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Abstract The atmospheric branch of the hydrological
cycle associated with the East Asian summer monsoon is
intricate due to its distinct land-sea configurations: the
highest mountains are to its west, the oceans are to its south
and east, and mid-latitude influences come from its north.
Here we use the weather research and forecast (WRF)
model to demonstrate that using two different large-scale
driving fields, derived from the NCEP/DOE R2 and
ERA40 reanalysis data and the same model configuration
yielded remarkable differences. We found that the differences are primarily caused by uncertainties in the water
vapor influx across the lateral boundaries in the reanalyses.
The summer-mean water vapor convergence into the model
domain computed from the ERA40 reanalysis is 47%
higher than that from the R2 reanalysis. The largest
uncertainties in moisture transport are found in the regions
of the Philippine Sea and the Bay of Bengal, where the
moisture transport has the most significant impacts on the
East Asian summer monsoon rainfall distribution. The
sensitivity test results suggest that the biases in the seasonal
mean, seasonal march of the rain band, and individual
rainfall events may be reduced by using an ‘‘ensemble’’
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average of R2 and ERA40 as lateral boundary forcing.
While the large-scale forcing field does not conserve water
vapor, the WRF simulation conserves water vapor in the
inner model domain. The regional model simulation has
corrected the biases in the total amount and the month-tomonth distribution of precipitation in the large-scale driving field. However, RCM’s daily precipitation is poorer
than that in the reanalysis filed. Since the RCM solutions
may sensitively depend on the reanalysis forcing, intercomparison of models’ performance based on a single set
of the reanalysis may not be reliable. This calls for attention to reshape our strategy for validation of RCMs.

1 Introduction
The field of regional climate modeling is booming due to
enormous demands for prediction of future regional climate change, downscaling seasonal predictions, and for use
in a variety of regional climate applications. It is, therefore,
imperative to better understand the strengths, deficiencies,
and limitations as well as the sources of uncertainties that
can occur with regional climate model (RCM) simulations.
A number of RCM intercomparison projects have been
carried out 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),
and East Asia (Leung and Ghan 1999; Fu et al. 2005).
To a large extent, a RCM simulation that is nested in a
global environment presents a boundary value problem.
The sensitivity of the RCM to the large-scale lateral
boundary (LB) forcing has been well recognized (e.g.,
Miyakoda and Rosati 1977; Jacob and Podzun 1997;

123

478

B. Wang and H. Yang: Hydrological issues in lateral boundary conditions for regional climate modeling

Paegle et al. 1997; Giorgi and Bi 2000; Liang et al. 2001,
2004; Pan et al. 2001; Wu et al. 2005; Zhong 2006). Some
studies focused on the impacts of domain sizes (Jones et al.
1995; Bhaskaran et al. 1996; Liang et al. 2001) and consistency between the driving GCM and driven RCM
(Beniston et al. 2007). The Big-Brother experiment (Denis
et al. 2002) shows that one-way nesting strategy has skills
in downscaling large-scale information to the regional
scales.
However, determining the way in which the uncertainties in the LB conditions affect RCM solutions has been
inconclusive. Some studies have reported that the RCMs
were unable to lessen the errors in large-scale forcing fields
(Vukicevic and Errico 1990); on some occasions, the global models’ errors tend to be amplified (Christensen et al.
1997). Other studies, in contrast, have found that the RCM
is able to correct large-scale errors (e.g., Hong and Leetmaa 1999). The mixture of errors that arise from largescale forcing and from model parameterizations adds
complexity to the validation of the RCMs’ performance
and to the understanding of how the errors that are caused
by the LB forcing are generated in the RCMs.
In simulations of the 1998 East Asian summer monsoon
(EASM), successful simulation using a regional climate
model (iRCM) was reported (Wang et al. 2003). It was
noticed, however, that good simulation was obtained only
when the European centre for Medium-Range Weather
Forecasts 40-year reanalysis (ERA40) dataset was used as
the LB forcing. Use of the National Centres for Environmental Prediction/National Centre for Atmospheric
Research reanalysis product as LB forcing significantly
degraded the simulation results. The root cause of the
sensitivity of the model solution to the LB forcing in the
reanalysis was not addressed. It was also not determined
whether the sensitivity depends on the specific model that
was used. In this study, we are motivated to use another
RCM and use both ERA40 data and reanalysis 2 (R2) data
from the National Centers for Environmental Prediction/
Department of Energy (NCEP/DOE) as driving forces to
investigate why the simulation of the EASM is so sensitive
to the large-scale LB conditions and to determine how the
errors induced by the uncertainties in the LB conditions can
be reduced.
Moisture and energy balances are fundamental to
regional climate modeling and downscaling. Regional
modeling of the EASM is a particular challenge because
this region has the highest mountains on Earth, it faces the
tropical Indian Ocean to the south and the North Pacific to
the east, and it is subject to additional influences from the
middle to high latitudes. The moisture transport and
hydrological cycle of the EASM is more complex than
those of the Indian monsoon. The sources of water vapor
variations for the Indian monsoon come primarily from the
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southern Indian Ocean (Krishnamurti and Bhalme 1976;
Fasullo and Webster 2002), whereas the sources of water
vapor variations in the EASM come from the northern
Indian Ocean, the South China Sea (including the crossequatorial transport from the Southern Hemisphere), and
the western North Pacific (e.g., Ding and Sikka 2006; Zhou
and Yu 2005).
One of our concerns is the issue of moisture conservation in regional climate modeling. When a RCM is
embedded in a global model, a buffer zone is often used
between the lateral boundaries and the interior domain.
Many fluid properties need to be constrained to make a
smooth transition. However, we do not know how the
moisture imbalance in the buffer zone influences the
atmospheric hydrological cycle in the inner domain. When
the reanalysis data are used as the LB forcing, a similar
issue arises. The large-scale water vapor is not conserved in
the reanalysis data. Given such forcing, will regional
modeling improve the large-scale hydrological cycle?
The central questions to be addressed in this study are the
following: How sensitive is the RCM solution to the largescale boundary hydrological forcing in simulations of the
EASM? How do the uncertainties in the large-scale thermal
and circulation fields give rise to RCM errors? Can we
reduce the impacts of those uncertainties to improve
regional model simulations? Can a RCM correct precipitation biases in the large-scale driving field? To fully address
these questions requires Decadal simulation (Jones et al.
1995). The present study is a pilot effort toward stimulating
further investigations to attack these important issues.
The model and experimental design are described in the
next section. Sections 3, 4, and 5 examine, respectively, the
impacts and causes of the uncertainties in the LB forcing,
the way to reduce the impact of uncertainties in the LB
conditions, and the water vapor balance in regional climate
modeling. The final section summarizes the major findings
of this study.

