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PREFACE

It is our pleasure to present to you the APEC Climate Center (APCC)’s Technical
Report 2011, which reports the core outcomes of our research activities from
the past year.

Since 2005, APCC, as a hub of climate information in the Asia-Pacific region,
has strived to share our analysis and prediction of abnormal climate and to apply
this information to regional development. The center has established the largest
Multi-Model Ensemble (MME) system for seasonal prediction through its
international science network and has provided value-added products to various
stakeholders. Recently, APCC has expanded its mandate to include enhancement
of the capacity of APEC member economies information to respond effectively
to climate change and variability through better application of climate.

To achieve its research and social objectives, in 2011, APCC made efforts to
research improvements in its climate prediction performance from various angles
and towards better understanding of climate variability and the reproducibility
of the climate models for the relevant application of climate information to society.
The following technical report provides more information about our research
outcomes from 2011.

APCC will continue to improve the quality and accuracy of climate information,
recognizing that the utility of this information is only as good as its quality. We
would like to make the best use of our research results for the benefit of society
and academia. We also welcome any feedback on this report or on our services.

My best and warmest regards to all of you.

Dr. Chin-Seung Chung
Director/APEC Climate Center
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Reduction Biases in Regional Climate Downscaling

ABSTRACT |

Simulations of the 1998 East Asian summer monsoon were carried out using the Weather Research
and Forecast (WRF) model forced by four reanalysis datasets (NCEP-R2, ERA-40, ERA-IN, and
JRA-25), their equally weighted ensemble mean, and their ensemble mean based on Bayesian
model averaging (BMA). Large discrepancies were found among experiments forced by individual
reanalysis datasets. The uncertainties in the moisture field of large-scale forcing over ocean
were responsible for the discrepancies. The control experiment forced by the equally weighted
ensemble forcing reduced the biases in simulated circulation to a large extent, but only reduced
the biases in simulated precipitation in some cases. The experiment forced by the BMA ensemble
forcing outperformed not only the experiments forced by individual reanalysis datasets but also
the control experiment. The results suggest that the uncertainties in lateral boundary forcing
can be reduced through the BMA ensemble method based on the satellite data, and that more
and improved three-dimensional satellite data is urgently demanded.

1. Introduction

Since the first demonstrations of regional climate model (RCM) by Dickinson
et al. (1989) and Giorgi and Bates (1989), the applications of RCM, such as climate
downscaling, sensitivity study, and regional ecosystem assessment, etc., have rapidly
developed to meet the great demands from society. Evaluating uncertainties in regional
climate modeling is becoming increasingly important. Thus meteorologists are trying
to identify the bottom line of the uncertainties of RCMs and the sources of the

systematic errors.

A number of inter-comparison projects of regional model have been carried out
to make people to identify common model strengths and weaknesses over specific
regions such as Europe (Christensen et al. 1997), the United States of America (Takle
et al. 1999; Curry and Lynch 2002; Anderson et al. 2003; Mearns 2004), and East
Asia (Leung and Ghan 1999; Fu et al. 2005), COordinated Regional climate Downscaling
Experiment (Garcia-Diez et al. 2011; Fernandez et al. 2010) which is sponsored by
World Climate Research Programme to produce regional climate change scenarios
globally, contributing to the Intergovernmental Panel on Climate Change (IPCC) AR5

and to the climate community beyond the AR5, and the regional climate models




APEC Cl c

studies in the West African Monsoon Modeling and Evaluation (Druyan et al. 2009).
Many studies showed that RCMs even driven by analysis datasets could produce
biases in seasonal or monthly averaged surface air temperature and precipitation
(IPCC, 2001). The biases in surface air temperature and in precipitation are generally
below 2°C and within 5 to 50%, respectively (Giorgi and Mearns, 1999; Giorgi and
Shields, 1999; Small et al. 1999a,b; van Lipzig, 1999; Pan et al. 2001), which can

be especially high over remote areas or mountainous regions.

Being as an initial boundary value problem, three sources of the biases are
introduced into RCM simulation: uncertainties from initial condition, biases of the
lateral boundary forcing, and the uncertainties introduced by the internal variabilities
of the model itself. The main purpose of this paper is to investigate the sensitivity
of RCMs to the uncertainties in the lateral boundary forcing, while study of the
uncertainties come from the initial condition and model internal variabilities is beyond

the present scope of this study.

Numerous studies demonstrate that the uncertainties in a nested RCM are mainly
coming from the lateral boundary forcing that is used to drive the simulation (e.g,
Giorgi and Bi 2000; Liang et al. 2001, 2004; Diaconescu et al. 2007; Gong and Wang
2000; Dimitrijevic and Laprise 2005; Miyakoda and Rosati 1977; Anthes et al. 1985;
Gustafsson 2002; Mohanty et al. 1990; Jacob and Podzun 1997; Paegle et al. 1997;
Pan et al. 2001; Denis et al. 2002; Wu et al. 2005; Zhong 2006; Qian and Liu 2001;
Noguer et al. 1998). The uncertainties induced by the lateral boundary forcing
persistently influence the RCM simulation through the entire integration (Anthes
et al. 1985). Giorgi and Bi (2000) showed that the random perturbation of the lateral
boundary forcing grew during the earlier stage of 5 to 15 days, and then the motions
reached a dynamic equilibrium controlled by the internal model variability, which
was determined by the meteorological regimes, rather than by the perturbation itself.
They demonstrated that generally in long-term simulations, the uncertainties of the
initial condition dominated the response of RCM in the early stage and the biases
of the lateral boundary condition would dominate the later stage of the simulation
when the lateral boundary information pervaded the interior of the domain. Paegle

et al. (1997) showed that the small perturbation of large scale is more important
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than the small perturbation of small scale to the development of small scale motions,
which actually agrees with the findings of Thompson (1957) and Lorenz (1969).
They indicated that the uncertainties of large scale induced the uncertainties of lateral
boundary forcing, which thus is more important than the small perturbation of local
initial condition. So the uncertainties induced by the lateral boundary forcing are
generally larger than those induced by the initial condition, model resolution, physical
parameterizations, domain size (Vukicevic and Errico 1990; Jacob et al. 1997; Elia
et al. 2008), and even the RCM used (Arritt and Rummukainen 2011).

Moreover, various responses of the RCM to the uncertainties in lateral boundary
forcing have been observed. Wu et al. (2005) found the biases in the lateral boundary
forcing generally contributed more to the overall uncertainties than that produced
by the biases in the initial condition and no clear trend was observed on the evolution
of the uncertainties on the lateral boundary forcing, whereas Christensen et al. (1997)
found the RCM amplifies the biases in lateral boundary forcing. However Hong et
al. (1999) found the RCM reduces the biases.

Some studies focused on the impacts of domain sizes (Jones et al. 1995; Bhaskaran
et al. 1996) and consistency between the driving GCM and driven RCM (Beniston
et al. 2007). Other studies tried to reduce the influence of the uncertainties in lateral
boundary forcing on RCM simulation. Qian and Liu (2001) found that choosing the
lateral boundary location where the lateral boundary forcing has rather small biases
improves the performance of the RCM. Xue et al. (2007) found that the RCM is
sensitive to its southern lateral boundary condition when the buffer zone is extended
to the tropics and is able to obtain the reasonable simulations only with when an
appropriate lateral boundary location is selected. Similarly, Liang et al. (2001) found
there is large discrepancy in atmospherical humidity between the National Centers
for Environmental Prediction-National Center for Atmospheric Research global
reanalysis datasets (Kalnay et al. 1996) and the ERA-40 reanalysis datasets over
the lower latitude, and suggested that the lateral boundary location should be chosen

to avoid this area.

