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Abstract: This paper presents an evaluation of the Regional Climate Model version 4.6.1 (RegCM4) at
a high-resolution simulation at 10 km applied over the Tibetan Plateau. This simulation covers the
period from 1980 to 2010 and is nested in a RegCM4 simulation at 30-km resolution, which is driven
by the main European Centre for Medium-Range Weather and Forecasting reanalysis (ERA-Interim
reanalysis) dataset. A new daily observational dataset is employed as reference data to evaluate
the temperature and precipitation simulations for the inner model domain and the five largest river
basins that originated in the Tibetan Plateau (TP) (i.e., the source region of Yangtze River, Yellow River,
Mekong River, Salween River, and Brahmaputra River). In comparison with the low-resolution model
run (R30), the cold biases for the area-averaged temperature were reduced from −2.5 to −0.1◦ C and
the wet biases in summer mean precipitation were reduced from 58% to 25% in the high-resolution
model run (R10). The substantial warming trends and slight wetting trends were basically reproduced
by both RegCM4 simulations. Annual mean precipitation trends from both simulations show a
better agreement with the observations than the ERA-Interim, which underestimates the annual
mean precipitation trends in most regions, whereas both the RegCM4 and ERA-Interim consistently
underestimate the annual mean temperature trends when compared with the observations. In addition,
the overall improvement in the modeling trends for annual mean temperature and precipitation in
R10 is limited when compared with R30. The extreme precipitation was also captured reasonably in
both RegCM4 simulations, and the better performance is detected in the R10 simulation. The findings
above show that RegCM4 with a high-resolution of 10 km is capable of reproducing the major regional
climate features over the TP, but a great deal of uncertainties still exist, especially in the subregion of
the Brahmaputra River basin. Thus, the 10-km resolution simulation in RegCM4 may still not be
fine enough to resolve the topoclimates over the complex Himalayan terrain in the Brahmaputra
River basin.
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1. Introduction

The Tibetan Plateau (TP) with the mean altitude over 4000 m above the sea level is termed as
“the third pole” because it is the highest and largest continental plateau on the earth [1,2]. Its unique
terrain and specific underlying surface can have a great effect on not only regional climate but also the
global atmospheric circulation [3,4]. The TP is also recognized as the “water tower of Asia” owing to
that it is the source of a number of major rivers in Asia, including the Indus, Ganga, Brahmaputra,
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Mekong, Salween, Yangtze, and Yellow River, which support the livelihood and environment of more
than 1.4 billion people [5]. The warming trend of the TP regions is very significant and higher when
compared with that in the regions at similar latitudes elsewhere [6,7]. In addition to the significant
warming, a slight rising trend in precipitation is also apparent in the TP [4,8,9]. Climate change in the
TP and its impacts draw interests from academics worldwide [10–16].

Accurately simulating and predicting climate change regimes over the TP are still a particular
challenge for general circulation models (GCMs), which are considered to be an important tool used
for predictions of future climate. This is largely on account of the lack of understanding of complex
interactions between local and remote processes, unresolved subgrid-scale processes, and the lower
resolutions applied in coupled GCMs. For instance, CMIP5 GCMs presented poor performance in the
simulations of temperature, precipitation, snow cover, and wind speed over the TP [17–20]. Regional
climate models (RCMs), which can describe well the mesoscale atmospheric processes, surface process
(i.e., land surface characteristics and coast line), and other factors that directly impact the modeling of
climate variations, have been commonly employed to investigate regional climatic changes in historical
and future periods [21].

Numerous studies have shown that RCMs are capable of remarkably advancing the accuracy of
climate feature simulations over the TP compared with GCMs [22]. More specifically, the well-known
prominent wet bias in the precipitation and cold bias in temperature over the TP [19] is largely
constrained in the GCMs. Gao et al. [23] found that the observed change patterns and especially
the elevation-dependent warming was captured better by an RCM compared with the reanalysis or
GCMs, which are used as their boundary condition. In recent decades, more researchers focused on the
effects of different model configurations (i.e., the resolution [22,24], cumulus convective schemes [25],
boundary forcing datasets [26,27], and land surface schemes [28,29]) on the performance of RCM in
simulating historical or future climate over the TP.

Variability and trends in climate extremes bring greater direct impacts on human and natural
systems than those from mean values, and they have gained increasing attention in recent years [30,31].
In the TP, some studies show an increasing trend for the proportion of extreme precipitation to total
precipitation in the period of 1974–2014 [32], but it still needs further investigation and explanation.
Additionally, understanding the spatial and temporal distribution of possible changes in extreme
climate events is also important for water resources managers on a basin level. A whole host of studies
have shown that the response of the basin hydrological processes to climate change will be varied
with the rivers [33]. Therefore, climate scenarios need to be developed for specific basins looking at
water sectors [34].