2 The model and experimental design
2.1 The weather forecast and research (WRF) model
and data
The weather forecast and research (WRF) model used in
this study (version 2.0.31) adopts r-coordinates and a top
boundary at the pressure surface 50 hPa. The WRF model
system offers multiple options for various physical packages (Skamarock et al. 2005). We used the following
schemes: Lin cloud microphysics (Lin et al. 1983; Chen
and Sun 2002), Betts–Miller–Janjic cumulus parameterization (Janjic 2000), Noah’s land surface model (Chen and
Dudhia 2001), Yongsei University planetary boundary-
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layer parameterization (Noh et al. 2003), the rapid radiative
transfer model for long-wave radiation, and the Dudhia
(1989) scheme for the shortwave radiation. All model
parameters were taken with the default values without
tuning.
Two reanalysis datasets were used as the driving data:
R2 (Kanamitsu et al. 2002) and ERA40 (Uppala et al.
2005). ERA40 is available at 6-h intervals on 17 pressure
levels up to 10 hPa, with a horizontal resolution of 2.5 by
2.5 for both the pressure level and the surface data. R2
data are available at the same spatial and temporal resolution, except the surface data have a resolution of 1.85 by
1.85. For the land surface model, the following datasets
were used: topographic data with horizontal resolution of
30 seconds, the US Geological Survey (USGS) land-use
data, and the 5-min soil type data from the Food and
Agriculture Organization of the United Nations (UN/FAO).
To validate simulated precipitation fields, we used three
datasets: the Global Precipitation Climatology Project
(GPCP) daily precipitation with horizontal resolution of 1
by 1 (Huffman et al. 2001), the Climate Prediction Center
(CPC) Merged Analysis of Precipitation (CMAP) monthly
precipitation on 2.5 by 2.5 grids (Xie and Arkin 1997),
and the observed daily precipitation data at 532 Chinese
rain gauge stations, obtained from the Chinese National
Meteorological Center. The locations of these rain gauge
stations are shown in Fig. 1. In comparison with model
simulation results, all observed precipitation data were
interpolated into the model grids by using bilinear
interpolation.
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2.2 Experimental design
The case examined here is the 1998 rainy season in East
Asia, during which severe flood occurred in the Yangtze
River basin in June and July (Ding and Liu 2001). The
experimental domain covers the area between 5 and 45N
and between 90 and 140E. The Mercator map projection
was adopted. The zonal grid space is precisely 0.5, and the
meridional grid space is approximately 0.5 with a slight
northward decrease. The domain contains 92 (meridional)
and 101 (zonal) grid points. Thirty-one r levels in the
vertical direction were chosen. Figure 1 shows the topography map. The steepest slope on Earth is located south and
east of the Tibetan Plateau. 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.
To study the sensitivity of the model to the LB conditions, we initially designed two ensemble experiments, in
which the R2 and ERA40 reanalysis data were used as
initial and time-varying LB conditions. Each of the
ensemble experiments has 5 members with different initial
conditions spanning 5 days centered on 12Z April 24,
1998; for brevity, their ensemble mean are labeled Exp R2
and Exp ERA40, respectively. The forcing fields include
air temperature, specific humidity, zonal and meridional
winds, and geopotential height at standard pressure levels,
which were interpolated to match the regional model resolution. The surface initial conditions include surface
pressure, sea-level pressure, temperature and moisture at a
2-m height, skin temperature on the land surface, horizontal wind at a 10-m height, water equivalent of snow
depth, soil moisture, and soil temperature. The skin temperatures over the ocean were considered sea surface
temperature (SST). The days before May 1 were considered a ‘‘spin-up’’ period (Giorgi and Mearns 1999). The
ensemble mean of the outputs from May 1 to August 31
were analyzed. The physical parameterizations and model
configuration were kept the same for all experiments. All
model parameters were taken with the default values
without tuning.
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Fig. 1 Regional climate model (RCM) domain and topography (color
shading in units of meters). Topographic contours of 1,500, 4,000 and
5,000 m are highlighted. The solids show the locations of 532
Chinese rain gauge stations. The rectangular boxes that were drawn
by dashed lines refer to the following regions: South China (20–
26N, 105–122E), the Yangtze River basin (26–32N, 105–
122E), and North China (32–40N, 105–122E)

