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Abstract 

 We applied the sampling downscaling (SmDS), one of the efficient dynamical 

downscaling (DDS) method, to summertime precipitation over Hokkaido as a case study 

and estimated the error in SmDS based on a statistical theory. And we quantitatively 

evaluate the rainfall duration bias and the response of runoff and water-depth to the 

rainfall duration bias.  

 The high spatiotemporal resolution data produced by the DDS are mainly used 

in climate change adaptation researches. In particular, rainfall amount and rainfall 

duration are important factors for estimating river runoff. DDS has generally two 

problems; one is that the DDS needs much computational cost for the high resolution 

simulation, the other is that the DDS has rainfall bias, which are resulted from the 

unrealistic topography and insufficient physical parameterizations, including cloud 

physics, convective parameterization in regional climate model (RCM) and general 

circulation model (GCM). Some previous studies have developed the economical DDS 

method in computational cost. Thus, the bias correction of frequency of rainfall amount, 

quantile mapping, has been developed. However there are a few case studies for 

application of the economical DDS and its estimation error has not been theoretically 

evaluated. On the other hand the bias correction of rainfall duration bias still has not been 

developed and furthermore no study has not evaluated the rainfall duration bias.  

 The sampling downscaling (SmDS) in which a regional atmospheric model is 

integrated for sampled periods was performed for summertime Hokkaido. Selected are 

top two and bottom two years of the general circulation model projection onto the first 

mode of a singular value decomposition analysis, and for this mode, heavy precipitation 

in southern Hokkaido is correlated with the moisture flux convergence in the synoptic 
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field. The SmDS result integrated for the four years successfully reproduces the 

dynamical downscaling result for 30 years, in terms of climatological precipitation and 

the 99-percentile value of daily precipitation. This indicates that SmDS can be applied to 

the environment where local precipitation is mostly controlled by synoptic climate 

patterns. A further statistical consideration in this study supports the notion. It is also 

demonstrated that SmDS selects a group of years where extreme events likely occur 

another group of years where they rarely occur.  

 The DDS was conducted over Japan by using a regional atmospheric model with 

reanalysis data to investigate the rainfall duration bias over Kyushu, Japan, in July and 

August from 2006 to 2015. The model results showed that DDS had a positive rainfall 

duration bias over Kyushu and a dry bias over almost all of Kyushu, results which were 

emphasized for extreme rainfall events. Investigated was the rainfall duration bias for 

heavy rainfall days, accompanied by synoptic-scale forcing, in which daily precipitation 

exceeded 30 mm day-1 and covered over 20% of the Kyushu area. Heavy rainfall days 

were sampled from observed rainfall data based on rain-gauge and radar observations. A 

set of daily climatic variables of horizontal wind and equivalent potential temperature at 

850 hPa and sea-level pressure, around southwestern Japan, corresponding to the sampled 

dates, were selected to conduct a self-organizing map (SOM) and K-means method. The 

SOM and K-means method objectively classified three synoptic patterns related to heavy 

rainfall over Kyushu: strong monsoon, weak monsoon, and typhoon patterns. Rainfall 

duration had a positive bias in western Kyushu for the strong monsoon pattern and a 

positive bias in southern and east-coast Kyushu for the typhoon pattern, whereas there 

was little rainfall duration bias in the weak monsoon pattern. The bias for the typhoon 

pattern was related to rainfall events with a strong rainfall peak. The results imply that 
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bias correction for rainfall duration would be required for accurately estimating river 

runoff in a catchment area besides the precipitation amount. 

 Motivated from the problem of a rainfall duration bias typically in dynamical 

downscaling, its possible effect of the rainfall duration bias to hydrology was evaluated 

for heavy rainfall events over Kyushu, Japan, in summer. For the typical heavy-rainfall 

periods, a tank model for several target rivers ran to analyze runoff and water-depth 

sensitivity to hyetograph, by artificially extending the rainfall duration to 8 hours or 16 

hours with keeping the total rainfall amount. The results showed that a spike peak of 

runoff was suppressed by a prolonged weak rainfall as typically found in downscaling 

outputs. The rising timings of runoff and water depth in the tank model became earlier. 

