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Abstract 1 

   Performance of a regional climate model (RCM), WRF, for downscaling East Asian summer 2 

season climate is investigated based on 11-summer integrations associated with different climate 3 

conditions with reanalysis data as the lateral boundary conditions (LBC). It is found that while the 4 

RCM is essentially unable to improve large-scale circulation patterns in the upper troposphere for 5 

most years, it is able to simulate better lower-level meridional moisture transport in the East Asian 6 

summer monsoon. For precipitation downscaling, the RCM produces more realistic magnitude of 7 

the interannual variation in most areas of East Asia than that in the reanalysis. Furthermore, the 8 

RCM significantly improves the spatial pattern of summer rainfall over dry inland areas and 9 

mountainous areas, such as Mongolia and the Tibetan Plateau. Meanwhile, it reduces the wet bias 10 

over southeast China. Over Mongolia, however, the performance of precipitation downscaling 11 

strongly depends on the year: the WRF is skillful for normal and wet years, but not for dry years, 12 

which suggests that land surface processes play an important role in downscaling ability. Over the 13 

dry area of North China, the WRF shows the worst performance. 14 

     Additional sensitivity experiments testing land effects in downscaling suggest the initial 15 

soil moisture condition and representation of land surface processes with different schemes are 16 

sources of uncertainty for precipitation downscaling. Correction of initial soil moisture using the 17 

climatology dataset from GSWP-2 is a useful approach to robustly reducing wet bias in inland 18 

areas as well as to improve spatial distribution of precipitation. Despite the improvement on RCM 19 

downscaling, regional analyses reveal that accurate simulation of precipitation over East China, 20 

where the precipitation pattern is strongly influenced by the activity of the Meiyu/Baiu rainfall 21 

band, is difficult. Since the location of the rainfall band is closely associated with both lower-level 22 

meridional moisture transport and upper-level circulation structures, it is necessary to have 23 

realistic upper-air circulation patterns in the RCM as well as lower-level moisture transport in 24 

order to improve the circulation-associated convective rainfall band in East Asia. 25 

26 
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1. Introduction 1 

Motivated by societal and scientific demands for climate information with higher resolution, 2 

research using regional climate models (RCMs) has developed rapidly since early limited-area 3 

atmospheric models were applied to climate research (Dickinson et al. 1989; Giorgi and Bates 4 

1989). Recently, dynamical downscaling using regional atmospheric models has expanded its 5 

range of application from short-term weather prediction, seasonal to interannual variability, and 6 

global warming (e.g., Georgi et al. 2001) to paleo-climate (e.g., Diffenbaugh et al. 2006). RCMs 7 

are now widely applied as promising tools for downscaling coarse-resolution gridded data supplied 8 

from reanalysis data or general circulation model (GCM) experiments. 9 

Castro et al. (2005) classified dynamical downscaling experiments with respect to constraints 10 

imposed on RCMs, namely initial conditions and boundary conditions, and contemplated the 11 

advantage of using RCMs, i.e., whether dynamical downscaling adds value to the imposed lateral 12 

boundary conditions (LBC). For the Type 1 experiment, in which initial conditions have a 13 

principal effect on the simulated result, it is evident that the regional model has achieved 14 

significant progress in numerical weather prediction. However, for dynamical downscaling with 15 

constraints of greater degrees of freedom (types 2, 3, and 4 experiments classified in Castro et al. 16 

2005), in which the effect of initial conditions is no longer dominant and LBCs from a reanalysis 17 

or GCM’s seasonal to longer climate simulations provide constraints on the RCM large scale 18 

circulation, further investigations are required on how the RCM retains or adds value. Castro et al. 19 

(2005) and many other papers discussed adding value problem of the dynamically downscaled data 20 

for a rather small spatial and time scale. Because this is the core issue in any dynamical 21 

downscaling, we have extend the investigation of this issue to much longer time scale and larger 22 

spatial scale (Xue et al. 2007). In this paper, our main theme is only for the seasonal time scale and 23 

continental spatial scale but we still keep the same definitions for different downscaling categories 24 

as proposed by Castro et al. (2005).  25 
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 There are several factors which affect uncertainty of the result in the dynamical 1 

downscaling. In order to quantify possible causes of deficiency in downscaling generated by 2 

RCM-derived errors, it is useful to adopt reanalysis data as boundary forcing, which is referred to 3 

as a perfect boundary experiment (or type 2 experiment in Castro et al. 2005). There are many 4 

studies evaluating the value added by dynamical downscaling with the perfect boundary 5 

experiment (e.g., Castro et al. 2005; Fu et al. 2005; Xue et al. 2007; Gao et al. 2011). In addition to 6 

errors due to the quality of lateral boundary condition data (e.g., Gong and Wang 2000; Xue et al. 7 

2012), known sources of uncertainty generated through RCM experiments are horizontal 8 

resolution (e.g., Christensen et al. 1998; Mo et al. 2000; Wang et al. 2003; Zhang et al. 2003; 9 

Castro et al. 2005; Xue et al. 2007; Sato et al. 2008), domain size and location (e.g., Treadon and 10 

Petersen 1993; Xue et al. 2007; Gao et al. 2011), lateral boundary settings (Denis et al. 2003; 11 

Giorgi and Mearns 1999; Warner et al. 1997), and physics schemes (Xue et al. 2001; Liang et al. 12 

2004; Wang et al. 2004). Meanwhile, the nudging setup (including nudging method and coefficient 13 

for time scale) has been introduced to overcome the problems caused by the above mentioned 14 

factors (e.g., Marbaix et al. 2003; Gong and Wang 2000; Xu and Yang 2012). The RCM’s ability to 15 

add value in East Asian regional climate downscaling, where the region covers complex 16 

topographical features, has been extensively investigated. For instance, Gao et al. (2011) tested the 17 

RCM’s dynamical downscaling ability in an extreme flood event during the summer of 1998 using 18 

a set of numerical experiments with different land surface and cumulus schemes, initialization 19 

methods, and locations of the lateral boundary. Kang and Hong (2008) investigated the sensitivity 20 

of simulated climatology to convective parameterizations. Fu et al. (2005) conducted the RCM 21 

inter-comparison project (RMIP), in which nine RCMs participated, and found that cumulus 22 

parameterization is the most important factor that causes diversity of simulated regional climate in 23 