3 Origins of the biases induced by the LB forcing
3.1 Biases induced by the LB forcing
With different LB conditions, the two sensitivity experiments yielded different systematic biases in their
simulations of June–July–August (JJA) mean low-level
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circulations. Figure 2a shows the observed mean 850 hPa
height and horizontal winds during the summer (JJA). This
field is derived by averaging the corresponding fields from
the R2 and ERA40 data. Note that the corresponding fields
that are derived from both R2 and ERA40 are so close to
each other that their ensemble mean does not appreciably
differ from each individual dataset. Figures 2b and c
compare the biases in the 850 hPa circulations obtained
from Exp R2 and Exp ERA40. The results from Exp
ERA40 show remarkable biases (Fig. 2c): a major lowpressure and cyclonic bias is located over eastern China
and the East China Sea board centered on Taiwan. The
biases in Exp R2 are considerably smaller than those in
Exp ERA40 but have opposite polarities: A weak anticyclonic and high-pressure bias is seen in eastern China and
East China Sea board. The biases in the two experiments
reflect large discrepancies in the model’s simulations of the
location and strength of the western North Pacific (WNP)
subtropical high. This is a key weather system that determines the locations of the subtropical front and primary
monsoon rain band in East Asia. Therefore, the biases have
far-reaching consequences on the summer monsoon precipitation and circulation. The bias patterns tend to persist
through each month of the summer, although they fluctuate
from month to month (figure not shown).
Biases are not only seen in the monthly and seasonal
mean fields, but also seen in the simulation of the

Fig. 2 a Summer June–July–
August (JJA) mean geopotential
height (shading in units of
metre) and horizontal winds
(vector in units of ms-1) at
850 hPa that are derived from
the ensemble mean of R2 and
ERA40 reanalysis data. Shown
in (b), (c) and (d) are the WRF
model biases that were
simulated with lateral boundary
(LB) conditions derived from
(b) NCEP/DOE reanalysis 2
(R2), c ECMWF reanalysis
(ERA40), and d ensemble mean
of ERA40 and R2 control
(CTL), respectively. All the
biases are defined by the
departure of RCM simulations
from the ensemble mean of R2
and ERA40. The purple circles
indicate the significant areas
with 99% confidence level in
the difference of geopotential
height by t test

seasonal march of the major monsoon precipitation band.
Northward migration of the subtropical front and associated rain band is one of the prominent features of the
EASM. To depict this seasonal march, we present in
Fig. 3 the time-latitude cross-section along the longitudinal band between 105 and 122E over eastern China
(see Fig. 1 for the location of the longitude band). To
validate the model precipitation, we used the Chinese
rain gauge data over the land area (see Fig. 1 for the
locations) with implementation of GPCP data over the
sea and Taiwan. The observed time-latitude cross-section
shows that the rain band migrates northward from 18N
in early June to 40N in mid-July (Fig. 3a). The average
speed of northward movement is approximately 0.5
latitude per day. This northward migration reflects the
seasonal march of the EASM rain band (Wang and
LinHo 2002). It is noteworthy that the simulation with
ERA40 as LB forcing fails to capture the northward
journey of the rain band (Fig. 3d). The map correlation
coefficient between the observation (Fig. 3a) and ERA40
run (Fig. 3d) is only 0.33. Compared to Exp ERA40, the
Exp R2 simulation shows better agreement with the
observed northward march, but it is still far from realistic (Fig. 3b). The results here suggest that large
discrepancies in Exp R2 and Exp ERA40 are not only
seen in the seasonal mean fields but also in the seasonal
evolutions.
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Fig. 3 Time-latitude cross-section of daily precipitation rate (mm
day-1) in eastern China averaged between 105 and 122E from May 1
to August 31, 1998, which were derived from a observation, b Exp
R2, d Exp ERA40 and f the CTL experiment. The observation was
based on Chinese rain gauge data from the land area (see Fig. 1 for
the gauge locations) and GPCP data over the sea and Taiwan. The

thick dashed arrows indicate the observed northward march of the
rain band. The pattern correlation coefficients between observation
and each of the ensemble simulations are indicated in the upper right
corner of b, d and f. c, e and g are the signal-to-noise ratio of the
ensemble experiments for Exp R2, Exp ERA40 and the CTL
experiments, respectively

3.2 Remarkable differences in the water vapor fluxes
across the lateral boundaries between the two
reanalysis datasets

datasets for each of the above fields. It was found that the
differences between the two reanalysis datasets in the
temperature, geopotential height, and winds are generally
small. However, large differences exist in the humidity
fields.
Figure 4 compares the JJA mean vertical profiles of
moisture flux (positive toward north and east) computed
from the two reanalysis datasets. Along with Fig. 4, we
present in Fig. 5 the JJA mean vertically integrated moisture influxes from the surface to 300 hPa across three
lateral boundaries; the moisture influx across the northern
boundary at 45N was not shown because it is negligibly
small compared to those at the other three lateral