The decrease in the contribution of surface and subsurface runoff was pronounced in the 

heavy rainfall events accompanied with a persistent Baiu rainband. Our results suggest 

that the rainfall duration bias of DDS is a non-negligible factor for predicting river runoff 

and flood risk in climate change adaptation.  
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Chapter 1. General Introduction 

 

Heavy rainfall causes natural disasters, including flooding and inundation, 

landslides, erosion, and hightides. Many observation studies have reported recent increase 

in heavy rainfall (cf. DeGaetano 2009; Bartholy and Pngracz 2007; Fujibe et al. 2006). It 

is anticipated that a wetter climate caused by global warming would result in a greater 

chance of heavy rainfall (Donat et al. 2016). Therefore, a series of adaptation policies 

should be compiled to prepare for possible hazards due to more frequent heavy rainfall, 

and thus a high-resolution dataset for the precipitation is highly required. Dynamical 

downscaling (DDS; Giorgi 1990) has been a widely used to fill the scale gap between the 

climate model projection and social demand. 

DDS provides physically consistent data, but the DDS results strongly depend 

on the choice of regional climate model (RCM) and lateral boundary condition. Therefore, 

the multi-GCMs by multi-RCMs experiment is needed to identify model uncertainty in 

the regional climatic field. This ensemble experiment, however, needs much 

computational cost. Recently, the sampling downscaling (SmDS) method proposed by 

Kuno and Inatsu (2015) was proposed to conduct DDS for a few typical years that the 

synoptic pattern controls local precipitation. The SmDS method is one of the techniques 

with mixing DDS with statistical downscaling (SDS), extending previous works (Frey-

Buness et al. 1995; Pinto et al. 2014; Yamada et al. 2014). However the SmDS is still 

applied to only one case, thus it is not fully explored that whether the SmDS can be 

applied to another season or region and how effectively the SmDS reduces the 

computational costs for DDS. Moreover, in order to demonstrate the relevance of such 

kind of DDS-SDS methods, we need a statistical consideration as well as a pile of case 
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studies with DDS-SDS mixture methods.  

 DDS also has rainfall bias that results from the unrealistic topography and 

physical parameterizations, including cloud physics, convective parameterization in 

RCM and GCM as the lateral boundary condition (Ehret et al. 2012; Wang et al. 2004), 

of which bias influences the runoff prediction. However, the traditional bias correction 

for rainfall such as frequency bias correction of rainfall amount (quantile mapping; Piani 

et al. 2010) and bias correction of mean consecutive rainfall days (Nyeko-Ogiramoi et al. 

2012) does not correct the spatio-temporal characteristics of rainfall that is important 

factor to determine the runoff (Kim and Kim 2018; Ogden and Julien 1993). In addition, 

no one has yet stated how the rainfall from DDS contains the rainfall duration bias.  

 There are three purposes for this thesis. The first purpose is to apply SmDS to 

summertime precipitation over Hokkaido as another case study and to estimate the error 

in SmDS based on statistical theory. We compare SmDS for four years with DDS with 30 

years in terms of the daily-mean precipitation, the standard deviation, and the 99-

percentile value of daily precipitation. The second purpose is to evaluate the rainfall 

duration bias of DDS forced with reanalysis data in summertime over Kyushu. Li et al. 

(2018) proposed a bias correction method of rainfall based on quantile mapping according 

to synoptic patterns related to heavy rainfall. Their studies imply that rainfall bias is 

related to synoptic patterns and it is natural that rainfall duration bias is also related to its 

synoptic patterns. We apply the self-organizing map (SOM) to detect the typical synoptic 

patterns related to heavy rainfall days in Kyushu and link the patterns with rainfall 

duration biases. The third purpose is to evaluate the sensitivity of runoff to rainfall 

duration in typical synoptic patterns related to heavy rainfall with tank-model (Sugawara 

1972). 
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The rest of this thesis is organized as follows. Chapter 2 describes the application 

of SmDS to summertime precipitation over Hokkaido and the error estimation theory 

based on Tamaki et al. (2016). In Chapter 3, the heavy rainfall duration bias is investigated 

based on Tamaki et al. (2018). In Chapter 4, the runoff response to the rainfall duration is 

investigated with tank model simulation. Chapter 5 describes the general summary. 
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Figure. 2.2. Fourteen subprefectures in Hokkaido with their names shown in the color 

reference. (b) The surface height (m) in Hokkaido as the bottom boundary condition for 

the RAM. The shading level is shown in the reference in the right. The dashed line shows 

the location of Hidaka Mountains. 
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Figure. 2.3. Procedure of sampling downscaling. 
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mean precipitation in SmDS simulation as per the reference in the right. 
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Figure. 2.5. (a) The daily-mean precipitation in JJA months (mm day-1) based on 