However, none of the studies tried to directly decrease the uncertainties in lateral

boundary forcing. In the simulations of the East Asian summer monsoon, Wang and
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Yang (2008; figure 1) and Yang et al. (2011; figure 2) found that the Weather Research
and Forecast (WRF) model driven by the ERA-40, National Center for Environmental
Prediction-Department of Energy reanalysis data (NCEP-R2), and the Japanese 25-year
reanalysis (JRA-25) yields different results. All experiments have significant
deficiencies in reproducing the observed rainfall and have large biases in simulating
the atmospheric circulation. The authors found that the large vapor uncertainties
among reanalysis datasets over the Bay of Bengal and the Philippine Sea are the
key factor that induces the largely different realizations. The equally weighted
ensemble forcing lessens the uncertainties in lateral boundary forcing and therefore

improves the performance of the model.

(a) ®z+ERAIO2 It (b) expr2 It
40N 1530 40N [eRel-1-T-ed-1-1-1-1+3
C00PO00B0OL0BD
8082008
1 8
1510 Dﬁggﬂ o0
229853,228°2 .
oeooLs 000
o 30N 1 - d® 5
1490 o osgesc ~aoesecE~
-1 o~
H @ !
08 ) .
{-1:1:] 0eO000C0 L:1:] 00000000
1470 Gy I-BW .
20N 20N 959 o H .5
5 &€, e e
QRO o
1450 258 hE ER
Ae 4 ggﬁ coeo] I 20
b 3 o
SR
10N 1430 10N ﬁf; &gT ﬁl f QI’ f
95E 105E 115E 125E 135E 95E 105E 115E 1258 135E
(€) Exp ERAGD 7 (d) Exp R2+ERAG0)2 5
40N QoQOCe00000 oOodO! 40N Qo00000000 o0
CUOQO‘DOB CO8 v -
8 8
30N s 30N 5
L3
0 03 0
£ o0 g
o -1
20N s N1~y 5
a8 = = =
2803
Bp@ = s FNs e s e
2 Rotl . ) . : {2
'8: L] = . @ﬂoﬂﬂeo =1
Q o p OO OO 000y 0000000 O 0a0000004
10N y f 10N T = T T 9’? T 7
9SE 105E 115E 125E 135E 95E 105E 115E 125E 135E
Figure 1 (@) Summer June-July-August (JJA] mean geopotential height (shading in units of meter] and

horizontal winds [vector in units of ms”) at 850 hPa that are derived from the ensemble mean of NCEP-R2
and ERA-40 reanalysis data. Shown in (b), (c) and (d) are the WRF model biases that were simulated with
lateral boundary conditions derived from (b) NCEP/DOE reanalysis 2 (NCEP-R2), (c) ECMWF reanalysis (ERA-40),
and (d) ensemble mean of ERA-40 and NCEP-R2 control, respectively. All the biases are defined by the departure
of RCM simulations from the ensemble mean of NCEP-R2 and ERA-40. The purple circles indicate the significant
areas with 99% confidence level in the difference of geopotential height by t test
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Figure 2 The WRF model biases on geopotential height (shading in units of meter) and horizontal winds
[vector in units of ms') at 850 hPa in climate summer June—July-August (JJA]. Respectively, (a), (b), (c) and
(d) are the biases that were simulated with lateral boundary conditions derived from (a) NCEP/DOE reanalysis
2 (NCEP-R2), (b) ECMWF 40-year reanalysis (ERA-40), (c) the Japanese 25-year reanalysis (JRA-25), and (d)
the ensemble mean of the three reanalysis datasets. All the biases are defined by the departure of RCM simulations
from the corresponding large-scale forcing. The green circles indicate the significant areas with 95% confidence
level in the difference of geopotential height by t-test.

However, the experiments in Wang and Yang (2008) and Yang et al. (2011)
were driven by the equally weighted ensemble forcing and did not consider the
specificity of different reanalysis datasets, especially the characteristic of humidity
fields that induce the large model biases. The optimized ensemble scheme is more
competent than the equally weighted ensemble method when the models are very
different (Arritt and Rummukainen 2010). Recently, the optimized ensemble method
of Bayesian model averaging (BMA) (Hoeting et al. 1999) was being increasingly
used in ensemble prediction (Raftery et al. 2005; Sloughter et al. 2007), climate
change projection (Min and Hense 2006), and hydrology prediction studies (Duan
et al. 2007). The BMA ensemble mean is a weighted average of the ensemble members.

The weights are estimated according to the performance of individual members on
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simulating the given training data. Thus, we are motivated using the BMA method
to the key field, i.e. the humidity field which has the leading uncertainties among
the variables in lateral boundary forcing, in order to investigate the efficient ways
to reduce the model biases. We want to address the following questions: Does the
BMA ensemble forcing effectively reduce the model biases? Can the BMA ensemble
forcing further improve the RCM performance than the equally weighted ensemble

forcing does?

To answer the questions, we simulate the 1998 East Asian summer monsoon
with WRF model driven by NCEP-R2, ERA-40, JRA-25, the third generation ECMWF
reanalysis product INTERIM (ERA-IN), as well as their equally weighted ensemble
mean, and the same forcing of the previous one except that the humidity field is
developed by the BMA method. The model and data are described in Section 2.
The experiments are designed in Section 3. Section 4 presents biases in the
experiments driven by individual reanalysis datasets. The source of the model biases
are discussed in Section 5. In Section 6, we describe the application of the BMA
method. Section 7 shows the performance of experiments forced by the equally
weighted ensemble forcing and the BMA ensemble forcing. Section 8 is the discussion

and the final section presents the summary and conclusion.

2. Model and data

The Weather Research and Forecast (WRF) model (Skamarock et al. 2005) a
primitive equation model under sigma coordinates, is used in this study. WRF is
a next-generation regional prediction and downscaling system designed to meet both
operational forecasting and atmospheric research needs. It has a advanced software
architecture allowing for parallel computing and system extensibility. The
development of the state of the art WRF has been a collaborative partnership, mainly
among the National Center for Atmospheric Research, the Forecast Systems
Laboratory, the National Oceanic and Atmospheric Administration, National Centers

for Environmental Prediction, the Air Force Weather Agency, the Naval Research
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Laboratory, the University of Oklahoma, and the Federal Aviation Administration.
WREF allows researchers the ability to conduct simulations reflecting either real data
or idealized configurations. WRF is suitable for many applications of different scales
ranging from meters to thousands of kilometers. Such applications include research
and operational numerical weather prediction (NWP), data assimilation and
parameterized-physics research, downscaling climate simulations, driving air quality
models, atmosphere-ocean coupling, and idealized simulations (e.g. boundary-layer

eddies, convection, baroclinic waves).