East Asia. Ishizaki et al. (2012) examined the RCM's ability to simulate the Japanese climate using 24 

five RCMs. They found the RCMs tend to overestimate weak rainy days and underestimate heavy 25 
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rainy days. Those studies focused on the RCM’s performance in downscaling intra-seasonal to 1 

seasonal variations, usually dealing with a typical weather event or climatological mean state. 2 

However, with substantial interannual variability in the Earth’s climate system, the results of 3 

dynamical downscaling revealed in the previous studies are likely dependent on the climate 4 

conditions during the target year/period. For example, the role of land surface processes on 5 

precipitation strongly depends on the land surface conditions in the targeting year/period (Kanae et 6 

al. 2001; Sato and Kimura 2007a). Therefore, the downscaling investigations targeting a select 7 

year/period are insufficient to lead to a general conclusion about the RCM’s performance. It is 8 

important to evaluate the RCM’s performance for multiple years and to clarify the influence of 9 

interannual variability on the RCM’s downscaling ability. We speculate that the RCM should have 10 

different performance for dry years and wet years. This hypothesis will be tested in this study.  11 

     In this study, the RCM’s ability to dynamically downscale seasonal means is evaluated first. 12 

Then our evaluation extends to multiple years in order to take into account the influence of 13 

year-to-year variation of environmental factors on performance of dynamical downscaling. The 14 

analysis and experimental domain covers East Asia (Fig. 1) which consists of five sub-domains1, 15 

Mongolia (90-120ºE, 42-52ºN), Southeast China (S.E. China; 105-120ºE, 22-28ºN), North China 16 

(N China; 105-120ºE, 32-38ºN), Northwest China (N.W. China; 90-105ºE, 35-41ºN), and the 17 

Tibetan Plateau (90-105ºE, 28-34ºN). The five sub-domains contain a variety of climate 18 

categories: cold and dry area, mountain area, tropical humid plain area, and the transition zone.  19 

The RCM’s downscaling ability in each subregion will be evaluated and compared.  This study 20 

mainly focuses on the investigation of the RCM’s performance in simulating the East Asian 21 

summer monsoon (EASM) during June-July-August (JJA).  A measure of statistical indices 22 

representing atmospheric circulation and precipitation is introduced for quantitative assessment. 23 

                                                   

1 We define the sub-domain names here for convenience in the presentation. Some sub-regions 
cover several countries and/or regions 
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     In this paper, the regional model setup is explained in Section 2; the verification data and 1 

verification method are presented in Section 3; and evaluation of downscaled results for seasonal 2 

mean as well as interannual variability is shown in Section 4. In Section 5, we will discuss 3 

physical processes responsible for affecting RCM performance using additional sensitivity 4 

experiments.  Section 6 is the conclusion. 5 

 6 

2. Model description 7 

      The regional atmospheric model adopted here is the WRF-ARW version 3.0.1 (Skamarock 8 

et al. 2008) developed at the National Center for Atmospheric Research (NCAR). Horizontal mesh 9 

size is 54 km (90 x 80 grids) and the vertical grid number is 28 layers.  Figure 1 shows the 10 

covered area. The WRF’s short wave radiation parameterization is based on Dudhia (1989), and 11 

the long wave radiation scheme is the Rapid Radiative Transfer Model (Mlawer et al. 1997). Other 12 

physical parameterizations include cumulus convection scheme (Kain 2004), cloud microphysics 13 

scheme (Hong et al. 2004), non-local parameterization of the planetary boundary layer (Hong et al. 14 

2006), MM5 similarity theory for the surface layer, and Simplified Simple Biosphere Model 15 

(SSiB) land surface (Xue et al. 1991, 2001).  The SSiB is a biophysics-based model of 16 

land-atmosphere interactions and is designed for global and regional studies. It consists of three 17 

soil layers and one vegetation layer. The aerodynamic resistance values in SSiB are determined in 18 

terms of vegetation properties, ground conditions, and bulk Richardson number according to the 19 

modified Monin–Obukhov similarity theory. The model is intended to realistically simulate the 20 

controlling biophysical processes and to provide fluxes of radiation, momentum, and sensible and 21 

latent heat to RCMs. 22 

   The WRF is driven using atmospheric and surface forcing data obtained from NCEP-DOE 23 

reanalysis 2 (NCEP2; Kanamitsu et al. 2002). NCEP2 reanalysis 2 may not be the best reanalysis 24 

products for the East Asian climate (see discussions in next section). However, this study 25 
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emphasizes how much value is added by the dynamical downscaling. We need to select the best 1 

reanalysis data as a reference to assess the model results. It is not necessary to select the best 2 

reanalysis data as a LBC. Four outmost rows of the grid points from the lateral boundary are 3 

nudged to the forcing dataset. The period of simulation is 11-year from 1993 through 2003. The 4 

initial time for each year’s numerical integration is 25 May and the ending time is 1 September of 5 

the same year, covering the East Asian summer monsoon period. The first 7 days are for spin-up 6 

and the latter 3 months (June, July, and August) are applied for analysis. Hereafter, the ensemble of 7 

the numerical experiments with the aforementioned setting is referred to as the CNTL run. In 8 

Section 5.1 we discuss the investigation on the uncertainty raised from the land surface processes. 9 

The sensitivity experiments, named NOAH and GSWP, will be introduced (See Section 5.1 for 10 

detail). 11 

 12 

3. Verification data 13 

      We evaluate the downscaled results based on statistical measure using atmospheric 14 

variables and surface precipitation. The Asian Precipitation - Highly Resolved Observational Data 15 

Integration Towards the Evaluation of Water Resources (APHRODITE; Yatagai et al. 2009) is 16 

adopted as the truth for precipitation. The APHRODITE is a daily precipitation dataset on a 17 