APHRO_JP V1207 from 1981 to 2010 (Yatagai et al. 2012). The shading level is as per 

the reference in the right. (b) The standard deviation of JJA-mean precipitation (mm day-

1). (c) The 99-percentile value of daily precipitation (mm day-1). 
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Figure. 2.6. Heterogeneous regression maps of (a) precipitation and (b) vertically 

integrated moisture flux convergence for the first SVD mode based on the interannual 

variability in JJAs from 1981 to 2010. The precipitation is based on AHORO_JP V1207, 

and the moisture flux convergence is based on JRA-25/JCDAS. The contour interval is 

0.3 mm day-1 with the shading denoted in the right of each panel. (c) The time-series of 

(solid) precipitation and (dashed) moisture flux convergence for the first SVD mode. 
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Figure. 2.7. Time-series of projection onto the heterogeneous regression map for the first 

SVD mode (Fig. 2.6b) under current climate experiments. Projection for MIROC, MPI, 

and NCAR general circulation models are plotted in left, center, and right subpanels, 

respectively. 
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Figure. 2.8. (a, b) The daily-mean precipitation (mm day-1) for (a) the full DDS and (b) 

the SmDS, with the shading as the reference in the right. (c, d) The standard deviation of 

JJA-mean precipitation (mm day-1) for (c) the full DDS and (d) the SmDS. (e, f) The 99-

percentile value (mm day-1) of daily precipitation for (e) the full DDS and (f) the SmDS. 
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Figure. 2.10. (a) The ratio of SmDS to full DDS for the 99-percentile value of daily 

precipitation (%) as per the reference in the right. (b, c) The 99-percentile value of daily 

precipitation (mm day-1) for (b) top 2 and (c) bottom 2 years for SmDS. The shading 

reference is in the right. 
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Chapter 3. Heavy rainfall duration bias in dynamical 

downscaling and its related synoptic patterns in summertime 

Asian monsoon 

 

3.1.  Introduction  

 Sudden heavy rainfall causes natural disasters, including flooding and inundation, 

landslides, erosion, and high tides. There has been a great concern about observational 

studies that showed a recent increase in heavy precipitation over North America 

(DeGaetano 2009; Pryor et al. 2009), Europe (Bartholy and Pongrácz 2007; Maraun et al. 

2008; Zolina et al. 2009), and Asia (Fujibe et al. 2006; Rajeevan et al. 2008). It is 

anticipated that a wetter climate caused by global warming would result in a greater 

chance of heavy rainfall (Donat et al. 2016). A series of adaptation policies should be 

compiled to prepare for possible hazards due to more frequent heavy rainfall, and thus a 

high-resolution dataset for the precipitation change is highly required. Recently, 

dynamical downscaling (DDS; Giorgi 1990) has been used to fill the gap between the 

coarse resolution of the global climate model projection and the provincial scale of social 

demand. The DDS has the advantage of physical consistency over a model domain, but it 

contains model bias due to the unrealistic topography and physical parameterizations 

including cloud physics, convective parameterization, boundary layer schemes in both 

general circulation model (GCM) and regional climate model (RCM;(Ehret et al. 2012; 

Wang et al. 2004). Therefore, we need to correct the model bias before estimating future 

changes from the DDS results. 
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The bias correction for daily and monthly precipitation amount has typically 

been made. Shifting and scaling (Leander and Buishand 2007; Prudhomme et al. 2002; 

Shabalova et al. 2003) and quantile mapping (Ines and Hansen 2006; Jakob Themeßl et 

al. 2011; Piani et al. 2010a) are two major methods of bias correction to daily or monthly 

precipitation amount. The former method scales model precipitation amount to match its 

climatology with observations (Shabalova et al. 2003). This method is not always suitable 

for heavy rainfall, however, because the estimate is highly sensitive to the scaling factor 

(Berg et al. 2012; Leander and Buishand 2007). The latter method adjusts the precipitation 

amount to maintain consistency in a cumulative distribution function between the model 

and observations. The quantile mapping tends to smooth the local-scale variability 

(Maraun 2013). It should be remarked here that there is no way to make correction if 

regional atmospheric model (RAM) simulates no rainfall. 

