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ABSTRACT

In this study, we investigate the skills of the regional climatemodel Consortium for Small-ScaleModeling in

ClimateMode (CCLM) in reproducing historical climatic features and their added value to the driving global

climate models (GCMs) of the Coordinated Regional Climate Downscaling Experiment—East Asia

(CORDEX-EA) domain. An ensemble of climate simulations, with a resolution of 0.448, was conducted by

downscaling four GCMs: CNRM-CM5, EC-EARTH, HadGEM2, and MPI-ESM-LR. The CCLM outputs

were comparedwith different observations and reanalysis datasets. Results showed strong seasonal variability

of CCLM’s ability in reproducing climatological means, variability, and extremes. The bias of the simulated

summer temperatures is generally smaller than that of the winter temperatures; in addition, areas where

CCLMadds value to the drivingGCMs in simulating temperature are larger in the winter than in the summer.

CCLM outperforms GCMs in terms of generating climatological precipitation means and daily precipitation

distributions for most regions in the winter, but this is not always the case for the summer. It was found that

CCLM biases are partly inherited from GCMs and are significantly shaped by structural biases of CCLM.

Furthermore, downscaled simulations show added value in capturing features of consecutive wet days for the

tropics and of consecutive dry days for areas to the north of 308N. We found considerable uncertainty from

reanalysis and observation datasets in temperatures and precipitation climatological means for some regions

that rival bias values of GCMs and CCLM simulations. We recommend carefully selecting reference datasets

when evaluating modeled climate means.

1. Introduction

Climatic changes have significant impacts on natural

and human systems worldwide. In particular, changes in

climate extremes such as heat waves, droughts, and floods

associated with medium- and high-emissions scenarios for

this century present high risks of abrupt and irreversible

changes to terrestrial and ocean ecosystems, freshwater

resources, food production, and human health (IPCC

2014a). Global climate models (GCMs) and Earth sys-

tem models (ESMs) are the primary and most compre-

hensive tools used to simulate past and future climatic

change. They have been demonstrated to capture cli-

mate variability and features at both continental and

global scales (Sperber et al. 2013). However, GCMs and

ESMs are less effective at simulating regional climate in-

formation because of their generally coarse resolution,

which currently ranges from 100 to 200 km for the at-

mospheric component and approximately 100 km for

the oceanic component (Bao et al. 2015). Hostetler et al.

(2011), for instance, showed that global spatial patterns

and gradients of air temperature can generally be
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captured by GCMs, while those of precipitation are not

resolved as satisfactorily. Most GCMs tend to over-

estimate precipitation levels for the western region of

North America while underestimating levels for the

eastern region of North America. Mehran et al. (2014)

validated phase 5 of the Coupled Model Intercomparison

Project (CMIP5) GCMs against Global Precipitation Cli-

matology Project (GPCP) precipitation data and con-

cluded that CMIP5 GCMs are in good agreement with

GPCP data in several areas but not for arid and certain

subcontinental regions such as northern Eurasia and

eastern Russia. CMIP5 GCMs generally exhibit limited

ability to simulate high quartiles of precipitation and

overestimate precipitation levels for regions character-

ized by complex topography. On the basis of a gridded

observational extreme index dataset [Hadley Centre

global climate extremes index 2 (HadEX2)], Sillmann

et al. (2013) showed that CMIP5 GCMs are able to sim-

ulate climate extremes and related trend patterns. They

also suggested using reference datasets carefully when

evaluating climatemodel simulations in terms of extremes

indices while considering significant sources of uncertainty

among reference datasets.

Climate changes, especially in the case of extreme

climate change, generally feature high levels of spatial

and temporal variability. A better understanding of re-

gional climate characteristics with a focus on the fre-

quency and intensity of extreme events and related changes

is of vital importance to climate risk assessments as well

as adaptation implementation for regional communities.

A better representation of these local specifications can

typically be obtained through either empirical–statistical

downscaling or dynamical downscaling. The latter gener-

ally uses regional climatemodels (RCMs) driven byGCM

output or reanalysis data to derive regional climate in-

formation. Regional climate modeling was pioneered by

Giorgi and Bates (1989) and has been widely used in cli-

mate change and extreme climate event studies conducted

at regional and local scales. From high spatial resolutions

of limited areas, RCMs can capture physiographic fea-

tures such as coastlines, mountains, and surface charac-

teristics in great detail and can consequently reproduce

finescale atmospheric processes and features and espe-

cially for regions along coasts and with complex topo-

graphical characteristics (Feser et al. 2011; Li et al. 2016;

Li 2017; von Storch et al. 2017).

East Asia is one of the most vulnerable regions to

climate change because of its various terrestrial fea-

tures, complex climate system, and very high population

density. The region is greatly influenced by monsoon

systems, which are typically accompanied by the oc-

currence of extreme events such as tropical cyclones,

floods, and droughts. In past years, several studies have

been conducted on the climate changes over East Asia

based on observations or models (Liu et al. 1994; Gao

et al. 2002; Fu et al. 2005; Zhang et al. 2009; Kusunoki

et al. 2011; Zou and Zhou 2013; Ji and Kang 2015;

Kumar et al. 2015; Wu et al. 2016; Zou et al. 2016; Zhou

et al. 2016; Um et al. 2017; Xie et al. 2017). Observation

results reveal that mean annual temperatures and heat

wave frequencies for most regions of East Asia have

increased since the middle of the twentieth century,

while precipitation trends, including those of extreme

precipitation, show strong levels of spatial variability

(IPCC 2014b). Studies have indicated that CMIP5 GCMs

can satisfactorily reproduce spatial patterns and in-

terannual variability in surface temperatures for China,

while this is not the case for precipitation (Guo et al.

2013; Huang et al. 2013; Chen and Frauenfeld 2014). Lee

and Hong (2014) revealed that increasing the spatial

resolution of the RCM improves simulated precipitation

and temperature results and extreme event features for

the Korean Peninsula. They also found that the added

value of an RCM is more evident for precipitation

patterns than for temperature patterns. However, Ji and

Kang (2015) found that regional climate model RegCM4

simulates temperature extremes more accurately than

precipitation.

In recent decades, many climate studies based on dy-

namical downscaling for East Asia have been conducted

based on the framework of the Regional Climate Model

Intercomparison Project (RMIP) for Asia to improve our

understanding of climatic patterns of the East Asian mon-

soon region and to provide reliable regional climate

scenarios (Fu et al. 2005; Niu et al. 2015; Tang et al. 2016;

Wu et al. 2016). Niu et al. (2015) found that RCMs

outperform the driving GCM in reproducing the sum-

mermean precipitation distribution and annual cycle for

China, while deficiencies in simulating summer pre-

cipitation are mainly attributed to limited capacities to

reproduce low-level circulation.Wu et al. (2016) showed

that the RCM ensemble mean is superior in reproducing

both total and extreme summer precipitation relative to

each individual RCM.

Recently, a globally coordinated downscaling frame-

work called the Coordinated Regional Downscaling Ex-

periment (CORDEX; Giorgi et al. 2009), an initiative of

the World Climate Research Programme (WCRP 2009),

was established to further advance RCM development,

evaluation, analysis, and application. Ensembles of dynami-

cal or statistical models driven by multiple CMIP5 GCMs

have been created or are currently under way for multiple

regions throughout the world (http://www.cordex.org/

domains/). Within the CORDEX—East Asia domain

(CORDEX-EA), several efforts have been undertaken

to study mean climates and extreme changes under the
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international CORDEX framework (Wang et al. 2013;

Lee et al. 2014; Oh et al. 2014; Huang et al. 2015; Zou

et al. 2016; Park et al. 2016).