0.25-degree grid based on rain gauge measurements but with consideration of orographic 18 

enhancement.  19 

Since there are a limited number of observations for the atmosphere, we have to adopt 20 

reanalysis data for evaluation of the atmospheric circulation simulation. However, there are 21 

substantial differences among several available reanalysis datasets. We believe that the GAME 22 

reanalysis data (Yamazaki et al. 2003) would be most reliable for the East Asian region because, in 23 

the GAME reanalysis, additional upper-air sounding conducted during the GAME intensive 24 

observing period in 1998 was incorporated and a high-resolution GCM was used for data 25 
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assimilation (Yamazaki et al. 2003). The GAME reanalysis, however, covers only the warm season 1 

in 1998 corresponding to the intensive observation period. Therefore, we first evaluated three 2 

global reanalysis data, ERA-Interim (hereafter, ERA; Dee et al. 2011), JRA25 (Onogi et al. 2007), 3 

and NCEP2, using the GAME reanalysis data as a reference during June-July-August of 1998.  4 

The results show that all these reanalyses are generally closer to GAME reanalysis in the East 5 

Asian region. Table 1 lists the comparisons of reanalysis datasets for June-July-August in 1998 by 6 

using basic statistics of four meteorological indices (upper troposphere zonal wind, middle 7 

troposphere pressure height, lower troposphere temperature, and lower troposphere meridional 8 

moisture transport) over East Asia (85-120ºE, 25-52ºN), in which the GAME reanalysis is used as 9 

the truth. For every index, each reanalysis shows very high spatial correlation with the GAME 10 

reanalysis. Only for meridional moisture transport at 850 hPa, the NCEP2 shows slightly lower 11 

correlation. Meanwhile, JRA25 and NCEP2 have relatively large biases in the geopotential height 12 

at 500 hPa.  The ERA data appear to be closer to the GAME reanalysis. Hereafter, this study uses 13 

ERA as the verification data of the atmospheric properties. We also check the 14 

root-mean-square-error (RMSE) and find the results are very consistent with the bias. Since the 15 

bias also shows positive and negative features, to make the discussion more concise, we only 16 

present the bias in this paper.  17 

 18 

4. Assessing dynamical downscaling 19 

    The JJA-mean atmospheric 200-hPa zonal wind and 500-hPa geopotential height of the ERA 20 

reanalysis averaged from 1993 through 2003 are shown in Fig. 2. The strongest upper level zonal 21 

wind is around 40°N, which corresponds to the westerly jet running to the north of the Tibetan 22 

Plateau. The core of the westerly jet is found around 80°-90°E (Fig. 2a). The tropical easterly jet in 23 

low troposphere is observed equator-ward at around 25°N (not shown). The contrast in zonal wind 24 

in the upper troposphere is associated with the Tibetan High centered around 30°N, which is 25 
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maintained by diabatic heating resulting from deep convection in Southeast Asia as well as surface 1 

heating over the Tibetan Plateau (Hoskins and Rodwell 1995). In the middle troposphere at 2 

500-hPa, zonal structure is evident to the north of 40°N, weakly meandering and having a ridge 3 

near 100°E and a trough near 120°E (Fig. 2b). The meandering feature of 500-hPa geopotential 4 

height is associated with a distribution of arid climate in mid-latitude Asia through a modulation of 5 

mid-latitude storm activity due to large-scale orographic effects (Broccoli and Manabe 1992). The 6 

meridional gradient of geopotential height becomes weaker at lower latitudes. In the lower 7 

troposphere, temperature at 850 hPa shows a warmer area over the Middle East, North India, 8 

Central Asia, and Northern China, corresponding to the arid and semi-arid areas (not shown). 9 

Moisture transport in the lower troposphere, which is the most important feature in the convective 10 

process within the EASM, shows distinct northward moisture flow from the North Bay of Bengal 11 

and coastal regions over Southeast China as a result of conjunction of southwesterly flow from the 12 

Indian Monsoon and clockwise circulation due to the Western North Pacific subtropical High (Fig. 13 

3). 14 

 15 

4.1 Validation of dynamical downscaling of circulation  16 

     Figure 3 shows comparisons of upper-level zonal wind (U200), middle-level geopotential 17 

height (H500), and meridional moisture flux (vq850) for ERA, which is taken as a reference in this 18 

study, NCEP2 (LBC data), and CNTL (downscaled). The CNTL results in Fig. 4 are from the 19 

average of the 11-year simulations.  Long-term mean structures for U200 in ERA and NCEP2 are 20 

very similar as spatial correlation reaches 0.99 (Table 2). In CNTL, however, the westerly jet core 21 

along with the associated minimum wind center appears further to the west. Meanwhile, the high 22 

wind speed center over the Philippian area as shown in the reanalyses is extended northwest onto 23 

the continent in CNTL. These deficiencies lead to lower spatial correlation and large biases for the 24 

200-hPa zonal wind. In contrast, CNTL captures the spatial pattern in middle tropospheric 25 
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geopotential height as the correlation coefficient is 0.96. Meanwhile, it also produces a lot of 1 

small-scale spatial variability corresponding to its relatively high resolution compared with 2 

reanalyses (Fig. 3). The simulated northern part of the southwest-northeast oriented trough axis, 3 

however, shifts much to the west, resulting in low geopotential height appearing in northern China 4 

and Mongolia and contributing to the significant negative bias (Table 2). The CNTL run has a large 5 

cold bias in temperature at 850 hPa. The comparison indicates that dynamical downscaling in this 6 

study over East Asia does not successfully add value to the forcing reanalysis data in terms of the 7 

atmospheric structure in the upper and middle troposphere, which is consistent with previous 8 

studies using simulations of a few years (e.g., Castro et al. 2005; Gao et al. 2011). 9 

On the other hand, the downscaled meridional moisture transport at 850 hPa (vq850), 10 

which is crucially important for EASM precipitation activity, retains a similar spatial correlation to 11 

the driving reanalysis, in which 11-year mean correlation coefficients are 0.82 and 0.81 for NCEP2 12 

and CNTL, respectively (Table 2). Mean bias in vq850, however, is significantly reduced 13 

according to the downscaling (Table 2). The value added in low-level meridional moisture 14 

transport has also been found in other downscaling studies (e.g., Xue et al. 2007).  It should be 15 

pointed out that to assess the model’s ability to improve interannual variability, the 11-year 16 

statistics are based on every year’s statistics and then the averages of these results are reported in 17 