This study is a continuation of our previous research [35]. Distinguished from the reported
climate change modeling experiments conducted over the TP in the past, the high-resolution climate
simulations from RegCM4 are evaluated in this study. The specific aims in this work are as follows:

(1) Undertaking a comprehensive evaluation of a 32-year high-resolution regional climate
simulation of historical temperature and precipitation from the RegCM4 model against state-of-the-art
observation over the whole TP and five river basins located in the TP.

(2) Assessing the performance of RegCM4 in reproducing precipitation extremes over the TP.
(3) Determining the potentialities and limitations of the RegCM4 simulation over the TP and

investigating the effects of horizonal resolution (30 km and 10 km) on the accuracy of climate
features modeling.

This paper is organized as follows: Section 2 describes the study domain, the adopted model,
data, and climate indices. The evaluation results are shown in Section 3. Finally, the main conclusions
and summaries are presented in Section 4.
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2. Material and Methods

2.1. The Regional Climate Model

The recent version 4.6.1 of the nonhydrostatic regional climate model RegCM (hereafter RegCM4)
is applied in this study. It is developed and extended by the Abdus Salam International Centre for
Theoretical Physics (ICTP) [36,37]. RegCM4 has been widely employed for climate simulations at
the regional scale, such as the whole of China, East Asia [38–41], as well as the TP [35,42,43]; and it
is selected as one of the RCMs used for the Coordinated Regional climate Downscaling Experiment
(CORDEX) [44]. Based on the performance of different physical parameterization options reported in
past studies, here, the RegCM4 parameterization schemes applied in this work consist of the moisture
scheme with the subgrid scale [37], the radiation scheme of the National Center for Atmospheric
Research community climate model version 3 (CCM3) [45], the Holtslag boundary layer scheme [46],
Emanuel cumulus scheme [47], Zeng ocean surface schemes [48], and CLM4.5 land surface model [49].

In this work, a one-way nesting approach with two domains D1 and D2 was configured in
RegCM4 at 30 and 10 km horizontal resolution, respectively (Figure 1). The outer domain D1 was
centered at 31◦ N–94◦ E, with 250 × 220 grid points. The D1 domain is large enough to cover the vast
Asian highlands and some important terrain characteristics areas such as the Bay of Bengal and parts
of the Arabian Sea, from which the main moisture of monsoonal precipitation prevailing over the
TP is sourced [50–52]. The D2 domain was nested in the outer domain, with 380 × 232 grid points,
cover the whole TP. This can ensure that the resolution of the inner domain matched the resolution of
the gridded observational dataset. The simulations conducted in both domains referred to 18 vertical
layers with the model top set at 50 hPa in this study.
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This study is devoted to the investigation of RegCM4 model performance as a first step toward 
the long-term future climate projection and its impact on the water balance in large river systems on 
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Figure 1. Domain configuration of the nested nonhydrostatic regional climate model RegCM (RegCM4)
simulations with 30-km resolution (a) as well as 10-km resolution (b) and the study area including the
Tibetan Plateau and the source region of five major river originated in the TP. Note that YE, YA, ME,
SA, and BR represent the Yellow River, Yangtze River, Mekong River, Salween River, and Brahmaputra
River. The meteorological stations applied for constructing the observational dataset are marked by
black dots (modified from Gu et al. [35]).

The 6 hourly ERA-Interim reanalysis dataset is applied to drive the climate model. The ERA-Interim
selected as the lateral boundary conditions can be considered to be of very high quality [53], particularly
in the TP, and it shows close agreement with observations [54,55]. The weekly sea surface temperature
from the National Oceanic and Atmospheric Administration (NOAA) is also used to drive the
model [56]. The model simulations were run continuously from 1 January 1979 to 31 December 2010.
The year 1979 was used to spin-up the model and was not used in the analysis.
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This study is devoted to the investigation of RegCM4 model performance as a first step toward the
long-term future climate projection and its impact on the water balance in large river systems on the TP.
Therefore, some analysis is also performed over five large river basins (i.e., the source region of Yangtze
River, Yellow River, Mekong River, Salween River, and Brahmaputra River), laying the foundation for
the investigations in regard to the response of hydrological processes in these river basins to climate
change in the near future, on the basis of the coupling of RegCM4 and hydrological models.