When the bias correction is applied to the DDS output such as temperature or 

precipitation amount in future climate, the correction coefficient in quantile mapping or 

shifting and scaling is obtained from the climatic variable in the bias correction based on 

the current climate simulation. This method implicitly assumes that the model bias is time 

invariant. However, this stationary assumption is questionable (Christensen et al. 2008; 

Maraun 2012; Maraun et al. 2010). Li et al. (2018) proposed a bias correction method 

according to synoptic patterns related to heavy precipitation amount. They detected heavy 

rainfall events based on the rain-gauge data and classified the synoptic patterns related to 

heavy rainfall events using a self-organizing map (SOM; Kohonen 1982) with an input 

parameter of sea-level pressure (SLP). They then applied quantile mapping to daily 

precipitation with respect to the corresponding synoptic pattern. Their bias correction 

approach for precipitation amount may provide a possible way to overcome this stationary 
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assumption problem in bias correction. 

On the other hand, there is only one study that attempted the correction method 

for rainfall duration bias. Nyeko-Ogiramoi et al. (2012) defined the length of consecutive 

wet days as a wet-spell and corrected the mean of wet-spell, by extending additional wet 

days using a kernel density estimation method (Lall et al. 1996) and replacing the end of 

wet days of a wet-spell with dry days. For example, if the rainfall duration changed in a 

catchment area consisting of a main stream and its branch rivers, the structure of 

hydrograph in each sub-catchment area would be changed depending on the different 

spatial scale and runoff coefficient of each sub-catchment area. At the downstream toe of 

the main stream, the timing and amount of direct runoff peak can therefore be affected by 

hydrographs for sub-catchments. Maraun (2013) pointed out that the temporal variation 

of bias-corrected precipitation amount by a quantile mapping was determined for every 

grid box. He also pointed out that, if these precipitation data were to be used in 

hydrological modeling, the flood risk would be overestimated in narrow, rapidly-

responding catchments. For the above reason, the bias correction of rainfall duration is 

important for accurately estimating the direct runoff and flood risk in a catchment area. 

However, no one has yet explicitly stated how a DDS result contains the precipitation 

duration bias. 

This study aims to provide an explicit description on the rainfall duration bias of 

a RAM forced with reanalysis data. The knowledge obtained in this paper is useful in that 

the atmospheric forcing drives a hydrological model to evaluate direct runoff in a 

catchment, which is often crucial for estimating flood risk. We focus on summertime 

heavy precipitation over Kyushu, one of the four main islands of Japan as mapped in Fig. 

3.1. Recalling Li et al. (2018), it is natural that a rainfall event has the model bias of the 
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rainfall duration involving its related synoptic pattern. Summertime precipitation in 

Kyushu is generally controlled by the low-level moisture intrusion related to the Asian 

monsoon and typhoon passages. We apply SOM to detect typical synoptic patterns related 

to heavy rainfall days in Kyushu and link the patterns with rainfall duration biases. This 

paper is organized as follows: Section 3.2 describes the data and method. Section 3.3 

clearly describes the precipitation duration bias in the DDS experiments and performs the 

SOM analysis to reveal the relationship between heavy rainfall days and surrounding 

atmospheric environment. Sections 3.4 and 3.5 provide discussion and conclusions. 

 

 

3.2. Data and method 

 

a. Observations 

 The rainfall observation data is the Radar/Rain gauge-Analyzed Precipitation 

(RA), based on 46 C-band radars operated by the Japan Meteorological Agency (JMA), 

the Ministry of Land, Infrastructure, Transport and Tourism (MLIT) and approximately 

10,000 rain gauges of the JMA, MLIT and local governments [see Nagata (2011) for 

details], which have been intensively used as the verification data in many publications 

without additional quality controls (cf. Oki and Sumi 1994; Iida et al. 2006). The 

horizontal resolution of RA is 1 km and the analysis period is July and August from 2006 

to 2015. The RA provides 1-h accumulated precipitation amount (mm) with the minimum 

unit of 0.4 mm h-1. We regard the 1-h accumulated precipitation amount of RA as 

precipitation intensity (mm h-1). This study focuses on Kyushu, with 38,869 RA grid 

points over the land originally. For comparison RA to model results, we also use the 
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along with the low-level southwesterly along the western fringe of the North Pacific 

subtropical high that transports moisture from the tropics (Akiyama 1973; Kodama 1992; 