Table 2 (and other similar tables in this paper). Table 2 demonstrates that dynamical downscaling 18 

is likely to improve the simulation of the vq850 pattern’s interannual variability. Considering the 19 

fact that the vq850 is a crucial factor affecting the convective activity in EASM, it is expected that 20 

the JJA precipitation in East Asia may have robust improvement due to dynamical downscaling. 21 

 22 

4.2 Verification of dynamical downscaling of precipitation 23 

        Many studies have suggested that dynamical downscaling improves the spatial pattern of 24 

warm season rainfall due to its high resolution for topography and/or physical representations (e.g., 25 
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Christensen et al. 1998; Mo et al. 2000; Wang, et al. 2003; Zhang et al. 2003; De Sales and Xue 1 

2006; Sato et al. 2008). However, few studies (e.g., De Sales and Xue 2011) focused on the 2 

interannual variation of precipitation. In this section, we will analyze downscaled precipitation for 3 

each year in order to clarify whether the RCM is capable of simulating interannual variation of 4 

EASM precipitation features that is controlled by interannual variation of large-scale circulations. 5 

        Figure 4 illustrates 11-year JJA-mean precipitation in the observation (APHRODITE), 6 

NCEP2, and CNTL. Obviously, precipitation in CNTL successfully captures detailed distribution 7 

of precipitation in East Asia that was originally absent in the reanalysis data, which agrees with 8 

previous studies (e.g., Xie et al. 2006; Sato et al. 2007c; De Sales and Xue 2011). NCEP2 9 

significantly overestimates precipitation over southeastern Asia. The precipitation to the south of 10 

the Yangtze River in China also has a substantially wet bias, which was overcome in the CNTL.  11 

In particular, orographic enhancement of precipitation is found to be improved over the Himalayas 12 

and complex terrain over the Tibetan Plateau, as well as the Tian Shan Mountains located in 13 

Northwestern China. The meridional contrasting feature of aridity along North China and 14 

Mongolia is more accurately simulated in CNTL. NCEP2 overestimates the extremely arid area 15 

there.  However, CNTL also shows some deficiencies in downscaling. Mean precipitation due to 16 

northeastward migration of EASM, for instance, is overestimated in CNTL, which causes stronger 17 

precipitation in the Huai River basin (between 30°N to 40°N). CNTL fails to reproduce high 18 

precipitation along the western coastal area in the eastern Bay of Bengal probably due to its 19 

location too close to the boundary. A spectacular amount of convective precipitation is simulated in 20 

the Bay of Bengal and northern Indochina Peninsula in CNTL, which is also the southern 21 

boundary of the domain. This feature is probably related to the WRF-ARW’s LBC treatment in the 22 

tropical region. Furthermore, precipitation over the East China Sea is low compared to the Climate 23 

Prediction Center Merged Analysis of Precipitation (Xie and Arkin 1997. not shown). 24 

The comparison of average JJA precipitation statistics in NCEP2 and CNTL is 25 
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summarized in Table 3. The correlation coefficients are calculated against observation for each 1 

year from 1993 through 2003, and then mean correlation coefficient is calculated. Therefore, these 2 

statistics also include the information of the interannual variability, which will be the focus of the 3 

next section.  We have conducted the T-test to check whether the differences between NCEP2 and 4 

CNTL are statistically significant.  It turns out that except for the correlation difference in 5 

Northwest China and Southeast China, correlation differences in other subregions and bias 6 

difference in every subregion are statistically significant at more than a 90% level.  Among them 7 

the majority have more than 95% significance level.  Table 3 shows that the WRF produces 8 

higher spatial correlation with observation than NCEP2 for the whole domain, consistent with our 9 

discussion based on Fig. 4.  However, the model has different downscaling ability over different 10 

subregions. Precipitation in North China deteriorates in the CNTL run with both lower spatial 11 

correlation and larger bias compared to the NCEP2. The bias in North China indicates that the 12 

rainfall along the Meiyu rainfall band was too strong, which might be responsible for the 13 

meridional position of the westerly jet axis and will be addressed in Section 5.2. Over the 14 

Mongolian domain the spatial pattern of precipitation is ameliorated, although the bias gets 15 

significantly larger, which also will be discussed later. Opposite to the Mongolian domain, the 16 

downscaled JJA precipitation in S.E. China produces lower bias but similar spatial correlation 17 

(very low) to the NCEP2. In N.W. China, which covers the northern part of the Tibetan Plateau and 18 

Loess Plateau, the spatial pattern of precipitation is slightly better in CNTL than NCEP2. Over the 19 

Tibetan Plateau, downscaled precipitation produces a significantly higher spatial pattern 20 

correlation with lower bias. By and large, the reduction of the wet bias or the increase in 21 

correlation in CNTL is robust even when we take the interannual variation into account. 22 

       23 

4.3 Regional and interannual dependence of precipitation downscaling ability 24 

 To more closely evaluate the WRF’s ability to downscale precipitation interannual 25 
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variability, we examine the model performance over five subdomains with more comprehensive 1 

analyses. 2 

 3 

4.3.1 The Mongolian subdomain 4 

     This section examines the effect of dynamical downscaling for each year over the 5 

Mongolian region, which is defined in the introduction. The dynamical downscaling over East 6 

Asia has the best performance in this region. Figure 5 shows the Taylor diagram (Taylor 2001) for 7 

JJA precipitation over Mongolia. In many studies, the Taylor diagram is used to investigate the 8 

difference of the model results relative to the reference data by showing spatial correlation and 9 

standard deviation after subtracting the mean of the atmospheric variables. The systematic bias is 10 

taken out.  The precipitation deviation from its mean is then normalized with standard deviation 11 

of observed JJA precipitation in each year to make the results from different years more 12 

compatible. Therefore, the radial axis in Fig. 5 represents the normalized precipitation instead of 13 

the absolute precipitation amount in each year. The angle from the lateral axis indicates the pattern 14 

correlation, and the radius from the origin (0, 0) indicates the standard deviation against the 15 

observed precipitation’s; i.e., the value 1 indicates that simulated and observed standard deviation 16 

are equal. The distance from the reference (APHRODITE’s observation, red star) corresponds to 17 

the relative root mean squared error (RMSE). The 2-digit numbers shown in Fig. 5 correspond to 18 

the year evaluated. The two sensitivity experiments (NOAH and GSWP) are also plotted and will 19 

be discussed in Section 5. Two-digit numbers with different colors plotted in the diagram indicate 20 

the year analyzed with different experiments, respectively. For example, the years with red colors 21 