What causes the different biases in the two experiments?
Since the WRF model configuration and parameter values
were kept the same in all experiments, the major cause
must be rooted in the LB forcing fields because the impact
of the initial conditions decays with time, while the differences in the boundary conditions retain a persistent
influence throughout the season. The boundary forcing
fields consist of air temperature, humidity, geopotential
height, and winds. We have compared the two reanalysis
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boundaries. At the western boundary (90E), large moisture
flux differences in the vertical direction are seen below
800 hPa (Fig. 4a). As shown in Fig. 5, the differences in
meridional direction primarily occur south of the Tibetan
Plateau (south of 25N) over the Bay of Bengal. The total
moisture transport across the southern part of the western
boundary of the East Asian region in the ERA40 reanalysis
is about 18% higher than that in the R2 reanalysis. The
differences at the southern boundary (5N) are primarily
found between 850 and 500 hPa in the free troposphere,
not in the boundary layer (Fig. 4b). Due to the decrease of
water vapor with height, the differences in the total vertically integrated moisture flux across the southern boundary
are only about half of the corresponding difference across
the western boundary (Fig. 5). Along the eastern boundary
at 140E, the water vapor flux is negative (Fig. 4c),
implying a westward transport of water vapor into the
model domain. The differences between the two reanalysis
datasets in the moisture flux at the eastern boundary are
very large below 700 hPa (Fig. 4c). The large discrepancies in the eastern boundary are found mainly over the
Philippine Sea from 5 to 20N, where southeasterly flow
prevails on the southern flank of the WNP subtropical ridge
(Fig. 5). This westward transport is largely compensated by
the eastward transport north of the WNP subtropical ridge
located at 20N, but the net transport across the eastern
boundary remains westward (inward). The uncertainties on
the eastern boundary are the largest among all four
boundaries, reflecting the huge inconsistencies in the two
reanalysis data over the WNP, where the observations are
very sparse.
Note that the water vapor convergence into the model
domain per unit area is 7.99 g m-2 s-1 in R2 and
11.75 g m-2 s-1 in ERA40 (Fig. 5). The water vapor
convergence in the ERA40 reanalysis is about 47% higher
than that of R2, on average. This huge difference was
unexpected. It results from the discrepancies in the
humidity field as well as the discrepancies in the large-scale
divergent winds. The results in Fig. 5 indicate that the
largest differences in the total moisture influx are over the
Philippine Sea and the Bay of Bengal. The former is associated with the easterly trade winds from the tropical North
Pacific, while the latter is associated with the southwest
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Indian summer monsoon. The moisture transport from the
Bay of Bengal is known as the major channel of water vapor
transport to the EASM (Zhou and Yu 2005). The results
shown in Fig. 5 suggest that the water vapor transport from
the tropical North Pacific is also a major water vapor source.
The role of the water vapor transport from the tropical
Pacific deserves more attention. In summary, the two
reanalysis data show marked discrepancies in the moisture
transport in the tropical monsoon regions, particularly over
the Bay of Bengal and the Philippine Sea.
The moisture influx over the Plateau and the associated
eastward movement of the Plateau weather disturbances
can have considerable impacts on the downstream precipitation along the subtropical monsoon front (Wang and
Orlanski 1987). Fortunately, the differential moisture influx
across the northern portion of the western boundary over
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Fig. 4 The JJA mean vertical
profiles of moisture fluxes from
the surface up to 300 mb
averaged along the a western, b
southern, and c eastern lateral
boundaries. The dashed lines
indicate results obtained from
R2; solid lines denote results
from ERA40

Fig. 5 Summer (JJA) mean total vertical integrated water vapor flux
(in units of g m-2 s-1) through the various segments of the lateral
boundaries. The numbers in the center of the domain indicate the JJA
mean domain averaged total water vapor convergence per unit area.
The values marked in blue are derived from R2, while the values
marked in green are derived from ERA40. The double arrows indicate
the direction of water vapor transport. The arrows in the model
domain represent the JJA mean total vertical integrated water vapor
transport vectors derived from the ensemble mean of R2 and ERA40
with unit of 15 g m-2 s-1. Topography is shaded according to units
of meters. The dashed box indicates the inner domain. The area
between the lateral boundaries and the dashed box indicates the buffer
zone
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the Tibetan Plateau is relatively small (Fig. 5), which
agrees with the findings obtained by Qian et al. (2004).
3.3 Origin of the biases
The large uncertainties in the water vapor flux into the East
Asian monsoon domain are believed to be responsible for
the differences in the systematic biases seen in Figs. 2 and
3. This assertion was supported by our additional sensitivity experiments. In one such experiment, the LB and
initial conditions were the same as those used in Exp
ERA40, except that the humidity field was replaced by that
derived from R2. The results show that the large cyclonic
bias that originally occurred in the Exp ERA40 experiment
(Fig. 2c) was drastically reduced (for brevity figure not
shown), suggesting that removing the excessive moisture
influx from ERA40 indeed effectively corrects the systematic bias in the results of Exp ERA40. The differences
in other fields, however, are also partially responsible for
the differences in the systematic biases, but they play a
minor role.
How can the uncertainties in the LB moisture influx
result in circulation biases, such as those seen in Fig. 2?
Although the winds and temperature are similar between
R2 and ERA40, the large differences between the humidity
fields have caused considerable differences in the location
and strength of the rainfall or equivalently the atmospheric
latent heating, which in turn significantly modified the
large scale circulation. This points to the difficulty in
downscaling summer climate in East Asia, as atmospheric
latent heating is a dominant forcing that drives large scale
circulation. The results also suggest, the dynamical LB
forcing is weak compared to the atmospheric latent heating
in constraining the circulation in the inner domain. Hence
downscaling skill is strongly dependent on model physics
and boundary forcing (mainly water vapor), both of which
affect latent heating.