There are two dynamics solvers in the WRF Software Framework (WSF): the
Advanced Research WRF (ARW) solver (originally referred to as the Eulerian mass
or “em” solver) developed primarily at NCAR, and the NMM (Nonhydrostatic Mesoscale
Model) solver developed at NCEP. We chose the ARW solver in this study. The
governing equations of the ARW dynamics solver are the compressible, nonhydrostatic
Euler equations. The equations are written in flux form with variables have
conservation properties, following the philosophy of Ooyama (1990). And, the
equations are expressed by using a terrain-following mass vertical coordinate (Laprise,
1992). The top of the model is a constant pressure surface, for which 50mb pressure
surface is used in this study. Horizontal Grid uses Arakawa C-grid staggering. Time-split
integration uses a 3rd order Runge-Kutta scheme with smaller time step for acoustic
and gravity-wave modes (Klemp and Wilhelmson 1978; Skamarock and Klemp 1992;
Wicker and Skamarock 2002).

WREF offers multiple physical options that can be combined in any way (Skamarock
et al. 2005). In our study, we choose Purdue Lin scheme as the microphysics
parameterization which includes six types of hydrometeors: water vapor, cloud water,
rain, cloud ice, snow, and graupel. All parameterization production terms are based
on Lin et al. (1983), Rutledge and Hobbs (1984), and Tao et al. (1989). Detailed
description can be found in Chen and Sun (2002).

We choose Betts-Miller-Janjic (Janjic 1994; 2000) scheme as the cumulus
parameterization which was derived from the Betts-Miller (BM) convective adjustment
scheme (Betts 1986; Betts and Miller 1986) with several different important aspects
(Janjic 2000).
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The surface layer scheme adopts stability functions from Paulson (1970), Dyer
and Hicks (1970), and Webb (1970) to calculate surface exchange coefficients for

heat, moisture, and momentum.

Land surface parameterization is the Noah LSM scheme which was developed
jointly by NCAR and NCEP. This is a 4-layer soil temperature and moisture model
with canopy moisture, snow cover, and soil ice prediction. Details of the OSU LSM
are described by Chen and Dudhia (2001).

The Yonsei University (YSU) PBL is employed here, which uses the counter

gradient terms to represent fluxes due to non-local gradients.

Long wave Rapid Radiative Transfer Model (RRTM) is chosen in this study. RRTM
is based on Mlawer et al. (1997) and is a spectral-band scheme using the correlated-k
method. RRTM uses pre-set tables to represent accurately long wave processes due

to water vapor, ozone, CO2, trace gases, and cloud optical depth.

Dudhia (1989) shortwave scheme is used in this study, which considers clear-air
scattering, water vapor absorption (Lacis and Hansen 1974), cloud albedo, and

absorption. It uses look-up tables for clouds from Stephens (1978).

Four reanalysis datasets were used as the large-scale forcing fields: NCEP-R2
(Kanamitsu et al. 2002), ERA-40 (Uppala et al. 2005), ERA-IN (Dee et al. 2011),
and JRA-25 (Onogi et al. 2007). The lateral boundary forcing fields were geopotential
height, air temperature, specific humidity, and horizontal winds. The width of the
buffer zone in our model was set to be 10 grid points, where the prognostic variables
of WRF model were nudged toward the reanalysis fields following the method of
Davies and Turner (1977) with Newtonian nudging and horizontal diffusion within
the RCM buffer zones. The initial state consists of surface pressure, sea-level pressure,
2-m height moisture, 2-m height temperature, 10-m height horizontal winds, soil
moisture, soil temperature, and skin temperature. The skin temperature over the
ocean was considered sea surface temperature. Horizontal resolution of thirty-second
topography and land use data in Noah LSM is from the U.S. Geological Survey. The
thirty-second soil type data is deduced from the State Soil Geographic (STATSGO)

Database and five-minute global data from the Food and Agriculture Organization
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of the United Nations.

The water vapor path of the Hamburg Ocean Atmosphere Parameters and Fluxes
from Satellite Data (HOAPS-3; Andersson et al. 2007) was used as the observed training
data to validate the humidity fields of the reanalysis datasets in the BMA method.
This data is globally gridded multi-satellite composite products with spatial and
temporal resolution of 1 degree and 12 hours, respectively. Each grid-cell contains
data from only one satellite with no multi-satellite averaging. Early passes are
overwritten by later passes. This method provides more spatial homogeneity than
averaging all available data. The fields are stored for 0-12 and 12-24 UTC. HOAPS-3
contains global precipitation and evaporation over the ocean and all basic state
variables needed for the derivation of the fluxes. Almost all variables are derived
from SSM/I passive microwave satellite data over the ice free global ocean. HOAPS-3
covers the time span from 07/1987 to 12/2005, resulting in a climatology containing
18 complete years of data.

The gauge-based Monsoon Asia Analysis precipitation with a resolution of 0.5°
x 0.5° constructed by the Asian Precipitation—Highly—Resolved Observational Data
Integration Towards Evaluation (APHRODITE) of the Water Resources project (Yatagai
et al. 2009) was used to verify the simulated precipitation. The APHRODITE project
develops state-of-the-art daily precipitation datasets with high-resolution grids for
Asia. The datasets are created primarily with data obtained from a rain-gauge-
observation network. The status of data collection and the domains are shown on
the products page. In comparison with observed precipitation data, model results

were interpolated into the grids of the observation data by using bilinear interpolation.

The simulated low-level wind fields and geopotential height were verified with

the corresponding large-scale forcing reanalysis datasets.
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3. Experimental designs

During the monsoon/meiyu-changma-baiu season in 1998, a extreme precipitation
event occurred in the Yangtze River basin (26°-32°N, 103°-122°E; figure 3) that led
to the worst flooding event in the recent 40 years, and, as a result, considerable
impacts to the Chinese economics and society. This devastated event was associated
with the extreme anomalous happened on the East Asia summer monsoon, as well
as the impact of the strongest 1997/98 El Nino event in the last century (Ding and
Liu 2001).

In 1998, westerlies first appeared over the South China Sea in middle May and
then extended to the entire South China Sea, which indicates the onset of East Asian
summer monsoon. From later May and early June, the monsoonal front moved
northward and prevailed over south China. On around 10 June, the monsoon flow
strengthened and rapidly moved to the Yangtze River basin and persisted there until
the end of June. This normal meiyu event brought the first flood in the Yangtze
River basin. Between late June and early July, the monsoon flow propagated farther
north and the rainbelt moved to the Huaihe River basin. In middle and late July,
the major rainbelt suddenly retreated to the Yangtze River basin again, which brought

the unusual second meiyu caused severe floods over the Yangtze River basin in 1998.

Based on the event that we studied, we designed our model domain covering
the East Asian summer monsoon region centered on 25°N, 115°E and extended from
5°N to 45°N and from 90°N to 140°E (figure 3). We choose Mercator map projection,
thus the zonal grid space exactly equal to 0.5°, and the meridional grid space is
almost 0.5° with a slight decrease from south to north. The model grid has a horizontal
resolution of 50 km with 101 west-east and 92 south-north grid points, and 31

sigma layers in vertical direction up to 50 hPa.

There is distinct contrast between the topography over the northwest side of
the domain and the land around the ocean. Low elevations are dominant throughout
the east and south sides of the continent and maritime land, whereas elevations
higher than 1.5 km are common in the northwest of the domain. The highest elevation,
which is cut off by the west boundary of the domain between 25°N and 40°N,
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represents the Tibetan plateau which has the steepest slope located at its south
and east side. Clay loam and regular loam are dominant soil types across East Asia.
Grasslands and croplands occupy most of the area in the central China. Barren or
sparsely vegetated land cover is located in the northwestern part of the domain.
Forests are found in the northeastern part of the domain and in the southern flank
of the Tibetan Plateau and Indochina. The low-level jet crossing the Bay of Bengal
supplies abundant moisture to the East Asian summer monsoon region. The western
North Pacific sub-tropical high residing in the Southeast dominates the evolution

of monsoonal precipitation.