Huang et al. (2015) showed that the ensemblemean of

RCMs can reasonably simulate seasonal means, annual

cycles, and interannual variability in precipitation, while

individual RCMs generate significant biases for some

subregions and seasons. Zou et al. (2016) showed that a

regional ocean–atmosphere coupledmodel outperforms

an uncoupledRCM in simulating spatial patterns of low-

level monsoon flows crossing East Asia and the western

North Pacific. Park et al. (2016) evaluated the perfor-

mance of multiple RCMs in simulating summer climate

extremes of the CORDEX-EA and demonstrated

that RCMs present systematic biases in both seasonal

means and extremes of air temperature and pre-

cipitation. Their inter-RCM analysis reveals a close

relationship between model capacities to determine

means and extreme values.

Previous studies have revealed the importance of

multimodel ensembles in modeling regional climate

statistics and climate change. However, many studies

have been based on either a single GCM or RCMmodel

(Brown et al. 2010; Gao et al. 2012a) or on several RCMs

driven by the sameGCMof CMIP3 (e.g., Niu et al. 2015;

Um et al. 2017; Wu et al. 2016). Furthermore, most

studies have used only one observation dataset for ref-

erence without considering uncertainties among obser-

vation datasets. Considerable uncertainties found among

observation products have been revealed bymany studies

of the global landmass (e.g., Fekete et al. 2004) and of

specific regions (e.g., Xie et al. 2007). The effects of these

uncertainties on the assessment of model performance

must be seriously considered.

In this study, the performance of the RCM known as

Consortium for Small-Scale Modeling in Climate Mode

(CCLM) driven by various CMIP5GCMswas evaluated

against several temperature and precipitation observa-

tion or reanalysis datasets. Uncertainties generated

from the use of different driving GCMs together with

the added value of dynamical downscaling were assessed

for the present period for both mean climate and ex-

treme values. The influence of observation uncertainties

on model performance is discussed as well.

The paper is organized as follows: Section 2 describes

the experimental setups and datasets used. Section 3

presents our evaluation results of model performance

in simulating seasonal mean air temperatures, clima-

tology, and variability of precipitation as well as large-

scale circulation. Section 4 describes the capacity to

which CCLM can simulate extreme precipitation

patterns. Section 5 presents a summary and conclud-

ing remarks.

2. Experimental setups and datasets

a. Model description and simulation setups

Version 5.0 of the nonhydrostatic CCLM (also called

the COSMO-CLM; Rockel et al. 2008) RCM is used in

this study. It is the climate version of the operational

weather forecast model COSMO, which was developed

by the German Weather Service (DWD). The model is

based on Navier–Stokes primitive equations that de-

scribe nonhydrostatic compressible flows in a moist at-

mosphere. The equations are solved on an Arakawa C

grid within a rotated geographical coordinate system

and with a generalized terrain-following height coordinate

(Schättler et al. 2018).
CCLM has been used in climate studies for many

regions worldwide (Rockel and Geyer 2008). It has

been used in several international projects [e.g., the

Prediction of Regional Scenarios and Uncertainties for

Defining European Climate Change Risks and Effects

(PRUDENCE;Christensen et al. 2007), ‘‘ENSEMBLES’’

(van der Linden and Mitchell 2009), and the European

branch of the World Climate Research Program Coor-

dinated Regional Downscaling Experiment (EURO-

CORDEX; Jacob et al. 2014) of the Global Energy

and Water Cycle Experiment (GEWEX; https://www.

gewex.org/) and its successor CORDEX (Giorgi et al.

2009)].

In this study, the model domain of CCLM is set to the

CORDEX region 7 or East Asia domain (Fig. 1) among

CORDEX initiatives (Giorgi et al. 2009). The horizontal

resolution is set to 0.448 with 223 3 187 grid points es-

tablished in the longitudinal and latitudinal directions,

respectively. The temporal integration of the simulations

is carried out using the Runge–Kutta scheme with a time

step of 300 s. Ten grid boxes are set as a sponge zone at

each lateral boundary. Given the substantial extension of

troposphere height across the tropical region, we set the

lower boundary of the Rayleigh damping layer in the

model at 18km rather than at the typical value of 11km

to avoid generating unrealistic results (Dosio et al. 2015).

There are 45 vertical levels, with the top of the model

domain at 30 000m in height.

Regional climate simulations of the CORDEX-EA

were conducted for the current climate period of 1950–

2005 by downscaling from four CMIP5 GCMs (see

Table 1): CNRM-CM5 (Voldoire et al. 2013), EC-EARTH

(Hazeleger et al. 2010), HadGEM2 (Collins et al. 2011),

and MPI-ESM-LR (Giorgetta et al. 2012). According

to McSweeney et al. (2015), CNRM-CM5, HadGEM2,

and MPI-ESM-LR are suitable GCMs for generat-

ing downscaled climate for three subregions, that is,

Southeast Asia, Europe, and Africa. The performance
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of EC-EARTH, although not as satisfactory, is consid-

ered to be acceptable in representing regional large-scale

circulation and annual cycling features of temperature and

precipitation.

Various physical parameterization schemes (Table 2,

left column) were used in the simulations, including

the Tiedtke mass-flux convection scheme (Tiedtke

1989), the prognostic turbulent kinetic energy closure

scheme, multilayer land surface scheme ‘‘TERRA-ML’’

for land surface processes (Schrodin and Heise 2002),

and the radiation scheme with full cloud radiation

(Ritter and Geleyn 1992). The preprocessor (PEP)

tool of the CCLM software package was used to

generate invariant external forcing data (Table 2,

right column) such as surface height, roughness length,

and soil.

b. Datasets and statistical indices

In considering the uncertainties of the reference

datasets and their effects on model performance, three

of the latest reanalysis datasets and five observation

datasets (Table 3) were used to evaluate the quality of

the CCLM results and to assess their added values to the

forcing GCMs. For the precipitation evaluations, GPCP

(Huffman et al. 2001), Global Precipitation Climatology

Centre (GPCC; Schneider et al. 2014), Tropical Rainfall

Measuring Mission (TRMM; Huffman et al. 2007), Asian

Precipitation—Highly Resolved Observational Data

Integration Towards Evaluation of Water Resources

(APHRODITE; Yatagai et al. 2012), and Climatic Re-

search Unit (CRU; Harris et al. 2014) data were used.

TheCRU,ERA-Interim reanalysis (ERAI;Deeet al. 2011),

TABLE 1. Information on the four GCMs used in this analysis.

Model Institution/country Grids Vertical levels

CNRM-CM5 National Centre for Meteorological Research, France 256 3 128 31

EC-EARTH EC-EARTH Consortium, Europe 320 3 160 62

HadGEM2(-ES) Met Office Hadley Centre, United Kingdom 360 3 181 38

MPI-ESM-LR Max Planck Institute for Meteorology, Germany 192 3 96 47

FIG. 1. Model domain and orography of the CORDEX-EA simulations. The six subregions

are western China (WC), Mongolia (MG), southern China (SC), northern China (NC),

northeastern China (NE), and the Korean Peninsula and Japan (KJ). Thewhite frame indicates

the sponge zone.
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Japanese 55-yr Reanalysis (JRA-55; Kobayashi et al.