4 Possible reduction of bias by using ensemble mean
LB forcing
Obviously, we do not know which reanalysis product is
better than the other in representing nature. Given the
uncertainties in the large-scale forcing fields, is there any
way to reduce the impacts of the uncertainties on the
simulated regional climate? We argue that the physical
parameterization schemes used in the models producing R2
and ERA40 are different. We assume that the systematic
errors obtained from relatively independent model parameterizations are random. Thus, an ensemble mean of two or
more reanalysis datasets would potentially reduce the
uncertainties by cancelling out random errors. Uncertainty
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arising from model parameterizations is also one of the
major sources of errors in dynamic seasonal prediction. To
alleviate prediction errors arising from model physical
parameterization, the multi-model ensemble (MME) climate prediction has been developed (e.g., Krishnamurti
et al. 1999). The idea behind the MME is the promise that
if the model parameterizations 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. It has been demonstrated that the MME
prediction performs better than any single-model component (e.g., Palmer et al. 2000; Shukla et al. 2000; Wang
et al. 2004a).
Drawing upon the aforementioned hypothesis, a control
(CTL) run, which was an ensemble mean of five members,
was conducted with the same initial times as used in Exp
ERA40 or Exp R2, In the CTL experiment the ensemble
mean ERA40 and R2 was used as the driving data for the
WRF model. The simulated biases of JJA mean height and
low-level circulation in the CTL experiment, shown in
Fig. 2d, indeed yielded improved low-level circulations.
The errors in simulated geopotential height field are much
smaller and the winds do not show an organized pattern
compared to those using individual ERA40 and R2
reanalysis products as the driving data.
The improvement is also seen in individual monthly
mean fields and seasonal evolution (Fig. 3f). As shown in
Fig. 3f, the CTL may better simulate the seasonal march of
the East Asian monsoon rain band than those in both the
Exp R2 and Exp ERA40. The correlation coefficient
between CTL and observation is 0.50, while that between
R2 and observation is 0.46, and that between ERA40 and
observation is 0.33.
The observed EASM rainy season in 1998 exhibits three
distinct stages. The first stage is from May 15 to the end of
May 31. A sudden increase in rainfall around May 20
signifies the onset of the South China Sea summer monsoon (Wang et al. 2004b). In late May and early June, the
major rain band remains between 18 and 24N (Fig. 3a).
The second stage of the rainy season is characterized by a
systematic northward migration of the monsoon rain band
from early June to mid-July, as highlighted by the arrow in
Fig. 3a. Neither the R2 nor ERA40 simulation reproduces
this seasonal march realistically (Figs. 3b, d). However, the
CTL simulation may capture better this seasonal march
(Fig. 3f). The third stage of the rainy season lasts from July
15 to August 5. Notable features are the sudden southward
retreat of the East Asian monsoon rain band around July
16, and the subsequent return of heavy rains in the Yangtze
River basin between 26 and 33N (Fig. 3a). These peculiar
features were captured reasonably well by the CTL
experiment (Fig. 3f); and again, the simulations in Exp R2
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Fig. 6 The observed (solid) and
simulated (CTL, dash-dotted)
area-averaged daily
precipitation rates (mm/day)
from May 1 to August 31, 1998,
over the land area of the
following three regions: a North
China, b the Yangtze River
basin, and c South China (see
Fig. 1 for definition). The
correlation coefficients are
indicated in the top right corner
of each panel. The shadings
show the spreading and the
envelopes of the ensemble
members
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and Exp ERA40 show seemingly larger biases than in the
CTL simulation.
The inter-member spreading has been computed to
quantify the model’s internal variability and to provide a
measure of the robustness of the results. In Fig. 3c, e, and
g, the signal to noise ratio, i.e., the ratio of the ensemble
mean to the inter-member standard deviation, is shown.
The large values of the signal-to-noise ratio suggest that
uncertainties induced by different initial conditions are
very low, thus, the results are robust.
What about the simulation of individual precipitation
events? Figure 6 presents the time series of daily precipitation rates averaged over three land areas in North China,
the Yangtze River basin, and South China (see Fig. 1 for
their locations). The results obtained from the CTL experiment were compared with the rain gauge observations. The
CTL experiment closely reproduces individual precipitation
events. The correlation coefficients between the observed
and simulated time series are 0.67, 0.66, and 0.59, respectively, in North China, the Yangtze River basin, and South
China (Fig. 6; Table 1). Thus, on average, the correlation
coefficient between observation and CTL simulation is
0.64. This performance is possibly better, since the correlation score obtained in Exp R2 is 0.58 and 0.52 in Exp
ERA40. Table 1 shows also the signal-to-noise ratio associated with the three regional precipitation time series in
order to measure the robustness of the results. For example,
over North China in Exp ERA40, we have five time series
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6/1

6/15

7/1

7/15

8/1

8/15

8/31

from the areal averaged rainfall from the five ensemble
members, i.e., Xti, t = 1,…,123, i = 1,…,5. From the five
time series, we get the time series of signal-to-noise ratio,
Yt = mean (Xti)/std(Xti). Then this time series of signal-tonoise ratio is averaged over the entire period of simulation,
i.e., Z = mean (Yt). The Z values shown in Table 1 indicate
that the uncertainties arising from the internal dynamics is
small and the ensemble means are robust.
Of note is that the two heavy rain periods over the
Yangtze River valley, occurring in mid-late June (enhanced
normal Meiyu) and in mid-late July (the abnormal return of
Meiyu), are captured reasonably well, although the discrepancy is relatively large in early July (Fig. 6b). In
addition, the time series of the corresponding standard
deviation was calculated with respect to the regional mean
daily precipitation. The values of the area mean standard
Table 1 Temporal correlation coefficients (italic values) between the
observed and simulated area mean daily precipitation rate (mm/day)
from May 1 to August 31, 1998, over North China, the Yangtze River
basin, and South China (see Fig. 1 for locations of the three regions).
Shown are also the corresponding signal-to-noise ratios among the
ensemble members (roman values)
Correlation Signal/noise Exp R2

Exp ERA40

CTL

North China

0.62 8.77

0.54

6.09

0.67 7.06

Yangtze River basin

0.55 12.28 0.58

5.17

0.66 8.80

South China

0.56 8.71

4.59

0.59 6.19

0.43
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deviation in each region describe the amplitude of the
spatial variability of daily precipitation. The simulated
variability in the CTL matches the observations very well
(figure not shown). The results shown in Figs. 3 and 6
indicate that with the ensemble mean LB condition the
WRF model reproduces not only improved seasonal mean
precipitation and circulation (Fig. 2d), but also possibly
improved sub-seasonal variability and individual heavy
rainfall events in the East Asian region.