T == e e
90E 100E 110E 120E 130E 140E

Figure 3  Simulation domain (enclosed by solid blue lines: 5°-45°N, 90°-140°E) and topography (color shading
in units of meters). Topographic contours of 1500, 4000, and 5000 m are highlighted. The satellite-observed
training data HOAPS-3 locates at the blue points outside the simulation domain. Analysis areas over land enclosed
by dashed lines refer to South China (20°-26°N, 103°-122°E), the Yangtze River Basin (26°-32°N, 103°-122°E),
and North China (32°-40°N, 103°-122°E).

Four sensitivity experiments named Exp-R2, Exp-40, Exp-IN, and Exp-25 were
initially designed and, respectively forced by the NCEP-R2, ERA-40, ERA-IN, and
JRA-25. The control experiment (CTL) was driven by the equally weighted ensemble
mean of the four reanalysis datasets. To investigate the BMA method, we therefore
designed another sensitivity experiment same as the CTL except the ensemble mean
of the humidity fields was based on the BMA method and referred to it as Exp-BMA.

Generally, the reanalysis datasets NCEP-R2, ERA-40, and JRA-25 are available

at 6-hour intervals with a horizontal resolution of 2.5° on an identical grid. To keep
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all sensitivity experiments and CTL in the same framework, we interpolated the ERA-IN
through bilinear scheme from its original 1.5° grid to the 2.5° grid that the other

reanalysis datasets sit on.

Since the NCEP-R2 and ERA-40 have only 17 pressure levels, we used the same
levels from the ERA-IN and JRA-25 to maintain consistent vertical levels across the
different datasets. Different from the ERA-40 and JRA-25, the surface data of ERA-IN
and NCEP-R2 are 1.5° and 1.85° respectively, and were interpolated to 2.5° grid
through bilinear scheme. So far all large-scale forcing had been prepared ready. The
initial conditions of experiments Exp-R2, Exp-40, Exp-IN, and Exp-25 were taken
from the NCEP-R2, ERA-40, ERA-IN, and JRA-25 reanalysis datasets, respectively.
The same initial conditions of CTL and Exp-BMA were from the equally weighted
ensemble mean of the four reanalysis datasets. The physical parameterization scheme
and model configuration were kept the same for all experiments. All model parameters

were taken with the default values without tuning.

All experiments were started from 00Z April 22 to 18Z August 31 in 1998. The
days before May 1 were considered as a “spin-up” period (Giorgi and Mearns 1999)
and the model output from May 1 to August 31 was analyzed. The spin-up time
of 9 days may be insufficient for adjusting the atmosphere to land surface anomalies.
Fortunately, the soil moisture-precipitation feedback is much less important than
the moisture flux convergence anomaly during the Asian monsoon season (Douville
et al. 2001).

4. Systematic biases forced by individual reanalysis datasets

The four sensitivity experiments forced by individual reanalysis datasets yielded
different biases in simulations of the June-July-August (JJA) mean low-level 850-hPa
circulations. Figures 4b, 4c, 4d, and 4e show the biases in 850-hPa circulations
produced by Exp-R2, Exp-40, Exp-IN, and Exp-25, respectively. The biases were defined
by the deviation of the RCM simulations from each corresponding forcing (e.g. the
bias of Exp-R2 is the difference between Exp-R2 and NCEP-R2). The bias in Exp-R2
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(figure 4b) was a notable anticyclonic high-pressure bias centered over Taiwan and
spread over southeastern China along the adjoining oceanic region and over part
of Indochina Peninsula. Exp-40 produced a bias (figure 4c) much larger than that
in Exp-R2 but with an opposite sign: a cyclonic low-pressure bias occupied almost
all the 850 hPa level centered over Taiwan island. Exp-IN (figure 4d) had a similar
bias pattern of Exp-40 tilted north-east to south-west, but the range and the amplitude
were smaller. Exp-25 (figure 4e) generated a high-pressure bias mainly over the
Philippine Sea, the South China Sea, the Indochina Peninsula, and its associated

circulations.

Further comparison of circulation between the model simulations and equally
weighted ensemble mean of the four reanalysis datasets only showed a quantitative
change (figure 5), because the circulation fields of the four reanalysis datasets were

not considerable different much (see section 5 for details).

These different biases reflected the large uncertainties in experiments driven
by individual reanalysis datasets. The location and strength of the western North
Pacific subtropical high directly influences the East Asian summer monsoon. Therefore,
the discrepancies would have marked effects on the monsoon precipitation in regional

dynamic downscaling of the East Asian summer monsoon.
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Figure 4  The model biases on geopotential height (shading in units of meter] and horizontal winds (vector
in units of 5 ms ") at 850 hPa in summer (JJA) mean. Respectively, (b), (c], (d), [e), (f), and (g} are the biases
simulated with lateral boundary conditions derived from (b] NCEP/DOE reanalysis 2 (NCEP-R2), (c)] ECMWF
40-year reanalysis (ERA-40), (d) ECMWF reanalysis INTERIM (ERA-IN), (e] the Japanese 25-year reanalysis (JRA-25),
(f) the equally weighted ensemble mean of the four reanalysis datasets, and (g) the Bayesian model averaging
(BMA) ensemble mean of the four reanalysis datasets. All the biases are defined by the departure of RCM
simulations from the corresponding large-scale forcing. (a is the averaged wind field and geopotential height
at 850 hPa of the four reanalysis datasets.
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Figure 5 Similar to figure 4, but all the biases are defined by the departure of RCM simulations from
the equally weighted ensemble mean of the four reanalysis datasets. Respectively, (a), (b), (c], and (d) are the
biases simulated with lateral boundary conditions derived from (a) NCEP/DOE reanalysis 2 (NCEP-R2), (b) ECMWF
40-year reanalysis (ERA-40), (c) ECMWEF reanalysis INTERIM (ERA-IN), and (d) the Japanese 25-year reanalysis
(JRA-25).