2015), and Modern-Era Retrospective Analysis for

Research and Applications, version 2, reanalysis

(MERRA-2; Gelaro et al. 2017) datasets were used for

temperature evaluations.

To draw comparisons, coarse-resolution GCMs,

reanalysis datasets and observation datasets were in-

terpolated to the CCLM grid (0.448 resolution) via bi-

linear interpolation. Periods of available observations vary

among the datasets, and the period for each dataset is

given in Table 3. Note that the CORDEX-EA region is

not fully covered by the TRMMprecipitation dataset. The

following statistical results related to the TRMM pre-

cipitation dataset are limited to the region covering 508S
to 508N.

To investigate spatial variations in model performance,

several land subregions (shown in Fig. 1) are defined for

the CORDEX-EA domain following Zou et al. (2016).

To assess model performance in reproducing climatologi-

cal patterns and temperature and precipitation extremes,

several statistics are used, including the climatological mean

(MEAN), mean bias (BIAS), spatial correlation (CORR),

standard deviation error (STDE), and added value index

(AVI). Here, the STDE is defined as variability in the error

around its mean (see von Storch and Zwiers 1999) and is

written as

STDE5 (RMSE2 2BIAS2)1/2

5

(
1

N
�
N

i51

(x0i)
2
2

"
1

N
�
N

i51

(x0i)

#2)1/2

,

where N denotes the number of valid pairs of simulated

and observed variables determined spatially and x0i is the
deviation between counterparts of the simulated and

observed variable.

AVI is defined following Dosio et al. (2015) as

AVI5
(X

GCM
2X

OBS
)2 2 (X

CCLM
2X

OBS
)2

max½(X
GCM

2X
OBS

)2, (X
CCLM

2X
OBS

)2� ,

where XA denotes the seasonally averaged variable

of dataset A. The AVI value ranges from 21 to 1:

a positive AVI, when the squared error of the CCLM

TABLE 2. Basic configuration schemes and invariant external forcings of the CCLM simulations.

Physical parameterization schemes Invariant external forcings

Convection scheme: Tiedtke (1989) Orography: Global Land One-km Base Elevation

(GLOBE) (NOAA/NGDC)

Time-integration scheme: Runge–Kutta Surface roughness: GLOBE (NOAA/NGDC); Global

Land Cover 2000 Project (GLC2000) [Joint Research

Centre (JRC) Ispra]

Turbulence scheme: Prognostic turbulent kinetic

energy closure

Land–sea fraction, parameters of vegetation, leaf area,

and root depth: GLC2000 (JRC Ispra)

Radiation scheme: Ritter and Geleyn (1992) Near surface temperature: CRU (University of East

Anglia)

Microphysics scheme: Kessler type (Kessler 1969) Soil type: Digital Soil Map of the World (Food and

Agriculture Organization of the United Nations)

Land surface processes: Multilayer soil model

TERRA-ML (Schrodin and Heise 2002)

Surface albedo: MODIS soil color derived soil albedo

(NASA)

Subgrid-scale orography scheme: Lott and Miller

(1997); Schulz (2008)

Aerosol optical thickness: NASA/GISS (GlobalAerosol

Climatology Project)

TABLE 3. Reference datasets for model evaluation.

Dataset Variable used Comparison period

Temporal

resolution

Spatial resolution

(coverage) Reference

GPCP v1.2 Precipitation Dec 1996–Nov 2005 Daily 18 (global) Huffman et al. (2001)

GPCC v7 Precipitation Dec 1979–Nov 2005 Monthly 0.58 (global land) Schneider et al. (2014)

TRMM 3B42 Precipitation Jan 1998–Dec 2005 Daily 0.258 (508S–508N) Huffman et al. (2007)

APHRODITE Precipitation Dec 1979–Nov 2005 Monthly 0.58 (Asian land) Yatagai et al. (2012)

CRU v4.0 Precipitation; temperature Dec 1979–Nov 2005 Monthly 0.58 (global land) Harris et al. (2014)

ERAI Temperature Dec 1979–Nov 2005 Monthly 0.758 (global) Dee et al. (2011)

JRA-55 Temperature Dec 1979–Nov 2005 Monthly 0.56258 (global) Kobayashi et al. (2015)

MERRA-2 Temperature Dec 1979–Nov 2005 Monthly 0.6258 (global) Gelaro et al. (2017)
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dataset is smaller than that of the GCM dataset,

denotes an added value from dynamical downscaling,

and vice versa.

3. Mean climatology and the added value of
dynamical downscaling

In this section, we thoroughly assess the capacity of

CCLM to reproduce principal features of East Asian cli-

matology for the summer [June–August (JJA)] and winter

[December–February (DJF)].We first evaluate the quality

and added value of mean downscaled 2-m temperature

and precipitation with respect to forcing GCMs by means

of a spatial and temporal statistical analysis. Second, the

performance of CCLM in representing precipitation cli-

mate features is analyzed in detail in terms of annual cycles

and intensity distributions. We also compare different

observation (reanalysis) datasets against the reference

dataset to quantify uncertainties in observations and

their potential influence on the assessment of model

performance. Finally, we quantify the capacity of CCLM

to resolve low-level circulation and its influence on the

modeling of precipitation.

a. Temperature climatology

Figures 2 and 3 show the spatial distributions of mean

biases of modeled 2-m temperature for the winter

and summer and the added value index for the period

December 1979–November 2005. The reanalysis data-

sets (Figs. 2b–d) present significantly positive winter

temperature biases (38–78C) for Mongolia (MG) and

part of northeastern China (NE). For the other regions,

biases mostly range from 238 to 38C. Winter 2-m tem-

peratures are generally underestimated relative to CRU

values for three of four GCMs (Figs. 2e–h) and to up to

58C for most regions such as southern China (SC),

western China (WC), India, the Indo-China Peninsula,

and the ‘‘Maritime Continent.’’ This underestimation

can reach very large values (98C) for the Tibetan Plateau
and especially when using CNRM-CM5 (Fig. 2e). In

contrast, MPI-ESM-LR (Fig. 2h) presents strong over-

estimations for China and MG. All of the CCLM results

FIG. 2. (a) Observed seasonal mean temperature (8C) from CRU for DJF for December 1979–November 2005. (b)–(d) Biases of the

other reanalysis datasets against CRU. (e)–(n)Biases of theGCMs, CCLM simulations, and ensemblemeans against CRU. (o)–(s)Added

value index of seasonal mean temperatures for each GCM–CCLM combination.
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(Figs. 2j–n) overestimate observed winter 2-m temper-

atures for MG and for part of northwestern China.

Areas for which CCLM_MPI-ESM-LR (Fig. 2m) over-

estimates simulated temperature are larger than those

shown by the other three CCLM simulations, which is

consistent with their GCM counterparts.

In analyzing the geographical distribution of the

added value index, for the winter (Figs. 2o–s), we note

that positive AVI distributions share consistent features

among simulations and mainly cover India and parts of

northwestern China. The CNRM-CM5- and HadGEM2-

driven simulations (Figs. 2o,q) show larger fractions of the

CORDEX-EA domain with positive AVI values com-

pared to the other two simulations. Added value dis-

tributions can also be observed from GCM and RCM

ensemble-mean results (Fig. 2s). Furthermore, we note

that deterioration as a result of downscaling is mainly

observed for the Tibetan Plateau, for Mongolia, and for

areas of coastal China for which temperature biases

generated by CCLM simulations are more significant

than those generated by GCMs. However, it is evident

that large temperature biases of CCLM simulations

for some of these regions are comparable to those of

reanalysis datasets (Figs. 2b–d). Furthermore, strong

negative biases observed from CCLM simulations of

WC (Figs. 2j–n) mostly fall within the range of obser-

vation uncertainty (see Fig. S1e in the online supple-

mental material), implying acceptable simulated results

by CCLM.