5 Water vapor budget
Given a large-scale LB forcing, an RCM with suitably
high-resolution that resolves complex orography, land-sea
contrast and land-surface properties is expected to generate
improved high-resolution information that is coherent with
the large-scale driving circulation. When an RCM is nested
in a global domain, the global domain with a coarser mesh
provides boundary conditions to the finer-mesh RCM. A
common practice is to use a buffer zone inside the LB to
pass large-scale forcing to regional atmospheric motion.
The buffer zone is a transitional region in which the inner
solution is gradually ‘‘nudged’’ to match the large-scale LB
conditions. In the present model, the buffer zone consists of
10 grids over which the weighting function allows largescale LB values to decrease linearly to zero.
The atmospheric branch of the hydrological cycle can be
described by the following water vapor budget equation
(e.g., Peixoto and Oort 1992):
oW
þ r  Q ¼ E  P;
ð1Þ
ot
Rp
Rp
where W  ð1=gÞ 0 S qdp; Q  ð1=gÞ 0 S Vqdp; E, P, g, q,
p, ps, and V are precipitable water, moisture flux, evaporation, precipitation, gravity, specific humidity, pressure,
surface pressure, and the horizontal velocity vector,
respectively. In the WRF model, q includes six components: vapor, ice, snow, cloud, rain water, and graupel.
Computation of Q requires special care. When Q is calculated with our diagnostic grid, significant errors will
result, due to interpolation of the model grid to the diagnostic grid (Trenberth 1991), especially over the complex
terrain. To avoid this type of error,
R 1 we calculated Q in r
coordinates, i.e., Q ¼ ½ðps  pt Þ=g 0 Vqdr; where pt is the
pressure at the top of the model. With this treatment, the
error caused by the difference in discretization between the
model and the diagnostic grids is negligibly small.
The budget Eq. 1 is a mathematical description of water
vapor conservation. Integration of Eq. 1 over a specific
domain and then taking a domain average yield
MC ¼ Pr  Ev þ dW

ð2Þ
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where all terms in (2) are domain-averaged quantities per
unit area; MC denotes the amount of water vapor per unit
area that enters the specific domain through the lateral
boundaries; Pr and Ev represent, respectively, the precipitation and the surface evaporation rate; and dW is time rate
of change of precipitable water. Equation 2 states that the
total amount of water vapor that enters a specific domain
must be balanced by the sum of the precipitation, minus
evaporation, and the increase in precipitable water storage.
Computation of the water vapor budget in the ensemble
mean large-scale forcing field shows that over the entire
regional domain, the water vapor is not conserved. As
shown in Fig. 7a, the water vapor converging into the
domain in the large scale forcing fields (denoted by
MCLBF) noticeably differs from the residual term on the
right-hand side of the Eq. 2, i.e., the sum of the total
amount of precipitation and the increase in water vapor
storage minus evaporation (denoted by MCRES). Of interest
is that the MCLBF peaks in June, but the precipitation peaks
in July. This type of imbalance in water vapor budget is
seen in the two original reanalysis datasets. The reasons
have been discussed by Roads et al. (2002). Given this
imbalanced large-scale water vapor forcing, it is interesting
to see what happens in the regional model simulation.
Analysis of the water vapor budget in the CTL run over
the entire RCM model domain indicates that the water
vapor converging into the domain provided by the largescale boundary conditions also differs from the residual
term computed from the WRF CTL experiment (figure not
shown). However, the imbalance occurs only in the buffer
zone. Figure 7b and c show the monthly mean water vapor
budget within the inner domain and the buffer zone,
respectively. On the monthly time scale, the water vapor
converging into the inner domain (inside the buffer zone) is
approximately balanced by the precipitation minus the
surface evaporation (Fig. 7b). The monthly change of the
precipitable water (dW) is negligibly small compared to the
other three terms in Eq. 2: the increase in atmospheric
precipitable water in May and June and the decrease in July
and August have a tiny magnitude on an order of
0.1 mm day-1. On the other hand, in the buffer zone, as
shown in Fig. 7c, the total amount of water vapor that goes
into the domain through lateral boundaries, denoted by
MCLBF, is remarkably different from the residual moisture
convergence MCRES. In the buffer zone, the relative error
in the water vapor convergence, which is measured by
e ¼ ðMCRES  MCLBF Þ=MCLBF  100%;
is -135.0% in May, +62.3% in June, -37.9% in July, and
-50.8% in August. A negative value of e means a moisture
‘‘loss’’ in the buffer zone. During the entire summer (May
through August), about 45.0% of the total water vapor
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(a)

(b)

(c)

Fig. 7 Monthly mean moisture budget analysis in a the large-scale
driving data, i.e., the ensemble mean of the R2 and ERA40 reanalysis
data over the whole domain (5–45N and 90–140E) and b the WRF
model control (CTL) experiment over the inner domain (10–40N and
95–135E). c is the same as in (b) except for the buffer zone. The
notations MCLBF, Pr, Ev, dW, and MCRES represent, respectively, the
moisture convergence across the lateral boundaries into the domain;

precipitation; surface evaporation; the time rate of change of the
atmospheric precipitable water; and the residual moisture convergence, i.e., the precipitation minus the sum of the evaporation and the
decrease in moisture storage. All components denote the rate per unit
area (mm day-1) averaged over the specified domain. The shadings
denote the spreading and envelopes of the ensemble members in the
control run

entering the buffer zone is lost there. We conjecture that
the water vapor deficit in the buffer zone is primarily
induced by the effects of the artificial ‘‘nudging.’’ In
addition, the difference in representation of orography
between the large-scale forcing and the WRF model,
especially at the western boundary that is located over the
Tibetan plateau, could also contribute to the water vapor
imbalance. The original large-scale forcing from reanalysis
does not warrant moisture conservation. But, in the inner
domain the regional model simulation observes water
vapor conservation.
Of interest is that the CTL solution not only corrects the
imbalance in water vapor budget, it also corrects the errors
in the sub-seasonal evolution of the large-scale precipitation and improves the accuracy in predicting total amount
of precipitation. Over eastern China, including North
China, the Yangtze River basin and South China, the station rain gauge data and the CMAP and GPCP data all
show maximum monthly precipitation occurring in June
1998 (Fig. 8). This maximum coincides with the period of

