF1000.
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Fig. 6. Enlarged view of the black rectangles in Figs. 5d-f. Circle A is a water level gauge station at Watari.
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Fig. 7. Calculated indices predicted by the RIM using RA, and LETKF1000, for the criterion levels (30Y, 50V,
and HM) in the rectangle A of Fig. 1c. Red line is RA, the black line is deterministic from LFTKF1000, and the
gray dash line is the ensemble mean. Thresholds for the HM, 30Y and 50Y probability rainfall are orange,
red, and purple dash lines, respectively. The lines are corresponding left axis. Orange, red, and purple bars
indicate the probability (right axis) of exceeding the HM, 30Y and 50Y thresholds, respectively.
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Fig. 8. Rivers in black in (a)-(c) are exceeded the Criterion level 2 by RA on 0500, 0700, and 0900 on July
4, respectively. (d)—-(f) Same as Fig. 5 (d)-(f) but for L2. The Kuma River (blue line) is excluded from the
calculation due to the absence of L2 settings.
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Fig. 9. Enlarged view of Figs. 8a-f. Rectangle (A) is the same in Fig. 1c. "The rectangular markers indicate
the outlets of the Kawabe River (B), Ogawa River (C), Magouri River (D), Mae River (E), and Yamada River
(F). Among these, (B) represents a medium-sized river, while the others are classified as small-sized rivers.

Pink area: detected inundation area.
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Fig. 10. (a) to (c) Same as Fig.7 but for the Kawabe River. Lines of (d) to (f) are the same as those of (a)-
(c) but the bars and thresholds are for the Criterion level. (a) and (d), (b) and (e), (c) and (f) are for
LETKF1000, LETKF100, and MEPS (MSM for deterministic run), respectively. The Index by the RA (red line)

is common for all.
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Fig. 11. Same as Fig. 10 but for the Ogawa River.
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Fig. 12. Probability of HM values being exceeded at least once during the forecast period, 1900 JST on 3 July
to 1500 JST on 4 July. Probability values are rounded to the nearest 10%. The names of rivers that did not

exceed the HM values in the simulation with RA are indicated in italic bold.
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Fig.13. Same as in Fig. 12 but the probability that forecasted indices exceed HM value at least once during

the Ex_period.
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Fig. Al. (a)-(c) Parameters setting of the three-tank model at different rain intensities; (d) Five-tankmodel
for an urban area.
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LETKF1000 LETKF100
Averaged | Probability (%) for every Averaged | Probability (%) for every 50 Averaged | Probability (%) for every
member 1000 and 100 member member member member | 100 and 50 member
7/4500( 7/46:00 7/4 7:00] 7/45:00]  7/4 6:00 7/4 7:00 7/45:00 | 7/4 6:00 | 7/4 7:00
001-1000 13% 13%| 15% 001-50 6% 10% 18% 001-100 4% 6% 14%
001-100 9% 10%| 18%| 051-100 12% 10% 18% 001-050 4% 6% 16%
101-200 Probabilky (%) for every 250 051-100 4% 6% 12%
12% 14%| 10% member
201-300 13% 13% 13% 001-250 10% 12% 13%
301-400 14% 19%| 13% 251-500 14% 15% 15%
401-500 14% 11%| 16% 501-750 12% 15% 16%
501-600 10% 13%| 16%| | 751-1000 12% 12% 13%
601-700 15% 19%| 17% Probability (%) for every 500
701-800 9% 12% 14% member
801-900 9% 9%) 12%| 001-500 12% 13% 14%
901-1000 20% 10%| 20%| | 501-1000 12% 13% 15%

Table 1. HM exceedance probability for the Ogawa River during the Ex_period when 100, 250, and 500
members were sampled from LETKF1000 and LETKF100.
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