Model biases in 2-mmean temperatures for the summer

(Fig. 3) differ considerably from those for the winter. The

biases of reanalysis datasets mostly range from238 to 38C
with a positive bias found for the East Asian continent and

with a negative bias found for the Maritime Continent.

Furthermore, from several observation datasets we find

considerable levels of observation uncertainty for the Ti-

betan Plateau (see Fig. S2 in the online supplemental

material). The standard deviation between observa-

tions can exceed a value of 38C. GCMs generally show

biases from 238 to 38C; among them, HadGEM2 pres-

ents the largest fraction of the CORDEX-EA domain

with a positive bias. From our CCLM simulations, we

observe positive biases that are greater than corresponding

GCM values for several regions. However, the bias of

spatial distributions between the GCM and corresponding

CCLM run is generally consistent.

FIG. 3. As in Fig. 2, but for JJA.
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The geographical distribution of the AVI (Figs. 3o–s)

is rather heterogeneous without presenting noticeably

consistent patterns between different GCM–RCM com-

binations. Furthermore, the models’ ensemble means

(Figs. 3i,n,s) do not present obvious signs of added value

when comparing downscaled results to those of the driving

GCMs. The absolute biases of GCMs and CCLMs are

generally less significant than the corresponding biases for

the winter (Figs. 2i,n). A comparison of Fig. 2 and Fig. 3

reveals considerable seasonal variability in bias values and

added value distributions for 2-m temperatures with less

significant biases for the summer but larger areas for which

the AVI is positive for the winter.

Using various statistical metrics, we further evaluate

the performance of GCMs, CCLM simulations, corre-

sponding ensemble means, and three reanalysis datasets

in reproducing the 2-m temperature climatology of dif-

ferent land subregions and of the entire land area

(i.e., all land points of the CORDEX-EA domain) for

the winter and summer (Fig. 4). This analysis further

confirms our findings that temperature underestimations

are widely distributed for the winter but not over the MG

and Korean Peninsula and Japan (KJ) for GCMs and that

summer biases are much less significant than those for the

winter for both GCM and CCLM runs. An area-averaged

bias is found at within 628C for the summer for most

subregions. Reanalysis datasets reveal considerably posi-

tive biases for the winter for the MG (and for the NE and

KJ for the ERAI), where GCMs and CCLM simulations

do not perform realistically.

In terms of spatial correlation distributions, we note

that values are mostly larger than 0.9, while correlations

are relatively lower for theMG region for the winter and

for the KJ region for the summer. From ensemble-mean

results, we find a clear improvement in spatial correla-

tions by downscaling all subregions for the summer,

FIG. 4. Heat maps showing statistical metrics of (a), (b) regional means of bias; (c), (d) spatial correlations; and

(e), (f) STDEbetweenGCM/CCLM/reanalysis datasets andCRU surface temperature derived from (left)DJF and

(right) for different subregions. ‘‘Land’’ denotes the mean for all land areas in the domain.
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which is not the case for the winter. Figures 4e and 4f

show that the error variance for 2-m temperatures of

GCM and CCLM simulations is smaller for the summer

than for the winter for the MG, NE, KJ, and land re-

gions. STDE values are mostly less than 2.58C for the

summer for most subregions except for those of theWC,

whereas in winter model results show error variances

exceeding values of 38C for regions such as the WC and

MG. In addition, consistent error variance reduction is

achieved by downscaling the KJ region for both seasons.

STDE values of the reanalysis datasets are less than

those of the GCMs and CCLM simulations for most

cases, but they still present uncertainties among regions,

seasons, and datasets of 0.58–2.58C.

b. Precipitation climatology

Figures 5 and 6 show spatial distributions of mean

biases of modeled precipitation for the winter and sum-

mer and the added value index for the period December

1996–November 2005. From the GPCP climatological

mean, we present two prominent rainfall bands for

the winter: one located over the tropical region around the

equator (rainband 1) and another positioned over the

northwestern Pacific Ocean region, east of Japan (rain-

band 2). Precipitation intensities measured for the cen-

tral areas of these two rainbands exceed values of

6mmday21. TRMM data generally show higher rainfall

levels for rainband 1 by 1–3mmday21 and show less

rainfall for rainband 2 by 1–3mmday21. Across the land

areas (Figs. 5b–e), observation uncertainties are mainly

found for the Maritime Continent and for Japan by gen-

erally less than 3mmday21; however, APHRODITE can

underestimate GPCP values for the Maritime Continent

by more than 5mmday21.

According to the modeled results, rainband 1 pre-

cipitation occurring over water bodies is generally over-

estimated by the GCMs and by CCLM simulations and

especially by HadGEM2 and MPI-ESM-LR (Figs. 5f–o).

However, most CCLM overestimations for rainband 1

are greater than those of the driving GCMs with values

FIG. 5. (a) Observed seasonal mean rainfall (mm day21) derived fromGPCP for theDJF for December 1996–November 2005. Biases

of (b) TRMM (December 1998–November 2005), (c) GPCC, (d) CRU, and (e) APHRODITE (December 1996–November 2005)

against GPCP. (f)–(o) Biases of the GCMs and CCLM simulations and corresponding ensemble means against GPCP. (p)–(t) Added

value index of seasonal mean rainfall for each GCM–CCLM combination. Note that the GPCC, CRU, and APHRODITE datasets

only cover land areas.
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reaching in excess of 11mmday21. GCM and CCLM

results generally underestimate precipitation levels for

rainband 1 over land areas with the latter generally

making a more significant underestimation than the

former. Precipitation occurring over rainband 2 is gen-

erally underestimated by the GCMs to values of up

to 23mmday21 with the exception of CNRM-CM5,

which overestimates it. Bias observed over rainband 2 is

reduced byCCLMas shown in Figs. 5k–o. A comparison

of ensemble-mean biases (Figs. 5j,o) shows that both

GCM and CCLM ensemble means generally outperform

individual model runs.

In terms of added value from downscaling, we see

generally consistent spatial patterns of AVI distribu-

tions for different GCM–CCLM combinations. Over

the equatorial areas, there is generally deterioration (a

negative AVI) of climatological means of precipitation

for CCLMs. However, across rainband 2, the Sea of

Japan, Chinese marginal seas, eastern China, and a large

part north of China, AVI values are positive, implying

that CCLM can add value to GCMs in terms of pre-

cipitation climatology. However, we must note that this

added value may be attributed to the referred observa-

tions, as we found that, for northern regions reaching

208N, both the GCM and CCLM can realistically re-

produce winter means of observed precipitation from

the TRMM bias relative to GPCP (Fig. 5b). The added

value derived by downscaling may not be significant

relative to observation uncertainties.

For the summer, GPCP observations (Fig. 6a) show

strong patterns of precipitation (over 6mmday21)

widely distributed across the CORDEX-EA domain

except for WC and MG and part of the Pacific Ocean.