Ninomiya 1984; Ninomiya 2000; Ninomiya and Shibagaki 2007). Following Nguyen-Le 

et al. (2017), for the efficiency of learning processes in SOM, the CEOF analysis of these 

synoptic variables is performed in advance and 62 leading principal components, for 

which the explained variance is 99%, are input into the SOM program.  

The CEOF analysis of these synoptic variables is performed in advance to reduce 

the size of input vector from 528 to 62, noting that the original size is 11 longitude grids 

times 12 latitude grids times 4 climatic variables of JRA-55. And then, 62 leading 

principal components are input into the SOM procedure. The results of the SOM analysis 

are generally sensitive to the number of output nodes. This study fixed it as 10 × 10. The 

node number dependency is discussed later (Section 3.4b). A Gaussian neighborhood 

function is used with the learning rate set to 0.2. To relate the original SOM result to the 

typical synoptic patterns, we apply the U-matrix (Ultsch and Siemon 1990) and K-means 

methods for cluster analysis. Note that the number of cluster is fixed at 3 before 

conducting K-means, because synoptic patterns related to heavy rainfall over Kyushu 

were mainly categorized into three patterns even with more clusters permitted (not 

shown). As a consequence, we obtain three typical synoptic patterns related to heavy 

rainfall over Kyushu. 

 

d. Definition of a rainfall event 

 Let us consider a time series of precipitation intensity at a particular grid point 

in Kyushu (Fig. 3.2). A single rainfall event is defined as the event in which hourly 

precipitation continuously exceeds 0.4 mm h-1, the minimum unit of RA. The rainfall 
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duration averaged over the rainfall events, which is the total rainfall durations divided by 

the number of events. For DDS, two peaks of the average rainfall duration are found on 

the southeastern side of Kyushu with over 8 h and on the part of northwest around 

131°E/33°N with over 8 h, whereas the average rainfall duration is less than 8 h over the 

rest of the region (Fig. 3.4a). In contrast, the RA-S provides an average rainfall duration 

ranging from 2 to 6 h and a small peak with over 4 h is found on the eastern side of 

Kyushu (Fig. 3.4b). The difference therefore shows a positive bias of rainfall duration 

over Kyushu, with its local maxima located on the eastern side and the northwest area in 

Kyushu (Fig. 3.4c). If we restrict rainfall events with their peak values over 30 mm h-1, 

the average duration time is prolonged in DDS and RA-S (Figs. 3.4d,e) and the DDS 

shows the large positive bias with over 20 h in the southeastern Kyushu whereas the other 

areas show a relativity little bias (Fig. 3.4f). 

 

b. Synoptic patterns related to heavy rainfall days 

 Table 1 shows the lists of heavy rainfall day in three clusters. We classified 53% 

of events as cluster C0, 27% as C1, and 20% as C2. Some consecutive heavy rainfall days 

across the midnight with dates falling into different clusters (marked date in Table 1), 

called transition in this paper, are excluded in our results for simplicity. We will discuss 

transition cases in Section 3.4a. 

 The SOM and K-means method produce three clusters for the synoptic patterns 

related to heavy rainfall days (Fig. 3.5). Cluster C0, containing 60 days, is characterized 

by high equivalent potential temperature air intruding into Kyushu via the low level jet 

(LLJ; Matsumoto 1972) and southwesterly along the western ridge of the North Pacific 

subtropical high. A sharp meridional gradient of equivalent potential temperature extends 
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to the distribution of reanalysis data (Figs. 3.5b,f), though DDS underestimates the 

precipitation intensity in almost all areas in Kyushu (Figs. 3.6b,d,f). Therefore, we 

conclude that the DDS reproduces a fundamental composite pattern classified with the 

SOM and K-means method. 

 

c. Rainfall duration bias related to heavy rainfall days 

The identification of rainfall event and rainfall duration in each cluster is 

restricted to dates falling into a particular cluster. Here we consider a time-series of hourly 

rainfall continuously lasting from 2300 UTC on July 9 to 0300 UTC on 10 July (Fig. 3.7). 