The differences among simulations were observed not only in low-level circulation
but also in seasonal mean precipitation. Compared with Exp-R2 and Exp-25, Exp-40
and Exp-IN produced much more precipitation over the Indo-China peninsula and
the oceanic region in simulation domain. Exp-40 produced more precipitation in
the eastern Yangtze River Basin than did Exp-IN. Exp-40 produced less precipitation
in the western Yangtze River Basin than did Exp-IN. Exp-25 simulated more
precipitation over the Philippines and adjoining ocean than did Exp-R2 (figures not

shown).
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Table 1 Spatial correlation coefficients (R) and spatial root mean square error (RMSE] of seasonal precipitation
between the observation and Exp-R2, Exp-40, Exp-IN, Exp-25, CTL, and Exp-BMA over land of North China
(NC), the Yangtze River Basin (YZ], and South China (SC). Rt is the temporal correlation coefficient of daily
precipitation averaged over land of NC, YZ, and SC between the observation and the simulations

R / RMSE / Rt NC YZ SC
Exp-R2 0.71 / 1.65 / 0.49 0.26 / 4.04 / 0.38 0.42 / 497 / 0.67
Exp-40 0.60 / 1.47 / 0.25 0.18 / 438 / 0.31 0.20 / 6.42 / 0.30
Exp-IN 0.64 / 1.37 / 0.45 0.08 / 454 / 0.11 0.12/7.79 / 0.39
Exp-25 0.72 / 1.34 / 0.63 0.33 / 4.14 / 0.57 0.41 /528 / 049

CTL 0.68 / 1.53 / 0.40 0.10 / 4.96 / 0.39 0.43 / 6.70 / 0.62
Exp-BMA 0.78 / 1.07 / 0.42 0.02 / 3.76 / 0.44 0.48 / 4.63 / 0.52

Model skills in simulating seasonal precipitation are shown in Table 1, which
presents the spatial correlation coefficient (R; see the following formula) and spatial
root mean square error (RMSE; see the following formula) between the simulation
and the rain-gauge observation in three regions over land in China (i.e, North China,
the Yangtze River Basin, and South China in figure 3). Among the sensitivity
experiments forced by individual reanalysis datasets, Exp-25 had the largest R of
0.72, while Exp-40 had the smallest R of 0.60 over North China. The other experiments
had the R values between the R of Exp-25 and Exp-40, respectively, with R values
of 0.71 and 0.64 in Exp-R2 and Exp-IN. Over the Yangtze River Basin, all sensitivity
experiments forced by individual reanalysis datasets showed different R values, but
generally the R was small (0.26 in Exp-R2; 0.18 in Exp-40; 0.08 in Exp-IN; 0.33
in Exp-25) . Only Exp-25 (R=0.33) and Exp-R2 (R=0.26) showed some degree of
skills, while Exp-IN showed no skills (R=0.08). Over South China, Exp-R2 had the
largest R of 0.42, whereas Exp-IN had the smallest R of 0.12. Exp-40 and Exp-25
had R values of 0.20 and 0.41 respectively.

In terms of RMSE, the results of the sensitivity experiments forced by individual
reanalysis datasets were also different. Exp-25 had the smallest RMSE (1.34) while
Exp-R2 had the largest RMSE (1.65) over North China. The RMSEs in Exp-40 and
Exp-IN were 1.47 and 1.37 respectively. Over both the Yangtze River Basin and South
China, the smallest RMSEs were observed from Exp-R2 (4.04; 4.97), while the largest
RMSEs were observed from Exp-IN (4.54; 7.79). Exp-40 (4.38; 6.42) had larger RMSEs
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than Exp-25 (4.14; 5.28) in both the Yangtze River Basin and South China. Generally,
however, the RMSEs were observed over the Yangtze River Basin and South China
are larger than those over North China, which means the tropical rainfall is difficult

to simulate.

Table 1 also shows the temporal correlation coefficient (Rt; see the above formula)
of daily precipitation averaged over North China, the Yangtze River Basin, and South
China between the simulation and the observation. In North China, Exp-25 (R=0.63)
performed best, followed by Exp-R2 (R=0.49). The Rt of Exp-40 and Exp-IN were
0.25 and 0.45 respectively. In the Yangtze River Basin, Exp-25 had the largest Rt
of 0.57, while Exp-IN has the smallest Rt of 0.11. Exp-R2 and Exp-40 has Rt of
0.38 and 0.31 respectively. In South China, Exp-R2 had the largest Rt of 0.67 and
Exp-40 had the smallest Rt of 0.30. Exp-IN and Exp-25 had the Rt of 0.39 and 0.49
respectively. Thus, Exp-25 performed best in both North China and the Yangtze River

Basin.

With the same configuration and model set up, the aforementioned differences
among the sensitivity experiments forced by individual reanalysis datasets could only

be caused by the different initial condition and the different lateral boundary forcing.

To isolate the main sources of uncertainty, we carried out the sensitivity
experiments on the initial condition. We replaced the initial conditions of Exp-R2,
Exp-40, Exp-IN, and Exp-JRA with the averaged initial condition of themselves, and
the resultant four experiments are referred to as Exp-R2(ctllnit), Exp-40(ctllnit),
Exp-IN(ctlInit), and Exp-25(ctlInit), respectively. Figure 6 shows the biases in low-level
circulation of these four experiments, which are different from the biases in
experiments of Exp-R2, Exp-40, Exp-IN, and Exp-JRA. However, compared with the
changes induced by both initial and lateral boundary conditions (e.g, changes from
Exp-R2 to CTL; figure 4b to 4f), the changes induced only by initial condition (e.g,
changes from Exp-R2 figure 4b to Exp-R2(ctllnit) figure 6a) were minor, which

indicates the biases were mainly determined by the lateral boundary forcing.
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Figure 6 As figure 4, but for sensitivity experiments of Exp-R2(ctlinit), Exp-40(ctlinit), Exp-IN(ctlnit), and
Exp-25(ctlinit). All the biases are defined by the departure of RCM simulations from the corresponding large-scale
forcing.

Thus, to sharpen up our foci, we only investigated the error sources from the
lateral boundary forcing. As found by Wang and Yang (2008) and Yang et al. (2011),
here, the uncertainties in humidity fields of the lateral boundary forcing might also
be the most important reason for the discrepancies. A detailed analysis is presented

in the next section.

5. The source of the biases

To determine the forcing field that most likely to result in the large discrepancies
in the last section, we investigated the relative differences among the forcing fields:
horizontal wind speed, geopotential height, absolute humidity, and temperature of

the four reanalysis datasets. The absolute humidity is computed from the simulated
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humidity fields at the most outer margin of the buffer zone, and is equal to the

value of the forcing field.

We used the spatial average of noise-to-signal ratio (NSR; the spatial average
of the inverse of signal-to-noise ratio; see the following formula), on each side of
the lateral boundaries from 1000mb up to 100mb in JJA to determine the relative
differences of a variable among the four reanalysis datasets. As an example, for absolute
humidity at the western boundary, we first calculated the JJA mean absolute humidity
for the four reanalysis datasets. Then, for each point on the western boundary, we
calculated the noise-to-signal ratio from the four JJA mean absolute humidity. Finally,
the NSR was defined as the spatial average of the noise-to-signal ratio at the western
boundary. Larger (smaller) values of NSR indicate that the relative differences of
a variable among the four reanalysis datasets were larger (smaller). Near a wind
shear, the u or v component of the horizontal wind becomes very small, leading
to a huge NSR value that cannot reflect the actual differences in winds among the
four reanalysis datasets. Therefore, wind speed was used to measure the wind

differences instead of u or v.