Observed precipitation levels are particularly intense

(over 15mmday21) along the west flank of the Indo-

China Peninsula. We find that uncertainties of the ob-

served precipitation datasets are more pronounced than

those for the winter and especially for the Tibetan Pla-

teau, Indo-China Peninsula, and Maritime Continent

(Figs. 6b–e). The GCMs show similar patterns of nega-

tive biases (Figs. 6f–o) extending from India and the

Indo-China Peninsula to SC and KJ. Differences are

found as well; we find positive biases in HadGEM2

and MPI-ESM-LR mainly for water bodies positioned

FIG. 6. As in Fig. 5, but for JJA.
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between the equator and 308N, while this is not the case

for the other two GCMs. Some common features of bias

distributions are found between the CCLM simulations:

a strong positive bias over the northwestern Pacific

Ocean between the equator and 308N and mostly weak

negative biases for southern and eastern China, the East

China Sea, and the Korean Peninsula. Added value is

found for Japan and large water regions surrounding

Japan for all GCM–CCLM combinations (Figs. 6p–t).

For the other regions, degrees of added value vary from

simulation to simulation. MPI-ESM-LR combinations

show positive AVI values for the largest fraction of the

CORDEX-EA domain.

In comparing Figs. 5 and 6, we find that CNRM-CM5

and EC-EARTH outperform the other two GCMs in

reproducing levels of precipitation intensity for the

winter and summer and especially for tropical water

regions. This feature is partly inherited by correspond-

ing downscaled simulations, which implies that bound-

ary forcing has considerable influence on downscaled

results. At the same time, similarities in spatial distri-

bution patterns observed between CCLM simulations

are enhanced by downscaling when compared with

those of GCMs.

As for the 2-m temperatures, several statistical met-

rics were used to assess the performance of the exam-

ined models in representing precipitation patterns

observed across different subregions for the winter and

summer (Fig. 7). Biases found for the winter are much

less significant than those found for the summer. In the

selected subregions and land areas for the winter

(Fig. 7a), bias values are generally negative for GCMs,

from 20.25 to 21mmday21, whereas they are mostly

positive for CCLM simulations (0.25–0.6mmday21). SC

andKJ and the average of land areas show a reduction in

winter biases as a result of downscaling based on the

ensemble mean. In the summer, biases are generally

negative except for those for the WC and MG regions.

Negative biases are the largest for the SC and KJ re-

gions. Bias reduction is also found for NE, KJ, and land

areas. Furthermore, we find levels of observation un-

certainty to be greater for the summer than for the

winter and especially for WC, SC, and KJ, for which

GCMs and CCLM simulations generally perform

unrealistically.

Spatial correlation coefficients between modeled and

observed precipitation (Figs. 7c,d) are lower than those

for 2-m temperatures (Figs. 4c,d); correlation values are

mostly greater than 0.5 but vary from region to region.

In the case of the MG region, CORR values are greater

for the summer than for the winter and vice versa for the

KJ region. Downscaling adds hardly any value to spatial

patterns of climatological precipitation found for both

the summer and winter. Error variances for the winter

are generally smaller than those for the summer. In most

cases, values are less than 0.8mmday21 for the winter

for selected subregions while varying strongly from re-

gion to region for the summer with smaller error vari-

ances found for the MG and NE regions than for the

other regions. Furthermore, it can be seen that down-

scaling hardly contributes to the error variance re-

duction of modeled precipitation. However, values are

comparable to those of other observation datasets in

terms of the error variances of most subregions for the

winter (Figs. 7e,f).

In summarizing our analysis, we note considerable

seasonal variability in spatial distributions of 2-m tem-

perature biases and in added value from CCLM simu-

lations: biases are generally smaller for the summer than

for thewinter, but areas with added value are larger for the

winter. Added value in the winter ismainly found for India

and part of northwestern China across all GCM–CCLM

combinations. The CNRM-CM5- and HadGEM2-driven

runs show larger areas for which added value can be found

relative to the other two combinations found for the win-

ter. For precipitation levels, downscaling can add value to

GCMs by reducing the bias of part of the domain, but

CCLM hardly outperforms GCMs when applied to tropi-

cal regions where extreme rainfall patterns are observed.

The bias distributions of downscaled runs can be partly

inherited from their corresponding GCMs for both vari-

ables. At the same time, similarities found between

downscaled simulations are more significant than similar-

ities observed between forcingGCMs and especially in the

case of summer precipitation (Fig. 6).

c. Precipitation variability and intensity distribution

According the results shown in Fig. 8, we note that ob-

servation datasets (GPCP, GPCC, CRU, APHRODITE,

and TRMM) are generally consistent in capturing an-

nual cycles of precipitation with the largest values found

for the summer and with the lowest values found for the

winter across all regions. In particular, the SC and KJ

regions show the most intense rainfall peaks in the

summer relative to those of the other regions. Discrep-

ancies between observations are found. APHRODITE

shows less rainfall than the other observations for the

summer and particularly when considering the whole

land area (Fig. 8g).

The annual precipitation cycle of the KJ region is

less satisfactorily simulated by the models especially

for the period from July to September, for which both

GCM and CCLM simulations show underestimations

of more than 2.5mmday21. Although all of the models

exhibit a general capacity to reproduce the general struc-

ture of the annual cycle, themodels’ capacities to represent
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precipitation intensity vary considerably. For GCMs,

MPI-ESM-LR generates the worst results, as it un-

derestimates precipitation levels for almost all of the se-

lected regions. CNRM-CM5 andHadGEM2 are generally

consistent and are superior to the EC-EARTH in captur-

ing annual cycle variability in precipitation for regions such

as MG, SC, and NE and for the whole land area.

For CCLM, downscaled simulations most closely re-

flect observations (except for APHRODITE) than their

GCM counterparts for the whole land area (Fig. 8g) with

the exception of that of the HadGEM2 GCM–CCLM

combination for May–August. For annual cycle vari-

ability of subregions, added value is found to be gener-

ated by CCLM_MPI-ESM-LR and MPI-ESM-LR for

all regions except for the SC and northern China (NC)

regions for the summer. CCLM-CNRM-CM5 performs

worse than CNRM-CM5 in WC, MG, NC, and KJ; it

outperforms or performs similar to CNRM-CM5 in terms

of NE (October–December) and SC (winter half year).

CCLM-HadGEM2 adds value to its forcing HadGEM2

over KJ in the winter half year. Deterioration or no ob-

vious improvement by CCLM-HadGEM2 to HadGEM2

is seen in the other subregions. EC-EARTH is closer to

observations than CCLM-EC-EARTH inWC. However,

their performance varies by region and season without

showing consistent patterns in added value for the other

subregions.

The box-and-whisker plots in Figs. 9 and 10 show dis-

tributions of land-area-averaged daily precipitation for

each subregion for the winter and summer, respectively.

GPCP observations show that the winter is an arid

season for much of the CORDEX-EA region, although

considerable variability is found across regions; for in-

stance, KJ is subject to the heaviest rainfall (both the

FIG. 7. As in Fig. 4, but for precipitation, with GPCC precipitation used as the reference dataset.
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maximum and 95th percentiles of precipitation), with

maximum daily rainfall levels exceeding 25mmday21;

on the other hand, MG is the driest region, with daily

precipitation levels of less than 1.5mmday21. The range

of the precipitation distribution, which is denoted by the

distance between the 25th and 75th percentiles, is nar-

rower than or around approximately 0.5mmday21 for

all subregions except for the SC and KJ regions. TRMM

rainfall is generally consistent with GPCP in reflecting

precipitation distributions for most of the examined

regions. Some differences inmaximum rainfall levels are

observed for SC, NC, and KJ. GCMs hardly reproduce

these features of daily precipitation distributions for

almost all of the subregions.