(CNTL) are clearly separated from the years with black colors (NCEP2). In most years, the RMSE 22 

and pattern correlation in CNTL are better than in NCEP2. Further analysis indicates that the 23 

downscaling performance is associated with ability to simulate interannual variation of the JJA 24 

mean precipitation over Central Mongolia. With careful comparison for each year, the effect of 25 
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dynamical downscaling is classified into two groups—the years with significant improvements 1 

(1993, 1994, 1995, 1996, 1997, and 2000) and the years with no improvements (1998, 1999, 2001, 2 

and 2002)—which indicates that the effect of dynamical downscaling for the Mongolian region 3 

precipitation depends on the targeting year, and hence, to make an objective evaluation, the 4 

verification of downscaling ability should be conducted for multiple years. 5 

To identify under what conditions the RCM causes better downscaling, we delineate the 6 

interannual variation of JJA precipitation over Mongolia (Fig. 6). The summers of 1999, 2001, and 7 

2002 have the lowest precipitation during the period of this study. It seems the dynamical 8 

downscaling over Mongolia does not induce meaningful improvement for those dry summers. It 9 

has been suggested that the lower performance for those dry years is attributed to the treatment of 10 

land surface processes since the effects of soil moisture and evapotranspiration become more 11 

important under dry conditions than those expected under wet conditions (Koster et al. 2004; Guo 12 

et al. 2006; Fischer et al. 2007). In Section 5.2, further discussion is conducted with two sensitivity 13 

experiments on this issue. 14 

On the other hand, the simulated precipitation pattern deteriorates in 1998 despite 15 

abundant precipitation in Mongolia during the summer. It is well known that the EASM in 1998 16 

brought massive precipitation in many areas in East Asia (Wang et al. 2003). Precipitation in 17 

eastern Mongolia was also very large during the JJA summer (not shown). However, the WRF fails 18 

to simulate northward migration of the Meiyu/Baiu front in 1998, which affects precipitation 19 

scores in the Mongolian region in 1998 in CNTL. Despite the deficiency in simulating the 20 

precipitation amount, however, the simulated standard deviation is improved and the RMSE 21 

remains about the same (Fig. 5) 22 

In summary, the RCM is capable of improving JJA precipitation in Mongolia in normal 23 

and most wet years. In contrast, the dynamical downscaling ability is limited in dry years, which 24 

may be attributed to surface processes in the RCM and will be discussed later. 25 
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 1 

4.3.2 Four other subdomains 2 

      In the other four subregions, the improvement and the relationship between WRF 3 

downscaling ability and dry/wet years are not as clear as in the Mongolian subregion. Figure 7 4 

shows the Taylor diagram of JJA precipitation for the other four subdomains and shows that the 5 

WRF generally has better simulations than NCEP2 Reanalysis in S.E. China, N.W. China, and the 6 

Tibetan regions. Over S.E. China, dynamical downscaling has the best performance among these 7 

four regions. It improves standard deviation for all 11 years and pattern correlation for six out of 8 

11 years. Only one year’s correlation gets worse. In N. China, the WRF has the worst performance. 9 

Both RMSE and spatial correlation get worse after dynamical downscaling (Fig. 7b). Over S.E. 10 

China and N. China, southerly wind is dominant during the EASM. Since S.E. China is located 11 

upstream of the southerly wind and closer to the southern lateral boundary, the imposed LBC may 12 

help the precipitation downscaling. Different from the Mongolian region, the precipitation in N. 13 

China very much depends on the EASM’s northward movement. Its adequate simulation is very 14 

challenging and the WRF apparently fails to produce this feature well. The deficiency in 15 

simulation of the upper level jet may also affect the precipitation simulation in N. China. 16 

In the two western regions, the downscaling makes improvements in some aspects but no 17 

improvement or even deterioration in other aspects. The spatial correlation of JJA precipitation in 18 

N.W. China (Fig. 7c) is slightly improved in five out of 11 years. Meanwhile, the standard 19 

deviation and RMSE are similar. Downscaled precipitation has improved spatial correlation in the 20 

Tibetan Plateau for all 11 years, but standard deviation is too high and RMSE is also larger in 21 

CNTL than NCEP2 (Fig. 7d). Better representation of complex terrains in the RCM should help 22 

better CNTL’s simulation of precipitation pattern in the Tibetan Plateau.  23 

The precipitation bias for individual year is investigated. In N. China, N.W. China, and 24 

Tibetan Plateau, wet bias tends to be large in dry years, i.e., too much rainfall in dry years (not 25 
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shown), which is similar to what we found in Mongolia (Fig. 6). Contrastingly, in S.E. China, dry 1 

bias is significant in wet years while the bias is relatively small in dry years (not shown). The 2 

precipitation bias depends on the year and the region. In addition, we also analyze the standard 3 

deviation for interannual variation of JJA precipitation for each sub-domain (Table 4). Consistent 4 

with the general improvements discussed above, the interannual variation of precipitation is much 5 

improved after dynamical downscaling except for S.E. China, which suggests that dynamical 6 

downscaling plays a role in improving the simulation of the summer precipitation interannual 7 

variation. This discovery is different from another downscaling study (De Sales and Xue 2012), in 8 

which the 22-year winter prediction for North America from the NCEP Climate Forecast System is 9 

downscaled.  De Sales and Xue (2012) have found that although the RCM improves the spatial 10 

distribution and intensity of precipitation substantially, there is no improvement in interannual 11 

variability. Whether this is due to different domains, seasons, or imposed LBCs requires further 12 

investigation with more models. 13 

 14 

5. Discussion 15 

5.1 Influence of land surface processes during dry years 16 

        Figure 5 shows that downscaled precipitation has no improvement in relatively drier 17 

years such as 1999, 2001, and 2002. In fact, low precipitation in summer of 2002 was the most 18 

serious of the last few decades, having caused severe drought in Mongolia (Natsagdorj and 19 