Yangtze River overflow. The maximum rainfall in the
ensemble R2 and ERA40, however, erroneously occurred
in July. The WRF model CTL experiment, on the other
hand, correctly determines the maximum in June. In general, the simulated changes of the total precipitation from
month to month in the CTL experiments agree well with
observations, except for a slight overestimate of rainfall in
May, June, and July (Fig. 8). Compared to the original
large-scale precipitation (ensemble mean of R2 and
ERA40), the WRF model simulation provides a more
realistic precipitation amount.
In the above we have stressed the added values of the
RCM in correcting hydrological biases of the forcing field
on the monthly mean time scale (Figs. 7, 8). However, that
is not to say that when the RCM is driven by reanalysis
fields, its simulated precipitation variability on daily time
scale would also be better than reanalysis. In fact, we have
examined the seasonal march (similar to Fig. 3) and area
mean daily precipitation (similar to Fig. 6) in the two
reanalysis datasets. The results show that the RCM
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Fig. 8 Comparison of the area-averaged monthly mean precipitation
rates in the land area in East China (20–40N, 105–122E) obtained
from the CTL run with those obtained from the large-scale forcing
(i.e., ensemble mean of the R2 and ERA40 reanalysis data), Chinese
rain gauge data, and the CMAP and GPCP datasets. The shaded area
indicates the spreading and envelopes of the ensemble members in the
control run

simulations are considerably worse than the counterparts in
the reanalysis. The reason is that Fig. 3 and Fig. 6 reflects
precipitation variation on the daily time scale. Keep in
mind that while precipitation itself is not constrained in the
reanalysis, other fields (winds, pressure, temperature and
humidity) which leads to precipitation fields are constrained by observations on twice daily basis, thus daily
precipitation variability in reanalysis dataset tends to
resemble observation. In the RCM, on the other hand, none
of the above mentioned fields inside of the domain are
constrained by observation, thus the daily precipitation
variability is to large extent determined by RCM internal
dynamics. Therefore, it is expected that on the daily time
scale the reanalysis should outperform the RCM. Keep also
in mind that when a RCM is used for regional downscaling
or future projection, the lateral forcing for RCM will come
from global model forecast. In that case, both global and
regional model results are not constrained by observation
and the RCM could outperform the global models.