Extreme rainfall patterns are largely underestimated

byGCMswith the range of simulated daily precipitation

typically being much narrower than observed ranges,

especially for MG, NC, and NE. Of the GCMs exam-

ined, MPI-ESM-LR is the worst in representing ob-

served precipitation distributions. In comparison, CCLM

simulations add value to GCMs in representing pre-

cipitation distributions. The intensities of extreme pre-

cipitation simulated by CCLMs generally reflect GPCP

observations better than that of GCMs. The spatial vari-

ability of observed extreme rainfall levels is also better

reproduced by CCLM than by GCMs. The precipitation

range of CCLM simulations is in better agreement with

observations than those of GCMs. No CCLM simulation

can outperform the other simulations for all subregions,

but we note that CCLM_HadGEM2 is the best of the

GCM and CCLM runs in capturing GPCP winter rainfall

distributions for land regions (Fig. 9g), and the improve-

ment by CCLM for MPI-ESM-LR combination is more

apparent than those for other combinations.

FIG. 8. Mean annual cycle of rainfall (mm day21) derived from observations (GPCP, GPCC, CRU, APHRODITE, and TRMM),

GCMs, and CCLM simulations for six subregions and the land area of the CORDEX-EA domain [the period covers December

1979–November 2005, except for GPCP (December 1996–November 2005) and TRMM (December 1998–November 2005)].
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In contrast, the summer is the rainy season for the

CORDEX-EA region. Precipitation intensity levels

vary strongly from region to region (Fig. 10). Features of

GPCP and TRMM are generally similar across most

subregions. For the selected subregions, SC and KJ are

characterized by the highest maximum precipitation

levels (.30mmday21). MG is the most arid region in

the summer as it is in the winter, with area-mean

maximum precipitation levels reaching 8mmday21.

The precipitation range is much broader in the sum-

mer than in the winter. The land-area-averaged daily

precipitation (Fig. 10g) generally ranges from 3 to

FIG. 9. Box-and-whisker plots for the six subregions and the land area of the domain for the rainfall distribution of the DJF. The base

and top of the box denote the 25th and 75th percentiles, respectively; the band within the box is themedian; ends of the whiskers represent

minimum and maximum values; and the black circle and black point denote the 5th and 95th percentiles, respectively. Note that there are

differences in the various y axes. [The period covers DJF of December 1996–November 2005, except for TRMM (DJF of June 1998–

November 2005)].
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6mmday21. The precipitation distribution of GCMs is

in better agreement with observed precipitation in the

summer than that in the winter for theMG, NC, and NE

regions. As was found in the winter season, MPI-ESM-LR

is generally the least effective at simulating precipitation

distributions among the GCMs. CCLM_MPI-ESM-LR

also ranks as the least effective of the CCLM simula-

tions, but it adds value to MPI-ESM-LR for most re-

gions. CCLM simulations are in better agreement with

observations than GCMs in reproducing extreme or

precipitation ranges for the NC, NE, KJ, and land

regions, which is not found to be the case for the other

subregions.

d. Large-scale circulation in the lower troposphere

The amount of water vapor is generally linked to the

atmosphere’s potential capacity for precipitation (Zhou

and Yu 2005). To investigate mechanisms that may

control precipitation climatological mean bias and sea-

sonal variability, we compared seasonal means of the

FIG. 10. As in Fig. 9, but for JJA.
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modeled water vapor mixing ratio, wind vectors, and

water vapor transport in the lower troposphere at 850hPa

with those derived fromERAI for the winter (Fig. 11) and

summer (Fig. 12).

Figure 11a shows that water vapor mixing ratios

generally decrease from the equator to high latitudes in

the winter, exceeding values of 10 g kg21 for the tropical

region and measured at less than 2 g kg21 for most

regions north of 308N. The spatial distribution of the

wintermeanwater vapormixing ratio is similar to that of

GPCP mean precipitation (Fig. 5a). For the summer

(Fig. 12a) we find that the water vapor mixing ratio

generally intensifies (to over 12 g kg21 in regions lying

between 108 and 308N) and shifts northward relative to

that of the winter. At the same time, the rainfall band

moves northward (Fig. 6a) and covers similar regions as

those of the water vapor mixing ratio. This result in-

dicates that water vapor levels set the basis of seasonal

variability in precipitation climatological means, which

is further verified by the large spatial correlation

coefficient found (of generally larger than 0.6) between

seasonal mean precipitation andwater vapor amount for

observations or model data (now shown here).

Reanalyzed winter features of the water vapor mixing

ratio and large–scale circulations are generally satisfac-

torily simulated by all four CCLM simulations for land

regions north of 308N, while this is not the case for tropical

regions, for which significant biases in water vapor and

wind speed values are generally found (Figs. 11b–e). Large

wind biases are also found for regions northeast of Japan.

The overestimated air pressure found for the Tibetan

Plateau and for the northwestern Pacific Ocean east of

Japan and underestimated air pressure found for tropi-

cal regions are supposed to result in the biased winds

especially over water regions (see Fig. S3 in the online

supplemental material).

In addition, it can be observed that winter pre-

cipitation biases of the CCLM simulations (Figs. 5k–o)

are closely related to biases of water vapor transport

(Figs. 11f–i); overestimated precipitation for some tropical

FIG. 11. (a) Winter (DJF) mean water vapor mixing ratio (shading; g kg21) and wind vectors (arrows; m s21) for the ERAI

reanalysis, and (b)–(e) biases of four CCLM simulations relative to (a). (f)–(i) Biases in the water vapor transport (shading and

arrows; m s21 g kg21) of CCLM simulations against ERAI reanalysis data for December 1996–November 2005 at the 850-hPa

pressure level.
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regions is mainly a result of an overestimated conver-

gence of water vapor transport found for tropical re-

gions in all CCLM simulations. CCLM_HadGEM2

outperforms the other CCLM simulations for some

tropical regions in terms of water vapor mixing ratios,

wind fields, and water vapor transport, thus performing

the best of the CCLM simulations in generating winter

precipitation patterns (Fig. 5) for these regions.

In the summer, precipitation in East Asia is derived

from three main sources (Fig. 12a): 1) strong south-

westerly winds from the Indian summer monsoon, 2)

southerly and southeasterly winds from the west Pacific,

and 3) cross-equatorial winds. Simulated biases of low-

level circulation will influence associated amount of

water vapor transport.

We find pronounced eastward and northeastward

shifts in western Pacific subtropical highs from our simu-

lations (Figs. S4b–e in the online supplemental material).

In addition, the pressure bias patterns are generally con-

sistent across all simulations (see Figs. S4g–j). A pattern of

positive (weak negative), strongly negative, and positive

(weak negative) is observed from north to south with a

strong negative pressure bias found for regions spanning

the Tibetan Plateau–South China to the northwestern

Pacific Ocean from 158 to 308N, generating apparent

cyclonic wind biases (Figs. S4g–j). Biases in simulating

large-scale circulation and related water vapor transport

result in rainfall underestimations for South China and

overestimations for regions ranging from the South

China Sea to the northwestern PacificOcean (Figs. 6k–o).