Dagvadorj 2010). Land surface processes have been considered as a major factor that affects RCM 20 

downscaling (Xue et al. 2001, 2004).  Because East Asia has been identified as one of the regions 21 

having strongest land/atmosphere interactions (Xue et al. 2010b), we conduct an additional 22 

experiment to clarify the role of land surface processes in downscaling in East Asia.  Two 23 

sensitivity experiments are conducted. Firstly, NCEP2-derived initial soil moisture is replaced by 24 

soil moisture based on the Second Global Soil Wetness Project (GSWP-2, Dirmeyer et al. 2006) in 25 
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order to verify the sensitivity of downscaling ability to initial soil moisture data (referred to as 1 

GSWP experiment). Initial soil moisture has been considered to have a strong effect on 2 

precipitation downscaling (e.g., Pielke et al. 1999).  Secondary, the SSiB land surface scheme is 3 

replaced with Noah-LSM (referred to as NOAH experiment. Chen and Dudhia 2001) to investigate 4 

the uncertainty of precipitation downscaling due to land surface schemes.  5 

In the GSWP-2 13 land surface models participated in a 10-year simulation with observed 6 

climate and reanalysis forcing (Dirmeyer et al. 2006). Due to data availability, in this study we 7 

used multi-model ensemble monthly mean climatology (1986-1995) soil moisture in May as the 8 

initial condition for the GSWP run. The multi-model ensemble means normally show better 9 

climate representation unless systematic biases for every model exist (Xue et al. 2010a). Since it is 10 

difficult to accurately measure soil moisture at the continental scale from ground and satellite 11 

observations, we consider the climatology of the GSWP-2 as the best available data set. The 12 

comparison of soil moisture between GSWP-2 and NCEP2 (Fig. 8) shows that the soil moisture in 13 

NCEP2 reanalysis (hence CNTL initial condition) is apparently wetter than the GSWP-2’s 14 

estimation. In particular, initial soil moisture in GSWP over N.W. China and Mongolia is drier than 15 

that in CNTL by more than 20%. Over dry regions around N. China and Mongolia, 16 

column-integrated soil moisture in GSWP-2 is 0.2 kg m-2 less than in the NCEP2 (0.60 kg m-2 for 17 

N. China and 0.46 kg m-2 for Mongolia, respectively, in NCEP2). Since the soil moisture anomaly 18 

has substantial influence on precipitation in arid and semi-arid regions (Guo et al. 2006), it is 19 

necessary to test whether the initial soil moisture in CNTL is responsible for the large precipitation 20 

bias over Mongolia in CNTL (Table 3).  21 

        Figure 5 shows the Taylor diagram for three experiments: CNTL, GSWP, and NOAH 22 

over the Mongolian region. The results from the GSWP experiment apparently show the best 23 

performance. Over the Mongolian region, more than 80 % of precipitation during May to October 24 

in 1998 comes from the evaporation around that area (Yoshimura et al. 2004). Sato et al. (2007b) 25 
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has also shown that a large portion of atmospheric moisture is supplied as a result of 1 

evapotranspiration from the land surface over inland areas like Mongolia. By analyzing moisture 2 

sources around Northeast Asia, Sato et al. (2007b) found that one third of atmospheric moisture 3 

was maintained by local evapotranspiration in Mongolia. The largest contributor is 4 

evapotranspiration in upstream regions such as Siberia. Therefore, accurate evapotranspiration 5 

over inland areas is crucial for higher precipitation scores. In contrast, the contribution of local 6 

evapotranspiration becomes smaller in N. China and S.E. China as larger amounts of moisture are 7 

supplied from tropical oceans by EASM flow (Sato 2009), which should partially explain the WRF 8 

downscaling performance discussed in Section 4.  9 

Figure 6 shows that wetter initial soil moisture in CNTL produces overestimated JJA 10 

precipitation while corrected (lower) initial soil moisture brings reasonable precipitation in the 11 

GSWP run and reduces the RMSE (Fig. 5). Meanwhile, spatial pattern correlation is also improved 12 

owing to the initial soil moisture correction. Figure 9 shows differences in surface fluxes between 13 

the GSWP and CNTL runs. In the GSWP run latent heat flux is significantly reduced because of 14 

less initial soil moisture; then more energy is partitioned into sensible heat flux in almost all areas 15 

in East Asia. The amount of latent heat decrease is most prominent in Mongolia, N. China, and 16 

N.W. China where soil moisture is very low (Fig. 8). This means that initial soil moisture reduction 17 

in the GSWP run strongly limits the moisture supply to the atmosphere in the semi-arid and arid 18 

drylands. Figures 5 and 7 show that the initial soil moisture effect is more important in Mongolia 19 

and N.W. China than in other sub-domains.  In these two regions, the results from the GSWP runs 20 

are clearly separated from other runs and NCEP2.  These two regions are located in inland/high 21 

altitudes where moisture supply from the ocean is hard to reach. The contribution ratio of land 22 

evapotranspiration to total atmospheric moisture should be relatively large compared to other 23 

sub-domains. In other words, sensitivity of precipitation to initial soil moisture depends on the 24 

moisture recycling ratio. Additionally, a large moisture gradient between land and atmosphere (i.e., 25 
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dry atmosphere and wetter soil) efficiently releases water from the vegetation surface toward the 1 

atmosphere. This supports the fact that the GSWP run has a significant improvement in 2 

performance in dry years (such as 1999, 2001, and 2002) while CNTL run fails to add value to the 3 

forcing reanalysis data.  4 

To more clearly demonstrate the effect of initial soil moisture on dry years, the 5 

precipitation and moisture flux anomaly patterns in JJA 2002 are shown in Fig. 10. The 6 

precipitation in 2002 was very low compared to the 11-year climatology. It was less than 50% 7 

compared to climatology in Central Mongolia. In the CNTL run, the observed anomalous pattern is 8 

not properly simulated (Fig. 10b). With the initial soil moisture correction, the GSWP run captures 9 

the anomalous precipitation pattern around Central Mongolia in 2002 (Fig. 10c). The initial soil 10 

moisture has a strong impact on the local water recycling. But its effect on the synoptic-scale 11 

circulation pattern is unclear (not shown). 12 

Although the absolute value of the Mongolian precipitation is closer to observation in 13 

the GSWP run than in CNTL (Fig. 6), the precipitation in GSWP still overestimates after 1999, a 14 

dry period. This is probably due to the use of the 10-year average (1986-1995) soil moisture in the 15 