Table 2 shows that absolute humidity had the largest values of NSRs at all lateral
boundaries, which means that the differences in absolute humidity was most likely
to be the key factor resulting in the large discrepancies in between the experiments
forced by individual reanalysis datasets. Unlike the western, eastern, and southern
lateral boundaries, although the NSR value (0.17) was large at the northern boundary,
it didn’'t mean the relative differences was large because the spatial average of the
mean absolute humidity (i.e, an approximation of the signal in NSR; see the following
formula) was the minimal (ie, 2.66). Thus only at the western, eastern, and southern
boundaries, the uncertainties in humidity field could induce the large discrepancies

in experiments forced by individual reanalysis datasets.
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Table 2 Spatial average of noise-signal ratio (NSR) of large-scale forcing fields at the western, eastern,
southern, and northern lateral boundaries. The symbols WS, z, a, and T represent wind speed, geopotential
height, absolute humidity, and air temperature, respectively. The spatial average of the signal (mean) of absolute
humidity is also shown

NSR/mean WS z a T
West 0.07 0.00 0.17/5.53 0.00
East 0.04 0.00 0.12/5.94 0.00
South 0.06 0.01 0.14/7.00 0.00
North 0.04 0.00 0.17/2.66 0.00

It is difficult for both GCM outputs and reanalysis datasets to diminish the
uncertainties in the humidity field, especially on upper levels. To date, the observed
humidity is poor both in quantity and quality. Quality of balloons data is poor at
very high and very low humidity, and its varieties depend on the instruments and
practices between countries, which sometimes makes the data interpretation difficult
(Elliott and Gaffen 1991). Radiosonde data is limited at high altitude and is lacking
over remote oceanic regions. Satellite data has low-resolution vertical profiles and
doesn’t provide water vapor data in all weather conditions (Prabhakara et al. 1985;
Rind et al. 1993; Rocken et al. 1993). Thus, it is not necessary to surprise there
are considerable difference in the moisture field among the four reanalysis datasets.

In order to determine where the humidity field had the large differences, the
standard deviation ($%@,) of JJA mean absolute humidity of the four reanalysis datasets
at the western, southern, and eastern lateral boundaries below 300 hPa are shown
in figure 7. The large humidity differences at the western boundary were observed
at the boundary layer and the middle atmosphere over the Bay of Bengal. At the
southern boundary, the large humidity differences existed at the east side of the
boundary. At the eastern boundary, the large humidity differences existed in the
boundary layer and the low-level atmosphere over the Philippine Sea. Although the
vertical distribution of the humidity differences varied from place to place, but it
was clear that almost all the large differences of humidity pronounced over ocean,
which is in agreement with the findings in Wang and Yang (2008) and Yang et
al. (2011). We will reduce the large uncertainties in humidity field of the lateral

boundary forcing over ocean through BMA method in the next section.
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Figure 7 The standard deviation ($%:,; g m-3) of JJA mean absolute humidity of the large-scale reanalysis
forcing of NCEP-R2, ERA-40, ERA-IN, and JRA-25 at the western (a), southern (b), and eastern (c] lateral boundaries
below 300 hPa. (d), (e] and (f] are the means (g m-3) of JJA absolute humidity of the large-scale reanalysis
forcing of NCEP-R2, ERA-40, ERA-IN, and JRA-25 at the western, southern, and eastern lateral boundaries
below 300 hPa. Black color represents topography.
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6. Application of BMA

BMA is a statistical approach to generate the ensemble mean that outperforms
any single ensemble member (Hoeting et al. 1999). Raftery et al. (2005) successfully
applied BMA to a 48-hour regional weather forecast on surface temperature and
sea level pressure. Min et al. (2007) carried out a climate change study based on
BMA method. Duan et al. (2007) applied BMA to hydrologic prediction and found
that BMA prediction is generally superior to the best individual prediction. Sloughter
et al. (2007, 2010) applied BMA to precipitation and wind speed forecasting. Different
from other multi-model ensemble methods, BMA provides a more realistic description
of the predictive uncertainty that accounts for both between-model variances and
in-model variances. In this study, we applied the BMA method to the humidity field
of the lateral boundary forcing in dynamic downscaling of the East Asian summer

monsoon performed with WRF model. The approach is briefly described as follows.

Because all the underlying models of the four reanalysis datasets depicted the
atmospheric behaviors, the water vapor path of the four reanalysis datasets could

be considered as estimations of the truth of the water vapor path in the atmosphere.

The posterior probability p(M; 10™) was the probability of the water vapor path
simulated by the k-th reanalysis model conditional on the observed water vapor
path, which reflected how well the reanalysis dataset mimicked the observed water
vapor path at the given places (locations indicated by the blue points in figure 3).
The sum of those posterior probabilities was equal to one, thus they could be regarded
as a set of weights to measure the skills of reanalysis background models. Because
the water vapor path is the vertical integration of the humidity, thus the weights
obtained from two-dimensional water vapor path could be used to weight humidity
in three dimensions. Then the probability of BMA ensemble mean of the humidity
near the whole lateral boundary region was the weighted sum of the probability

of the humidity from the four reanalysis datasets:

p)=Y w,p(hIM,)

k=1 )
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where h is the BMA ensemble mean of humidity field, (21M,) is the probability

of simulated humidity based on the k-th reanalysis model, the weight W is the

posterior probability p(M; 10™),

The observed training data was the water vapor path of HOAPS-3 twice a day
from 00Z April 22 through 18Z August 31 in 1998 at the locations indicated by
the blue points in figure 3. The data captured water vapor path right near the lateral
boundary over the Bay of Bengal, the South China Sea, the Philippine Sea, and the
western North Pacific, where the humidity differed considerably among reanalysis
datasets and led to the large discrepancies in dynamic downscaling of East Asian

summer monsoon.

To calculate the weights (posterior probabilities), the humidity fields of reanalysis
datasets were horizontally interpolated to the points in 17 vertical levels that
geographically overlaid the blue points in figure 3. The satellite observed field is
the water vapor path. It is the vertical summation of water vapor contained in the
entire atmosphere. It is a two-dimensional field. Thus, we vertically integrated the
three-dimensional water vapor fields of the four reanalysis datasets to obtain the

two-dimensional fields that were comparable to the satellite observation.

We calculated the weights through the Expectation-Maximization algorithm (e.g.
Hoeting et al. 1999 and Duan et al. 2007). Usually we use the log-likelihood function
to maximize the likelihood function instead of using the likelihood function itself.

Denote:

0=[{w,.0,,k=1,2,...K}

the log-likelihood function can be approximated as:

k
10)= log(ZWk ep (vl fk))
k=1 )
Obviously, it is impossible to solve analytical solution of 8 and the numerical
computational method must be used. Following the recommendation of Raftery et

al. (2005), we used the Expectation-Maximization algorithm to calculate the maximum
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of 1(8). The Expectation-Maximization algorithm treats the maximum likelihood issue
as a “missing data” problem. The “missing data” is a virtual variable without any
real physical meaning but a variable introducing mathematically to solve the
mathematic problem. In this study, a virtual variable Z:; is introduced. If the ensemble
member of the k-th reanalysis is the best estimation at time t, Z,, =1, otherwise
Z.,=0_ At any given time t, there is only one Z:. equal to 1 and all the others
are equal to zero. The Expectation-Maximization algorithm alternates between the
expectation step and the maximization step. It starts with an initial guess, 6, for
parameter 6. In the expectation step, Zi. is estimated given the current guess of
6. In the maximization step, 6 is estimated given the current values of the Z..
The Expectation-Maximization steps are repeated until certain convergence criteria
are satisfied. For a detailed description of the Expectation-Maximization algorithm,

readers are referred to McLachlan and Krishnan (1997).