Specifically, northeasterly biases over South China de-

rived from CCLM simulations (Figs. 12b–e) lead to

lower levels of water vapor transport and a negative

precipitation bias found over South China (Figs. 6k–o).

A cyclonic wind bias (Figs. 12b–e) is supposed to cause

overestimation of the convergence of water vapor trans-

port (Figs. 12f–i) and associated overestimated summer

precipitation for regions spanning the South China Sea to

the northwestern Pacific Ocean (Figs. 6k–o).

As a short summary, we find strong spatial variability

in CCLM simulations reproducing low-level circulations

and related water vapor transport processes. Less opti-

mal results are found for tropical regions for the winter

and for the South China Sea and northwestern Pacific

FIG. 12. As in Fig. 11, but for JJA.
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Ocean for the summer, meaning that CCLM simulations

poorly reproduce precipitation climatological means for

these regions. Limited capacities to model western

Pacific subtropical highs and associated cyclonic wind

biases for the summer are also found for some GCMs of

the CMIP3 andCMIP5 (Feng et al. 2014; Song andZhou

2014) and for RCM models (Niu et al. 2015). This sce-

nario may be a result of an unrealistic configuration of

the Tibetan Plateau, with simulated large biases in

pressure systems derived for both the winter and sum-

mer (Figs. S3 and S4 in the online supplemental mate-

rial), which may heavily influence the climate modeling

of (thermo-) dynamic processes for the CORDEX-EA

region (Wang et al. 2008). Model physics and parame-

terizations, especially in terms of convection scheme

selection may also greatly affect low-level circulation

and precipitation modeling capacities (Niu et al. 2015).

4. Climate extremes—Precipitation relevant

Extreme climate events have serious impacts on land

and marine environments and on human activities. These

events involve high levels of spatial and temporal vari-

ability, especially at regional or local scales. It is chal-

lenging yet important for climate models to reproduce

features of climate extremes. Here, the capacity of GCMs

and CCLM simulations to reproduce relevant precipitation

extremes is assessed by comparing them against GPCP

observations for 1996–2005. Three precipitation-relevant

extreme climate indices drawn from a set of 27 extreme

indices defined by the Expert Team on Climate Change

Detection and Indices (ETCCDI; Frich et al. 2002; Zhang

et al. 2011) are used: the simple daily intensity index (SDII;

annual mean precipitation measured for wet days at

precipitation $ 1.0mmday21), the consecutive dry day

(CDD; annual maximum number of consecutive days

with precipitation, 1.0mmday21), and the consecutive

wet day (CWD; annual maximum number of consecu-

tive days with precipitation$ 1.0mmday21). We expect

to find that high-resolution CCLM simulations can

add value to GCMs in simulating features of extreme

climate events.

Figure 13 shows the spatial distribution of the ob-

served SDII, biases of GCM and CCLM simulations

against observations and the added value index. The

figure shows that the SDII generally exceeds a value of

4mmday21 over the CORDEX-EA domain except for

inner continental regions such as MG and WC. High

SDIIs exceeding 12mmday21 are mainly found along

coastal areas and in parts of the Pacific and Indian

Oceans. The intensity of observed SDII values is generally

underestimated byGCMs, especially byCNRM-CM5 and

EC-EARTH. HadGEM2 and MPI-ESM-LR generally

underestimate observed SDII values for land areas, while

they overestimate SDII values for some tropical water

regions. CCLM simulations share similar distributions of

SDII biases. Overestimations of observed SDII intensities

by CCLM simulations are mainly found for NC, MG, the

Himalayan region, and most water regions. Extreme

overestimations of greater than 9mmday21 can be clearly

observed in tropical regions, especially in the case of

CCLM_HadGEM2 and CCLM_MPI-ESM-LR. Bias

reductions achieved by downscaling are mainly found

for regions spanning India to Southeast Asia; extending

north across eastern China, the Korean Peninsula, and

Japan; and covering the PacificOcean east of Japan, which

is also shown by positive AVI values in Figs. 13l–p.

The observed annual CDD index (Fig. 14a) presents

periods of less than 20 days mainly for the tropical re-

gion and northwestern Pacific region. A large part of the

CORDEX-EA features 20–60 consecutive dry days with

the exception ofMG,WC, India, and part of the western

Pacific region, for which the CDD periods exceed 60 days.

There are similarity of CDD biases distributions among

fourGCMs. The biases are obvious over regions with large

observed CDD index. GCMs generally overestimate ob-

served CDD values for most land of the CORDEX-EA

region while underestimating CDD values for part of the

western Pacific and South China Sea, which is also re-

flected byGCMensemblemeans (Fig. 14f).MPI-ESM-LR

is the least effective GCM in reproducing CDD index

distributions, which largely overestimate observed CDD

for the continental region of the CORDEX-EA. Down-

scaled results show both improvements and decline rela-

tive to driving GCMs. Bias reduction and positive AVI

(Figs. 14g–p) derived through downscaling can be detected

for land regions north of 308N. Regions exhibiting decline

are mainly distributed across India, the Indo-China

Peninsula, parts of the SC, and tropical water regions.

The MPI-ESM-LR-driven simulation (Fig. 14o) fea-

tures the largest regions with positive AVI values rela-

tive to those of the other three simulations.

Figure 15a shows that the observed annual CWD for

tropical land regions and for the west coast of the Indo-

China Peninsula can exceed 40 days but are less than

15 days for regions north of 308N. Northwestern China

presents the lowest CWDvalues (,5 days). CWD indices

are generally overestimated by more than 20 days for the

region south of 308N for CNRM-CM5, EC-EARTH, and

HadGEM2. Biases of the CWD index of MPI-ESM-LR

are much smaller than those of the other three GCMs.

Added value is achieved by downscaling in reproduc-

ing the CWD index (Figs. 15g–p). Biases of the CWD

index of downscaled results mostly fall within620 days

except for those for some tropical regions and for part

of the Tibetan Plateau. Spatial distributions of the
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CWD index are very similar for CCLM_EC-EARTH,

CCLM_HadGEM2, and CCLM_MPI-ESM-LR. Across

all GCM–CCLM combinations, the CNRM-CM5GCM–

CCLM combination (Figs. 15g,l) offers the most added

value by downscaling, while the MPI-ESM-LR GCM–

CCLM combination (Figs. 15j,o) offers the least amount

of added value. The added value for the tropical region

south of 208N is more apparent, presenting large ob-

served CWD values (Fig. 15a), which are greatly over-

estimated by GCMs (Figs. 15b–f).

5. Summary and concluding remarks

In this study, several CCLMsimulationswere conducted

over the CORDEX-EA domain following CORDEX

initiatives using four CMIP5 GCMs (CNRM-CM5,

EC-EARTH, HadGEM2, and MPI-ESM-LR) as forcing

fields. The modeled outputs were assessed against

five observation datasets (i.e., GPCP, GPCC, CRU,

TRMM, and APHRODITE) and three of the most

current reanalysis datasets (ERAI, JRA-55, and

MERRA-2). We address mainly three questions. First,

can CCLM simulations realistically reproduce general

features of historical climatic patterns for the CORDEX-EA

in terms of temperature and precipitation (e.g., seasonal cli-

matological mean, annual variability and precipitation

relevant extremes)? Second, can CCLM simulations add

value to forcing GCMs? Third, how large is the un-

certainty among observation/reanalysis datasets and

corresponding effects on model assessments?