GSWP run. In dry years, such as 1999, 2000, 2001, and 2002, soil moisture is expected to be lower 16 

than climatology. Therefore, it is desirable to use corrected soil moisture with interannual variation 17 

taken into account. In addition, interannual variation of land surface conditions, such as albedo, 18 

vegetation fraction, and roughness, would be important since some studies have pointed out the 19 

influences of land surface parameters on interannual variability of precipitation (Park and Hong 20 

2004; Li and Xue 2005; Kang et al. 2007). 21 

 In the land scheme experiment, the runs for the NOAH experiment are clearly separated 22 

from the CNTL (Fig. 7) with less improvement from the reanalysis data, which suggests that land 23 

surface scheme has a deterministic effect on the performance of the precipitation downscaling, 24 

particularly in dry areas like Mongolia. However, the soil moisture effect in this area is larger than 25 
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the land scheme effects (Fig. 6).  Since the land model in NCEP2 is the predecessor of NOAH, 1 

the close performance between NCEP2 and NOAH again confirms the land processes’ crucial role 2 

in regional climate downscaling. Over S.E. China and N. China, NOAH tends to have lower 3 

performance for spatial correlation (0.04 and -0.23, respectively) than CNTL but similar results for 4 

RMSE and standard deviation. Over N.W. China and the Tibetan Plateau, NOAH and CNTL show 5 

similar spatial correlation, but biases tend to be larger in NOAH (0.96 and 3.63, respectively). A 6 

comprehensive discussion for the causes of the differences between CNTL and NOAH is out of the 7 

scope and not the purpose of this paper. The results present here just indicate that the land surface 8 

process/parameterizations is one of the important causes that produced the diverse in the RCM 9 

performance. The experiments with different land schemes are preliminary.  More experiments 10 

are required to comprehensively investigate the impact of land surface schemes on the ability of 11 

dynamical downscaling for long time scales. 12 

     Re-initialization of atmospheric variables is a useful approach to improve precipitation 13 

scores around the N. China and N.W. China (e.g., Gao et al. 2011). The GSWP runs in this study 14 

suggest the re-initialization of soil moisture has the potential to improve the precipitation 15 

downscaling. Since the water recycling is an important process for  precipitation in the arid 16 

region, the frequent correction of soil moisture has a role to ameliorate precipitation biases, 17 

especially for longer term simulations. The RCM requires sufficient spin-up duration in the arid 18 

regions when initial soil moisture contains biases because the adjustment of soil moisture takes a 19 

long time during dry condition. Our result suggests that the spin-up duration would be shortened in 20 

the arid regions if one can reduce biases in initial soil moisture. Further sensitivity studies are 21 

necessary to examine the relationship between the length of spin-up duration and precipitation 22 

downscaling. 23 

 24 

5.2 Large-scale circulation and location of Baiu/Meiyu front 25 
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      In Section 4.3.2, we confirmed that simulated precipitation along the Meiyu/Baiu front has 1 

very low spatial correlation (N. China, Fig. 7b), which is caused by an incorrect location of the 2 

precipitation belt along the Meiyu/Baiu front. This system is established under the complicated 3 

thermodynamic balance among southward cold air flow along the Baiu trough and lower-level 4 

humid southerly wind driven by the EASM and the Pacific high (e.g., Ninomiya and Akiyama 5 

1992). Studies have found the role of the upper westerly jet to determine the location of the 6 

precipitation belt (e.g., Liang and Wang 1998; Yoshikane et al. 2001; Sampe and Xie 2010). We 7 

find that dynamical downscaling does not improve upper air large scale structures, such as zonal 8 

wind speed (Fig. 3, Table 2). Castro et al. (2005) also showed large errors in synoptic-scale 9 

circulation patterns in results from Type 2 downscaling. Thus, low performance for the 10 

Baiu/Meiyu rainfall band is probably attributed to the problem of adequate simulation of upper air 11 

circulation, especially in the westerly jet. Since the location of the westerly jet is determined by 12 

many different factors, such as interaction of zonal mean flow and mountain ranges, diabatic 13 

heating in the tropics and the Tibetan Plateau, and condensation heating along the Baiu/Meiyu 14 

front, it is difficult to simulate the position of the westerly jet axis even with sophisticated models. 15 

Some studies suggest a spectral nudging method (e.g., von Storch et al. 2000). Once position of the 16 

westerly jet is improved, location of the precipitation belt is expected to improve, which eventually 17 

leads to higher performance in the precipitation pattern in N. China. We conjecture that relatively 18 

lower performance in 1998 over Mongolia (Fig. 5) is also associated with the biases in large scale 19 

features.  A great deal of effort must be carried out to study how to improve the mesoscale 20 

features by dynamical downscaling through the improvement of large-scale circulation patterns. 21 

 22 

 23 

6. Conclusion 24 

     In this study, the application of dynamical downscaling for simulating East Asian 25 
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summer regional climate and its interannual variability is examined using the WRF model. 1 

Simulations driven by the NCEP reanalysis II are conducted for 11 years in order to investigate the 2 

possible influence of interannual variation on downscaling ability. Statistical analysis based on the 3 

downscaled data reveal that dynamical downscaling does not add value to large-scale features in 4 

the upper and middle troposphere while meridional moisture transport in the lower troposphere is 5 

improved after dynamical downscaling. 6 

     For precipitation over East Asia, it is confirmed that dynamical downscaling successfully 7 

improves the precipitation pattern over Mongolia and the Tibetan Plateau where precipitation is 8 

largely affected by topographic forcing and land-atmosphere interaction. Furthermore, interannual 9 

variation is well produced by dynamical downscaling in all sub-domains except for S.E. China. 10 

Over Mongolia, the performance in precipitation downscaling is strongly dependent on the year: 11 

the RCM is skillful for normal and wet years, but not skillful for dry years, which suggests that 12 

land surface processes play a dominant role in controlling downscaling ability. 13 