When both 9 July and 10 July fall into cluster C0, the rainfall event is once counted as C0 

and its rainfall duration is 4 h (Fig. 3.7a). On the other hand, when only 10 July falls into 

cluster C0, the rainfall event is also once counted as cluster C0 but its rainfall duration is 

shortened to 3h (Fig. 3.7b). 

Figure 3.8 shows the spatial distribution of average rainfall duration (h) in the 

three clusters. The average rainfall duration for clusters C0 and C1 ranges from 4 to 6 h 

in most areas of Kyushu (Figs. 3.8a,b), whereas the average rainfall duration for cluster 

C2 is more than 6 h in eastern Kyushu and less elsewhere (Fig. 3.8c). Compared with 

RA-S, the DDS almost reproduces the rainfall duration for clusters C0 and C1, although 

it overestimates the rainfall duration of C0 as 2 h longer than the observation in western 

Kyushu (Figs. 3.8d,e). However, DDS overestimates the rainfall duration of C2 in 

southern and east-coast areas in Kyushu (Fig. 3.8f) as 5 h longer than the observation. 

These results are quite robust because we sampled a sufficient number of rainfall events 

for clusters C0 and C1 (Figs. 3.9a,b,d,e) with more than 10 events. However, it should be 

cared that cluster C2 in DDS has less than 10 rainfall events in southern Kyushu (Fig. 
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is defined as the minimum value of SLP. The average of the difference of center of 

typhoon between DDS and JRA-55 is 207.0 km. The minimum distance is 18.4 km (Label 

E/e) and the maximum distance is 665.7 km (Label A/a).  

 The frequency of rainfall events in the DDS is also a problem. We obtained 

42,286 events in the RA output and 13,840 events in the DDS output (Figs. 3.3d,e). The 

causes of this difference are speculated that NHM with the 15-km resolution did not well 

reproduce meso-scale convective systems and then several rainfall events detected in RA 

are possibly counted as a single event in NHM because of the non-zero precipitation bias. 

This means that the rainfall duration bias could not perfectly corrected with conventional 

methods such as quantile mapping or shifting and scaling, because they are unable to 

correct the number of dry days.  

The bias correction of rainfall amount and frequency is crucial for hydrological 

applications. Precipitation intensity and frequency is related to frequency of precipitation 

types including stratiform/convective precipitation and drizzle. It is necessary to examine 

the precipitation frequency and intensity, not only duration, in order to accurately evaluate 

the rainfall bias in the DDS with considering the precipitation characteristics (Dai 2006). 

While the shifting and scaling and quantile mapping are generally applied to the daily or 

monthly data (e.x. Bordoy and Burlando 2013; Lafon et al. 2013), no one proposed a 

reasonable way to correct the precipitation intensity with hourly timescales. Hence there 

is still an open question how to correct the precipitation intensity. On the other hand, as 

described in Introduction, the rainfall duration bias would also be another important 

problem when we estimate the timing and amount of direct runoff peak in a catchment. 

The shifting and scaling method and quantile mapping method could possibly lead to an 

imprecise impact assessment, even if the total precipitation amount is exactly corrected; 
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they work as if a stratiform-type rainfall event characterized by prolonged moderate 

rainfall changed to a long-standing convective-type rainfall event. 

 The spatial and time scale in stratiform and convective precipitation may 

contribute to the surface runoff or infiltration processes. For example, Toews et al. (2009) 

classified convective and stratiform precipitation based on daily precipitation data by 

focusing on the difference of spatial scales; and they suggested that stratiform 

precipitation has much more impact on groundwater recharge rather than convective 

precipitation. On the other hand, we have emphasized the difference of time scale between 

stratiform and convective precipitation. If one thought of precipitation events with the 

same precipitation amount, the duration time would be a key agent in evaluating the 

surface-runoff and infiltration processes. We will refer this matter to a future paper. 

 

3.5. Conclusions 

We have investigated the rainfall duration bias with a RAM over Kyushu, Japan, in July 

and August from 2006 to 2015. The results showed that the DDS provided a dry bias (Fig. 