It is found that the performance of downscaled results

in reproducing climatological features varies from re-

gion to region and is highly dependent on the variable,

season, metric, and forcing GCM that are considered. In

the winter, negative temperature biases cover most re-

gions except for the MG region, for which a significantly

positive temperature bias is found. In the summer, more

areas with a positive temperature bias are found. The

bias intensities of modeled summer temperatures are

generally lower than those of modeled winter temper-

atures, whereas more areas are afforded added value by

downscaling for the winter rather than for the summer.

FIG. 13. (a) Mean precipitation amount (mm) for wet days with precipitation levels of$1.0mm (SDII) for GPCP for December 1996–

November 2005. Biases (mm) of (b)–(f) GCMs and (g)–(k) CCLM simulations and their ensemblemeans relative toGPCP. (l)–(p)Added

value index for the SDII for each GCM–CCLM combination.
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For precipitation, downscaling simulations can add

value to forcing GCMs for part of the CORDEX-EA

region and especially for the winter. However, they do

not outperform GCMs in reproducing heavy rainfall

patterns for the tropics. CNRM-CM5 and EC-EARTH

outperform the other two GCMs in reproducing in-

tensities of precipitation for both the winter and sum-

mer, especially for tropical water bodies as found for

corresponding downscaling simulations. A consistency

of bias distributions found between GCM and CCLM

results indicates that biases of GCM forcings are partly

inherited by downscaled RCMs, denoting the signifi-

cance of GCM boundary forcing for downscaling. We

find that similarities of spatial patterns of bias distribu-

tions among CCLM simulations are much more signifi-

cant than those of GCM results, revealing a systematic

bias resulting from CCLM dynamical processes or pa-

rameterization schemes.

The structure of precipitation annual variability can

be captured by all GCMs and CCLMs. Four CCLM

simulations, not including CCLM_HadGEM2, can add

value toGCM forcings in terms of the annual variability of

land-area-averaged precipitation. However, no consistent

pattern of added value is found for subregions derived

from CCLM simulations. CCLM simulations are in better

agreement with observations in reproducing area-

averaged daily precipitation distributions for the winter

thanGCMs, especially in the case ofMPI-ESM-LRGCM–

CCLM combinations. However, no obvious improvement

results from downscaling to GCMs for the summer for

area-averaged daily precipitation distributions.

Concerning precipitation extremes, CCLM simula-

tions show obvious added value to GCMs in generating

observed consecutive wet days (CWD index) for tropical

regions. We also find obvious added value from repro-

ducing consecutive dry days (CDD index) over land

regions north of 308N. Pronounced signs of improve-

ment and deterioration are observed when downscaling

to GCMs in the case of the simple daily intensity index.

Furthermore, we found high levels of seasonal dependence

for extreme precipitation indices; spatial patterns of the

annual SDII andCWD indexmainly resemble those of the

summer, whereas spatial patterns of annual CDD index

are greatly dependent on winter CDD indices (not shown

here). Further evaluations should perform more de-

tailed studies of seasonal rainfall extremes.

FIG. 14. As in Fig. 13, but for the maximum number of consecutive days with precipitation levels of ,1.0mm (CDD index; days).
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We note a considerable discrepancy among reanalysis

datasets or observation datasets in reflecting pre-

cipitation or temperature features for certain regions.

Such uncertainties can be as significant as typical biases

of GCMs and CCLM simulations (based on a specific

observation dataset). For instance, we find a positive

temperature bias for Mongolia and for part of north-

eastern China for the winter from three reanalysis

datasets (Figs. 2b–d) and high levels of variability among

observation datasets of temperature climatological

means for western China (Figs. S1 and S2 in the online

supplemental material), and in summer precipitation

means for part of the Tibetan Plateau and Maritime

Continent (Figs. 6b–e). This implies that, although

CCLM simulations may not be able to add value to

GCMs, simulated results for some (deterioration) re-

gions can be acceptable relative to those of reanalysis

datasets or observation uncertainties. On the other

hand, the use of a different reference dataset may result

in nonadded value by downscaling for some regions as is

shown in Fig. 8 for annual variability in rainfall for land

areas using APHRODITE as a reference. Therefore, a

careful selection of reference datasets is recommended

not only when evaluating modeled climate extremes

(Sillmann et al. 2013) but also in terms of climate mean

evaluations.

Furthermore, note that only one regional climate

model, CCLM, was used in this study. Uncertainties

related to using different RCMs to generate climate

features for East Asia were not investigated. From

previous studies (Gao et al. 2012b; Niu et al. 2015; Gao

and Chen 2017; Zhou et al. 2016), we found that most

RCMs are able to capture general features of seasonal

means and annual cycles of surface temperature and

precipitation. However, model performance varies

across subregions and seasons, with similarities and

differences found among models. Cold and wet biases

are derived from most RCMs in generating summer

climates of the Tibetan Plateau because of the limited

applicability of modern land surface models to the Ti-

betan Plateau region (Yang et al. 2005; Gao and Chen

2017). Land surface schemes regulate the vertical pro-

files of atmospheric temperature and horizontal patterns

of moisture advection, greatly determining the clima-

tological means and spatial patterns of temperature and

precipitation.

FIG. 15. As in Fig. 13, but for the maximum number of consecutive days with precipitation levels of $1.0mm (CWD index; days).
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As shown from results of some RCMs (Huang et al.

2015), observed precipitation is overestimated for the

northwestern Pacific Ocean for the summer and for

equatorial regions in the winter. However, these results

differ from those of CCLM simulations conducted by

Zhou et al. (2016). We found that these significant

positive biases are partially inherited from forcing re-

analyses/GCMs, although the dynamic setups (regions,

physical parameterizations, and resolutions) of individual

models aremainlymeant to contribute to generated biases.

To improve the capacity for the RCM to simulate

regional climate features, it is important to further ad-

vance the development of model physics and parame-

terization schemes of both forcing GCM and RCM. On

one hand, the misrepresentation of large-scale features

by forcing GCMs can be limited; on the other hand,

advanced soil, convection, and other parameterization

schemes used in RCM have potential to reduce sys-

tematic biases of climatic features, which is particularly

true for the tropics, where small-scale convection pat-

terns are an important process. The development and

optimization of a convection scheme are supposed to

have more significance for improvement of tropical cli-

mate modeling than simply increasing model resolu-

tions. Specific attention should also be paid to the

modeling of specific regions or circulation systems such

as the Tibetan Plateau and western Pacific subtropical

high, which have significant effects on the climate sys-

tems of East Asia and play an important role in en-

hancing overall model performance. Efforts to optimize

model setups (e.g., domain size selection, sponge zones,

or the adoption of spectral nudging) would also contrib-

ute to the improvement of model results. Furthermore,

we found that ensemble means of GCMs and CCLM

simulations outperform individual simulations in repro-

ducing climate features such as climatological means of

winter precipitation. To limit random errors and to assess

model uncertainties in simulating climate features, large-

member ensemble simulations that consider different

forcing GCMs, multiple RCMs, and multiple patterns of

perturbed physics must be conducted.

In this study, we mainly assessed the capacities and

added value of RCM in reproducing climatological

means, variability, and extreme indices of precipitation.

The capacity for the RCM to simulate short-term vari-

ability (e.g., diurnal cycles and intraseasonal variability)

has not been investigated and would require the use of

high-resolution datasets. Model capacity to simulate tem-

perature extremes and other extreme rainfall events is also

not considered. These issues require further investigation.
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