     A sensitivity experiment using GSWP-2-based soil moisture shows that precipitation bias is 14 

significantly reduced by using corrected initial soil moisture in comparison to the control 15 

experiment which uses NCEP2-derived soil moisture as an initial condition. The experiment also 16 

suggests that the correction of initial soil moisture is necessary to improve precipitation scores for 17 

dry years, for which simulation originally failed. Another sensitivity experiment using different 18 

land surface schemes suggested that precipitation downscaling skill in inland areas is very 19 

sensitive to the parameterizations of the land surface processes.  20 

      Analysis for the sub-domains indicates that precipitation features in N. China are the most 21 

difficult to improve by dynamical downscaling because the location and activity of the Meiyu/Baiu 22 

front is closely associated with both lower-level meridional moisture transport and upper-level 23 

structures. It is necessary to have a realistic upper-air circulation pattern in the RCM as well as 24 

lower-level moisture transport in order to improve the self-organized convective rainfall band in 25 
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East Asia over that region. Further studies are necessary to improve the RCM’s performance for 1 

large scale circulation. 2 
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Table 1: Spatial pattern correlation (SC) and mean bias (BIAS) of circulation indices in 1 

ERA-Interim, JRA25, and NCEP2 against the GAME reanalysis over East Asia (85-1202 

ºE, 25-52ºN) for JJA 1998. Indices are zonal wind speed at 200 hPa (U200, m sec-1), 3 

geopotential height at 500 hPa (H500, m), temperature at 850 hPa (T850, K), and 4 

meridional moisture flux at 850 hPa (vq850, g m kg-1 sec-1). 5 

  SC BIAS 

ERA U200 1 0.37 

H500 1 0.01 

T850 1 0.14 

vq850 0.97 -3.0 

JRA U200 1 0.47 

H500 1 1.27 

T850 0.98 -0.06 

vq850 0.98 -5.0 

NCEP2 U200 1 -0.28 

H500 1 4.24 

T850 0.98 0.27 

vq850 0.94 -1.0 

6 
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Table 2: Spatial pattern correlation (SC) and mean bias (BIAS) of circulation indices in NCEP2 1 

and CNTL run against the ERA-Interim over East Asia (85-120ºE, 25-52ºN) during JJA 2 

over 1993-2003. SC and BIAS are expressed as the 11-year averages of SC and BIAS 3 

computed for each year, respectively. The units are the same as in Table 1.  4 

 5 

 6 

 7 

 8 

9 



34 

 

Table 3: Spatial pattern correlation (SC) and mean bias (BIAS, mm day-1) of JJA precipitation for 1 

5 sub-domains in NCEP2 and CNTL run against the APHRODITE observation. SC and 2 

BIAS are expressed as the 11-year averages of SC and BIAS computed for each year, 3 

respectively.  4 

  SC BIAS 

NCEP2 Whole 0.61 1.00 

Mongolia 0.63 0.50 

S.E. China 0.29 3.04 

N. China 0.64 0.69 

N.W. China 0.80 0.36 

Tibetan Plateau  0.06 3.88 

CNTL Whole 0.65 1.23 

Mongolia 0.69 1.36 

S.E. China 0.29 -1.12 

N. China 0.03 2.36 

N.W. China 0.83 0.79 

Tibetan Plateau  0.35 3.28 

 5 

6 
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Table 4: Standard deviation for interannual variation of JJA precipitation (mm day-1) over 5 1 

sub-domains in observation (APHRODITE), NCEP2, and CNTL run, respectively. 2 

 3 

 4 

 5 

 6 

 7 

  8 

 9 

10 
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Figure Captions 1 

Figure 1: Topography in study area and experimental domain. Rectangles show sub-domains for analysis; 2 

Mongolia (90-120ºE, 42-52ºN), Southeast China (105-120ºE, 22-28ºN), North China (105-120ºE, 3 

32-38ºN), Northwest China (90-105ºE, 35-41ºN), and Tibetan Plateau (90-105ºE, 28-34ºN). 4 

Figure 2: Eleven-year (1993-2003) JJA mean (a) U200 (m sec-1) and (b) H500 (m) in ERA-Interim. 5 

Figure 3: Eleven-year (1993-2003) JJA mean U200 (top, m sec-1), H500 (middle, m), and vq850 (bottom, m 6 

sec-1) in ERA-Interim (left), NCEP2 (middle), and CNTL run (right). Zonal mean of U200 and H500 7 

are removed in each figure.   8 

Figure 4: JJA mean precipitation (mm day-1) in (a) observation (APHRODITE), (b) NCEP2, and (c) CNTL run 9 

from 1993 to 2003.   10 

Figure 5: Taylor diagram of JJA precipitation over Mongolia using observation (APHRODITE) as reference data 11 

(shown at red star). 2-digit numbers plotted in the diagram indicate the year analyzed. Normalized 12 

standard deviation is used to compare multiple years. Black for NCEP2, red for CNTL run, green for 13 

NOAH run, and blue for GSWP run, respectively. 14 

Figure 6: Interannual variation of JJA precipitation (mm day-1) in Mongolia for observation (APHRODITE) and 15 

three experiments. 16 

Figure 7: As in Fig. 5, but for (a) S.E. China, (b) N.E. China, (c) N.W. China, and (d) Tibetan Plateau. Black for 17 

NCEP2, red for CNTL run, and blue for GSWP run. 18 

Figure 8: Column total soil moisture (kg m-2) at the initial state of experiment in (a) CNTL and (b) GSWP run. 19 

Since 6-hourly soil moisture data at 25 May every year is used in CNTL, (a) is shown as 11-year mean 20 

at 25 May. 21 

Figure 9: 11-year mean JJA sensible heat flux (W m-2) and latent heat flux (W m-2) differences between GSWP 22 

and CNTL experiments. 23 

Figure 10: Precipitation (mm month-1) and vertical integrated moisture flux (kg m-1 sec-1) anomalies in JJA 2002 24 

from 11-year JJA mean (1993-2003). Precipitation anomaly is expressed as ratio (%) against 11-year 25 
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mean state. (a) Observation (APHRODITE), (b) CNTL run, (c) GSWP run.   NCEP2 data are used to 1 

draw moisture flux in (a). 2 

 3 

 4 

 5 

 6 