To ensure that the distribution of the water vapor path approximated normality,
a Box-Cox transformation (Box and Cox 1964) was used to preprocess the water
vapor path of the observation and the four reanalysis datasets before utilizing the

Expectation-Maximization algorithm. This power transformation takes the following

form:
A
y -1
—, A#0
z= A
log(y), A=0,

where Y is the observation or reanalysis datasets and z is the transformed
variable. The same transformation parameter A for the observation and reanalysis
datasets was inferred from the Maximum Likelihood method. The Gaussian assumption
is made for lessoning computational cost and BMA scheme can be applied by assuming
other probability distributions. Statistical techniques such as Markov Chain Monte
Carlo (MCMC) method is capable of simulating any complex probability distribution.
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Figure 8 (a) is the Bayesian model averaging (BMA] weights of the water vapor path of NCEP-R2 (red),
ERA-40 (green), ERA-IN (blue), and JRA-25 (black] calculated from satellite-observed training data HOAPS-3
at the locations indicated by the blue points in figure 3. (b) and [c) are respectively the correlation coefficients
(R) and root mean square error (RMSE] of water vapor path of equally weighted ensemble mean (black) and
BMA ensemble mean (red) of the four reanalysis datasets relative to HOAPS-3.

Figure 8a shows the weights of the four reanalysis datasets with the same temporal
resolution as the HOAPS-3 in 12 hours intervals at 00z and 12z. The weights at
06z (18z) took their former values at 00z (12z) because of the necessity of the
6-hourly interval of the lateral boundary forcing. The weights of ERA-IN had the
most chances being the largest ones, which meant that the water vapor path of
ERA-IN was closest to that of HOAPS-3 among the four reanalysis datasets, while
the weights of NCEP-R2 had the most chances being the smallest ones. The weights
of EAR-40 were more pronounced than the weights of JRA-25 around in the early

integration stage.

Figure 8 b and 8 c compare the water vapor path between the equally weighted
ensemble mean and the BMA ensemble mean of the four reanalysis datasets based
on the observation. Relative to HOAPS-3, the R of water vapor path of the BMA
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ensemble mean was higher than that of the equally weighted ensemble mean at
almost all the times, the RMSE of water vapor path of the BMA ensemble mean
was significantly reduced compared with that of the equally weighted ensemble mean
at almost all the times. The humidity obtained from BMA ensemble method is
controlled by the individual vapor transfer equation in the model, thus the optimal
humidity will not cause the inconsistency with other variables. Forced by the BMA
ensemble mean whose water vapor path was closer to HOAPS-3 than that of the
equally weighted ensemble mean, what happened in the WRF model will be stated

in the next section.

7. Improved simulations

The physical parameterization schemes used in the background models that
produced NCEP-R2, ERA-40, ERA-IN, and JRA-25 are different. We assume that the
systematic errors obtained from relatively independent model parameterization
schemes are random. Thus, an ensemble mean of two or more reanalysis datasets
would potentially reduce the uncertainties by canceling out random errors. Uncertainty
arising from model parameterization schemes is also one of the major sources of
errors in dynamic seasonal prediction. To alleviate prediction errors arising from
model physical parameterization scheme, the multi-model ensemble climate prediction
has been developed (e.g., Krishnamurti et al. 1999). It was shown that the ensemble
climate prediction of global models from different centers yields better results than
any individual prediction (e.g. Kalnay and Ham 1989; Palmer et al. 2000; Shukla
et al. 2000; Wang et al. 2004). The idea behind the multi-model ensemble is the
promise that if the model parameterization scheme are independent of each other,
the uncertainty-induced errors in each model may be random in nature; thus, an
average approach may reduce the prediction errors induced by the model
parameterization schemes. Meanwhile, multi-model ensemble methods can also
decrease the uncertainties contained in the initial conditions. Similarly, using a
multi-reanalysis-datasets ensemble mean as the lateral boundary forcing, the RCM
produces better results than any experiment forced by individual reanalysis dataset
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(Wang and Yang 2008 and Yang et al. 2011).

In this study, the equally weighted ensemble mean of horizontal winds,
geopotential height, temperature, and humidity from the NCEP-R2, ERA-40, ERA-IN,
and JRA-25 reanalysis datasets was used as the lateral boundary forcing in the CTL
experiment. Another sensitivity experiment, Exp-BMA, was similar to the CTL but
the ensemble mean of the humidity field was based on the BMA method. The setup

of these experiments was the same as the formers.

The CTL and Exp-BMA were observed to be superior in low-level circulation.
Figures 4f and 4g show model biases of 850-hPa JJA mean geopotential height and
horizontal winds in CTL and Exp-BMA respectively. Compared with the experiments
forced by individual reanalysis datasets in figures. 4b-e, the CTL (figure 4f) dramatically
reduced circulation biases. The CTL only slightly underestimated the geopotential
height over the East China Sea (with a cyclone wind bias) and western South China,
and only overestimated the geopotential height over Laos. The improvement in the
CTL forced by the equally weighted ensemble forcing agrees with the findings in
Wang and Yang (2008) and Yang et al. (2011).

Surprisingly, Exp-BMA (figure 4g) further and significantly decreased the
underestimated biases of geopotential height in the CTL. The underestimated
geopotential height (smaller than —3 m) existed only over several small areas without
organized pattern in wind biases, although the area of overestimated geopotential
height slightly increased over Indo-China peninsular. Compared with the CTL, the
further improvement seen in Exp-BMA was totally benefitted from the BMA ensemble
method applied to the lateral boundary humidity field. Thus constrained by the
observed humidity even in 2 dimensions, i.e. water vapor path over ocean, the lateral

boundary forcing would force the model results with much less biases.

The improvements were also observed in seasonal precipitation. Table 1 shows
that the CTL had a larger R (0.68) than those of did the Exp-40 (0.60) and Exp-IN
(0.64) in North China, but its R was smaller than those of Exp-R2 (0.71) and the
R of Exp-25 (0.72). Over South China, the CTL had a larger R (0.43) than those
of all experiments forced by individual reanalysis datasets (0.42 in Exp-R2; 0.20
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in Exp-40; 0.12 in Exp-IN; 0.41 in Exp-25). Exp-BMA had the largest Rs (0.78 and
0.48) among all experiments in both North China and South China. In the Yangtze
River Basin, almost all experiments had no skills in terms of low R, which was probably
caused by pattern shift in precipitation. Over all, the CTL was not as good as we

expected, but Exp-BMA had better performance.

In terms of RMSE, the CTL had relatively lower skills than those of most
experiments forced by individual reanalysis datasets over both of North China
(RMSE=1.53) and South China (RMSE=6.70), and also had lower skills than those
of all experiments forced by individual reanalysis datasets in the Yangtze River Basin
(RMSE=4.96), while Exp-BMA had the highest skills in terms of RMSE in all experiments
in three regions, i.e. 1.07 in North China, 3.76 in the Yangtze River Basin, and 4.63
in South China.

Table 1 also shows the temporal correlation coefficient (Rt) of daily precipitation
between the simulation and observation averaged over North China, the Yangtze
River Basin, and South China. The CTL had better performance than that of Exp-40
(0.40 vs 0.25) in North China, and only had worse performance than that of Exp-25
(0.39 vs 0.57) in the Yangtze River Basin and that of Exp-R2 (0.62 vs 0.67) in South
China. Although Exp-BMA did not perform well compared with some experiments,
it is better than the CTL in both North China (0.42 vs 0.40) and the Yangtze River
Basin (0.44 vs 0.39). Relative to the CTL, The outperformance of Exp-BMA in simulating
seasonal precipitation and daily precipitation was benefitted from the BMA ensemble

mean of humidity in the lateral boundary forcing.