6 Summary
This article examines the hydroclimate aspects of regional
climate modeling, especially the uncertainties in the LB
moisture flux forcing and the humidity transfer between
reanalysis or global models and the RCM. We have shown
that, for the same WRF model setting, the simulations of
the 1998 summer monsoon yielded large discrepancies
when different LB forcing data were used to drive the WRF
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model. The boundary conditions derived from the widely
used National Centers for Environmental Prediction/
Department of Energy Reanalysis-2 (R2) and the European
Centre for Medium-Range Weather Forecasts 40-Year
Reanalysis (ERA40) have been considered to be the best
available surrogates to observations. Therefore, the
remarkable differences in the regional model simulations
forced by the two reanalysis datasets are unexpected and,
to the authors’ knowledge, have not been reported before in
the simulation of the EASM, although the sensitivity of the
RCM solutions to large-scale LB forcing is well known.
We have demonstrated that the differences in the simulation results are caused by uncertainties in the moisture
influx at the lateral boundaries, whereas uncertainties in
circulation and air temperature have minor impacts. One of
the surprising results is that the summer-mean water vapor
convergence into the model domain computed from the
ERA40 is 47% higher than that computed from the R2
reanalysis. The largest uncertainties in the moisture transport across the LB are found over the Philippine Sea and
the Bay of Bengal. The water vapor transport from the Bay
of Bengal to the EASM region is well recognized as a
major source of water vapor in the EASM. But, the
importance of the water vapor transport from the tropical
North Pacific has been less emphasized.
The results in the model simulation forced by the
ensemble mean LB conditions reproduce not only
improved seasonal mean precipitation and circulation
(Fig. 2) but also possible improvement in sub-seasonal
variability (Fig. 3) and individual heavy rainfall events in
the East Asian region (Fig. 6). It is suggested that the
simulation errors may be reduced by using an ‘‘ensemble’’
average of two or more reanalysis datasets as LB forcing.
This finding is interesting but its validity requires further
verification by using multi-models and by performing longperiod experiments.
The potential advantages of using ensemble forcing are
based on the following consideration. The physical
parameterization schemes used in the models producing R2
and ERA40 are different. We assume that the systematic
errors obtained from relatively independent model physics
are random, thus, ensemble average can generally reduce
errors relative to each individual reanalysis dataset. We
have further examined the solution driven by global energy
and water experiment (GEWEX) Asian monsoon experiment (GAME) reanalysis. The characteristics found here
remain valid.
The regional model simulation was shown to be able to
correct a number of biases in the original large-scale
hydrological cycle. The water vapor is not conserved in the
large-scale forcing field. However, with such a large-scale
forcing, the regional model solution conserves water vapor
in the interior domain, confining the imbalance to the
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boundary buffer zone. Further, compared to large-scale
driving fields, the total amount of precipitation in the
regional model is increased and in much better agreement
with observations. The original large-scale precipitation in
the driving data shows an erroneous maximum rainfall in
July, but the regional model solution shows the correct
peak, which occurred in June 1998. In spite of the added
values that RCM has in improving water cycle on monthly
mean time scale, the daily precipitation simulated by RCM
is far below the reanalysis. The reason is that the winds,
pressure, temperature and humidity fields which lead to
precipitation fields are constrained by observations on
twice daily basis, while in the RCM none of the abovementioned fields inside of the domain are constrained by
observation and daily precipitation variability is to large
extent determined by RCM internal dynamics.
In a previous study (Wang et al. 2003), a regional
model, IPRC RegCM, driven by ERA40, yielded better
results than a model driven by R2 data. In the present
study, the WRF model simulation with R2 forcing is
seemingly more accurate than the simulation driven by the
ERA40 data. The reason is likely due to the fact that the
WRF model physics is close to the NCEP model that was
used to produce the R-2 data. Similarly, the cumulus
parameterization scheme in IPRC RegCM is very close to
that in ECMWF model.
The soil moisture initial conditions in experiments
ERA40 and R2 are different. To see whether this will affect
our conclusion regarding the effects of LB moisture fluxes,
we performed an extra experiment with ERA40 as the
LBC, but the initial soil moisture is provided by R2. The
results show that initial soil moisture anomaly didn’t
change our conclusions qualitatively. The reason is that for
the summer monsoon the soil moisture- precipitation
feedback appears to be less important than the moisture
flux convergence anomaly, although soil moisture memory
could act as low frequency forcing to the land-atmospheric
system. Our results showed that variability in evaporation
rate is relatively small and the change of precipitation is
highly coherent with the change of moisture flux
convergence.
The results reported here have important ramifications
for validation of RCMs. The errors in regional modeling
results come from the uncertainties in both the model’s
physical parameterizations and the LB conditions. This
mixed source poses a challenge for validation of the
physics in the regional model. This study has shown that
the RCM solutions can be considerably different if different reanalysis forcing is used. Previous regional model
intercomparison projects took a single set of the reanalysis
as lateral forcing field to assess the degree of success of the
models. Given the large uncertainties in the reanalysis
data, one should realize that the conclusions made from
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such comparison may be changed if another set of
reanalysis is used as LB forcing. This finding calls for
cautions in our methodology for verification of the RCMs
and calls for attention to reshape our strategy for validation
models.
In the EASM region, the primary boundary uncertainties
are found in the water vapor transport from the ocean.
Accurate observations over the Bay of Bengal, the South
China Sea, and the western North Pacific are critical for
improving regional modeling of the EASM. These places
are in need of improved observations. 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 LB
forcing in RCM simulations. It would be interesting to see
the impacts of satellite observations on the quality of future
reanalysis products. For downscaling global prediction and
projections for the EASM region, the same hydrological
issue would pose a great challenge.
Our numerical experiments are based on only one model
ensemble simulation of summer 1998. Decadal simulations
(Jones et al. 1995) with multiple models are needed to
validate the robustness of the conclusions obtained here.
Nevertheless, the issues addressed here may provide useful
insight for future design of RCM intercomparison project.
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L, Janssen PAEM, Jenne R, McNally AP, Mahfouf J-F, Morcrette
J-J, Rayner NA, Saunders RW, Simon P, Sterl A, Trenberth KE,
Untch A, Vasiljevic D, Viterbo P, Woollen J (2005) The ERA-40
re-analysis. Q J Roy Meteor Soc 131:2961–3012
Vukicevic T, Errico RM (1990) The influence of artificial and
physical factors upon predictability estimates using a complex
limited-area model. Mon Wea Rev 118:1460–1482
Wang B, Orlanski I (1987) Study of a heavy rain vortex formed over
the eastern flank of the Tibetan Plateau. Mon Wea Rev
115:1370–1393
Wang B, LinHo (2002) Rainy season of the Asian–Pacific summer
monsoon. J Clim 15:386–398
Wang B, Kang I-S, Lee J-Y (2004a) Ensemble simulations of Asian–
Australian monsoon variability by 11 AGCMs. J Clim 17:803–
818
Wang B, LinHo Y, Zhang Y, Lu M-M (2004b) Definition of South
China sea monsoon onset and commencement of the East Asia
summer monsoon. J Clim 17:699–710
Wang Y, Sen OL, Wang B (2003) A highly resolved regional climate
model (IPRC-RegCM) and its simulation of the 1998 severe
precipitation event over China. Part I: model description and
verification of simulation. J Clim 16:1721–1738

123

490

B. Wang and H. Yang: Hydrological issues in lateral boundary conditions for regional climate modeling

Williams EJ (1959) The comparison of regression variables. J R Stat
Soc Ser B 21:396–399
Wu W, Lynch AH, Rivers A (2005) Estimating the uncertainty in a
regional climate model related to initial and lateral boundary
conditions. J Clim 18:917–933
Xie P, Arkin PA (1997) Global precipitation: a 17-year monthly
analysis based on gauge observations, satellite estimates and
numerical model outputs. Bull Am Meteor Soc 78:2539–2558
Yasunari T, Miwa T (2006) Convective cloud systems over the
Tibetan Plateau and their impact on meso-scale disturbances in

123

the Meiyu/Baiu frontal zone—a case study in 1998. J Meteorol
Soc Jpn 84:783–803
Zhong Z (2006) A possible cause of a regional climate model’s failure
in simulating the east Asian summer monsoon. Geophys Res Lett
33:L24707. doi:10.1029/2006GL027654
Zhou T-J, Yu R-C (2005) Atmospheric water vapor transport
associated with typical anomalous summer rainfall patterns in
China. J Geophys Res 110:D8 104