3.3) and a long-standing rainfall bias, especially over eastern Kyushu and in the part of 

northwest in Kyushu (Fig. 3.4c). The rainfall bias was emphasized for rainfall events with 

the strong rainfall peak (Fig. 3.4f). Using SOM and the K-means method, we objectively 

extracted three typical clusters of synoptic patterns related to heavy rainfall days: strong 

monsoon, weak monsoon, and typhoon (Fig. 3.5). The cluster analysis clarified that the 

model bias of rainfall duration depended on the synoptic patterns. The long-standing 

biases were in western Kyushu under the strong monsoon environment and in southern 

and east-coast Kyushu when a typhoon approaches from the south (Fig. 3.8). The typhoon 

bias was related to a strong rainfall peak in rainfall events (Fig. 3.11b). 
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A possible approach to correct the rainfall duration bias would be to scale rainfall 

durations uniformly for all rainfall events for the model output, so that the mean of rainfall 

durations for the model matches that for the observations. For example, for a positive 

duration bias, we could cut the rainfall days from an event and equally distribute the 

removed amount to the remaining rainfall. It is beyond the scope of this paper to propose 

a feasible method for bias correction of rainfall duration, however. 
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Figures 

 

 

Figure 3.1. (a) Terrain elevation in the non-hydrostatic model (NHM) domain and (b) 

magnification over Kyushu. The shading scale is shown on the right. The inner 

solid box in (a) shows the domain for our self-organizing map (SOM). 
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Figure 3.2. Schematic diagram for the definition of rainfall duration (D; h) and peak value 

(P; mm h-1) of a particular grid point in Kyushu. The sequence of hatched bars 

is regarded as a single rainfall event. 
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Figure 3.4. (a,b) Average rainfall duration (h) for (a) DDS and (b) RA-S for all rainfall 

events during July and August from 2006 to 2015. (c) Difference between DDS 

and RA-S for average rainfall duration (h). (d-f) Same as (a-c), but for rainfall 

events of which peak value exceeds 30 mm h-1. Black shadings in (d) and (f) 

show no rainfall event with its peak value exceeding 30 mm h-1. 
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Figure 3.5. (a,c,e) Composites excluding transition days for clusters (a) C0, (c) C1, and 

(e) C2 of (contours) daily mean sea-level pressure (SLP), (shading) 850 hPa 

equivalent potential temperature, and (vectors) 850-hPa horizontal wind based 

on JRA-55 reanalysis data. Contour interval is 4 hPa; the shading reference and 



59 
 

the unit vector of 20 m s-1 are posed at the bottom of (e), and the vector <5 m s-

1 is omitted. The number of heavy rainfall days is shown in the upper-left corner. 

(b,d,f) Composite for clusters (b) C0, (d) C1, and (f) C2 of (shading) RA-S 

precipitation in Kyushu island (mm day-1) and (contour) RA precipitation of 50 

mm day-1. 
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Figure 3.6. Same as Fig. 3.5, but for composites of DDS results for the dates classified 

with SOM based on JRA-55 and RA. 
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Figure 3.7. An example of a continuous rainfall across the midnight between 9 and 10 

July with (a) both the dates fallen into the same cluster C0, and (b) one date fallen into 

cluster C0 but the other not. 
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Figure 3.9. (a-c) The number of rainfall events for clusters (a) C0, (b) C1 and (c) C2 in 

DDS with the shading reference in the right. (d-f) Same as (a-c), but for RA-S. 
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Figure 3.11. Same as Fig. 3.10, but for rainfall events of which peak value exceeds 30 

mm h-1. 
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Figure 3.12. Daily mean sea-level pressure (SLP), (shading) 850-hPa equivalent 

potential temperature, and (vectors) 850-hPa horizontal wind during 4 transition events 

between cluster C0 and C1 based on JRA-55 reanalysis data. Contour interval is 4 hPa; 

the shading reference and the unit vector of 20 m s-1 are posed at the bottom of (a), and 

the vector <5 m s-1 is omitted. 
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Figure 3.13. Same as Fig. 3.12, but for 3 transition events between cluster C0 and C2. 
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Figure 3.14. Same as Fig. 3.12, but for 1 transition event between cluster C1 and C2. 
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Figure 3.15. Same as Fig. 3.5, but for the node number of 9 × 9 for SOM. 

  








































