The results in this study suggest that the CTL forced by the equally weighted
ensemble forcing might not reduce the biases in some aspects of the simulations
and even sometimes it was worse than the experiments forced by individual reanalysis
datasets. However, the BMA ensemble forcing could further reduced the biases in
RCM dynamic downscaling, i.e. Exp-BMA outperformed not only the experiments

forced by individual reanalysis datasets but also the CTL experiment.
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8. Discussion

The uncertainties in a nested RCM mainly come from the lateral boundary forcing
(e.g, Giorgi and Bi 2000; Liang et al. 2001; Qian and Liu 2001). Giorgi and Bi (2000)
found that biases in nested RCM simulations after the spin-up are essentially
dominated by lateral boundary forcing, are generally larger than those induced by
initial conditions, and are even larger than those caused by model resolution and
physical parameterizations (Vukicevic and Errico 1990; Elia et al. 2008). A
well-designed lateral boundary forcing considering geographic location and/or climate
condition can improve model performance (Qian and Liu 2001; Liang et al. 2001;
Xue et al. 2007). In brief, the quality of lateral boundary forcing is vital to RCM
simulation (Gong and Wang 2000; Diaconescu et al. 2007; Dimitrijevic and Laprise
2005).

In simulations of East Asian summer monsoon, Wang and Yang (2008) and Yang
et al. (2011) found that the WRF model driven by ERA-40, NCEP-R2, and JRA-25
yields different results. All experiments show large biases in simulating rainfall and
atmospheric circulation and the large vapor uncertainties among reanalysis datasets
over the Bay of Bengal and the Philippine Sea are identified to be the key factors
that induce the large differences. The equal-weight ensemble forcing has the ability

of lessoning the uncertainties in large-scale forcing and improving model performance.

However, the experiments performed by Wang and Yang (2008) and Yang et
al. (2011), driven by the equal-weight ensemble forcing, did not consider the
characteristics of the different reanalysis datasets, especially the humidity fields. Thus,
improved simulations can only be achieved in most, not all, of the simulation years.
Recently, the optimized ensemble method of Bayesian model averaging (BMA)
(Hoeting et al. 1999) has been increasingly used in ensemble prediction (Raftery
et al. 2005; Sloughter et al. 2007), climate change projection (Min and Hense 2006),
and hydrology prediction study (Duan et al. 2007). BMA is a statistical approach
to generating a weighted average of the ensemble members that outperforms any
single ensemble member. The weights are estimated according to the performance

of individual members in simulating the given training data.
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Thus in this study, we applied the BMA method to the humidity field, which
has the largest uncertainty among the variables in large-scale forcing fields, to reduce
the model biases. Consistent with the results in our previous studies, the experiment
forced by the equally weighted ensemble forcing (control or CTL) significantly reduced
the biases in simulated circulation, but it only reduced the biases in simulated
precipitation in some cases. However, as we expected, the other sensitivity experiment
(Exp-BMA) forced by the BMA ensemble forcing reduced the simulation biases not
only in circulation field but also in most cases in precipitation compared to the

CTL and the experiments forced by individual reanalysis datasets.

This finding calls for cautions in our methodology for verification of the RCMs
and calls for attentions to reshape our strategy for validation RCM models. With
the launch of A-Train satellites, the access to three-dimensional measurements of
moisture and temperature fields over the ocean is expected to lessen the uncertainties
in the lateral boundary forcing in RCM simulations. It would be interesting to see
the impacts of the three-dimensional satellite observations on the quality of future
reanalysis products. Nevertheless, the issues addressed here may provide useful

insight for future design of RCM inter-comparison project.

As BMA is a statistical approach to generating a weighted average of the ensemble
members that outperforms any single ensemble member. The weights are estimated
according to the performance of individual members in simulating the given training
data. Thus, BMA method can be used to decrease the uncertainties of the multi-model
products of the APCC datasets of global models. The BMA ensemble mean of the
global models can be used as the large-scale forcing fields to drive the RCM. This
kinds forecast downscaling study forced by the optimal large-scale forcing should

be investigated and has broad perspective.
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9. Conclusion

Simulations of the 1998 East Asian summer monsoon were carried out using
the WRF model forced by four reanalysis datasets (i.e., NCEP-R2, ERA-40, ERA-IN,
and JRA-25), their equally weighted ensemble mean, and their BMA ensemble mean.
There were large discrepancies in seasonal circulation at 850 hPa, seasonal
precipitation, and daily precipitation (figure 4 and Table 1) in the experiments forced
by individual reanalysis datasets. Diagnostic analysis revealed that the differences
in moisture fields of the large-scale forcing at the eastern, western, and southern
boundaries over ocean were responsible for the large discrepancies. The largest
moisture uncertainties were found over the Bay of Bengal, which agrees to the findings
of Wang and Yang (2008) and Yang et al. (2011).

As expected, the experiment (control) forced by the equally weighted ensemble
forcing significantly reduced the biases in simulated circulations, while it only reduced
the biases in simulated precipitation compared with some experiments forced by
individual reanalysis datasets. It suggests that the use of equally weighted ensemble
forcing may not reduce the biases in all cases, which agrees the decadal findings
in Yang et al. (2011) that the use of equally weighted ensemble forcing systematically
reduces the biases in RCM simulations in most of the years, but not in all years.
The reason might be that the quality of the equally weighted ensemble forcing not
only depended on climate cases (Yang et al. 2011) because of the invariant weights,
but also highly relied on the choice of the ensemble members when ensemble size
was small, and unfortunately which was true for reanalysis datasets in these days.
Moreover, experiment forced by the incorrectly weighted ensemble forcing might

worsen the results forced by individual forcing.

The experiment (Exp-BMA) forced by the BMA ensemble forcing reduced the
simulation biases not only in circulation field but also in most cases in precipitation
compared to the CTL and the experiments forced by individual reanalysis datasets.
In the lateral boundary forcing of Exp-BMA, the weights of humidity field were
determined by how well the reanalysis datasets mimicked the observed water vapor

path over ocean where the uncertainties in humidity field of the lateral boundary
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forcing were the leading factor that induced the large discrepancies in experiments
forced by individual reanalysis datasets. Those weights changed with time according
to the temporal variations of the quality of individual reanalysis dataset based on
the observation. Thus, the BMA ensemble forcing could keep the biases minimal

along the time, therefore its quality was guaranteed (figure 8b-c).

Limited by availability of three-dimensional observation and the computational
resources, this preliminary study was only carried out for simulation of 1998 East
Asian summer monsoon and only relied on the two-dimensional observed water
vapor path to seek the weights through the BMA method. This type of study should
be repeated under different circulation regimes with varying lateral boundary
locations, different dynamic core and physical parameterizations of the WRF model,
as well as decadal time-scale simulation, to validate the BMA ensemble forcing in
reducing the biases in regional climate downscaling. However, as long as the humidity
fields of the lateral boundary forcing have large uncertainties, RCM solutions would
have large uncertainties. Our additional studies show that a climatological large
uncertainty pertaining to moisture fields among the four reanalysis datasets existed
in a large area around the lateral boundary location of our model domain (figure
not shown). Thus, changing the lateral boundary location or the model setup would
only change our results quantitatively. Even changing the simulation year would
uncommonly change our results qualitatively. The biases were expected to be further
reduced by using three-dimensional satellite data including not only humidity but
also other fields as the training base of the BMA method.
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