2.2. Observational Datasets and Chosen Indicators

A newly compiled gridded daily meteorological dataset at 0.1◦ spatial resolution [57], covering
the period from 1979 to 2018, is applied as the reference data to validate the model simulations.
It was compiled based on gauge-observed data (as shown in Figure 1) obtained from the China
Meteorological Administration and other datasets such as satellite precipitation data and Global
Land Data Assimilation System data [58,59]. The high-resolution elevation data were introduced in
the observed air temperature interpolation [57]. The finest scale for model performance evaluation
depends on the grid spacing of the observation. To match the spatial resolution of the simulation,
the observation datasets are remapped to the corresponding model grids (i.e., 30 km and 10 km)
using the bilinear interpolation method to ensure a fair evaluation. In addition, the ERA-Interim
reanalysis dataset is used in this work to investigate the added value of the regional climate model
when compared with their forcing data and the limitations in the ERA-Interim reanalysis dataset.

In addition to the mean climate, we also assess the performance of the RegCM4 in reproducing
climate extremes indicators. These extreme indicators shown in Table 1 cover the intensity, frequency,
and duration aspects of extreme precipitation defined by the Expert Team on Climate Change Detection
and Indices [60].

Table 1. Precipitation extreme indicators used in this study.

Acronym Definition Unit

RX1DAY Maximum daily precipitation mm/day

SDII Simple daily intensity index (the annual total precipitation divided by the
number of wet days) mm/day

R10MM Heavy precipitation days (days with daily precipitation larger than 10 mm) day
CDD Consecutive dry days index (days with daily precipitation less than 1 mm) day
CWD Consecutive wet days index day

3. Results

In this section, the simulated surface air temperature and precipitation from RegCM4 are compared
with observation to evaluate the ability of RCMs to reproduce the regional climate over the TP. To allow
for direct comparison between the low-resolution model run (R30) and high-resolution model run
(R10), the larger R30 domain has been limited to the extent of the R10 domain.

3.1. Spatial Pattern of Seasonal Mean Temperature and Precipitation

Our analysis first focuses on the evaluation of simulated surface air temperature. Figure 2 depicts
the climatological seasonal means of observed and simulated surface air temperature and their mean
biases for the period 1980–2010. Both R30 and R10 simulations could reproduce the spatial patterns
of the observed temperature, which are characterized by a warmer climate in the southeastern and
northern parts because of lower elevations but lower temperature in the western and central parts
because of higher elevations. However, R30 underestimates the temperature in large parts of the
domain, especially in the western TP. The area-averaged temperature shows a systematic cold bias
approximating −2 ◦C; and in spring (form March to May, MAM), this bias increase to −4 ◦C, especially
in the western TP (as shown in Table 2). Considering that the annual mean biases are −2.5 ◦C for R30
and −0.1 ◦C for R10, respectively, the cold bias for the area-averaged air temperature is thus weakened
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in the R10 simulation. However, a slightly warm bias from the R10 simulation could be found in north
and east part of the TP. On the whole, the biases for R30 are slightly larger than those in the higher
resolution simulation R10. These results are similar to the findings from Xu et al. [22], who investigate
the impact of horizontal resolution on climate simulation over the TP on the basis of the REMO regional
climate model.
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biases (b, bottom panel) between the simulations and observations for 1980−2010.

Table 2. The mean bias (BIAS), root mean square error (RMSE), and the spatial correlation coefficients
(SCOR) for seasonal temperature and precipitation between RegCM4 simulations and the observation.

Temperature (◦C) Precipitation (mm/day)

R30 R10 R30 R10

BIAS
Winter (DJF) −1.56 0.47 0.62 0.78

Spring (MAM) −4.58 −2.29 0.87 0.81
Summer (JJA) −2.37 0.59 1.4 0.5

Autumn (SON) −1.83 0.69 1.06 1.03
RMSE

DJF 4.35 3.03 1.03 1.27
MAM 5.52 3.27 2.17 2.2

JJA 4.56 3.37 6.24 2.2
SON 3.93 2.44 3.02 2.59

SCOR
DJF 0.71 0.85 0.48 0.38

MAM 0.84 0.91 0.65 0.6
JJA 0.74 0.82 0.37 0.48

SON 0.77 0.87 0.48 0.51

The accurate representation of precipitation remains a challenge for current global and regional
climate models. The seasonal precipitation simulations and the mean biases for the TP are presented in
Figure 3. The spatial patterns of the precipitation from R30 and R10 are similar, which is featured by
increasing precipitation from the northwest to the southeast. The simulated heavy precipitation is
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concentrated in the southeast region along the southern slopes of the Himalayas, which are mainly
brought on by the monsoon, the westerlies, and local convective activities. In winter, R30 and R10
tend to overestimate the precipitation over most areas of the TP. Similar patterns with wet biases
in the western TP and dry biases in the eastern TP are shown in spring and autumn. In summer,
the precipitation is underestimated over the central and northern TP, with the largest underestimation
up to 2 mm/day occurring in the central TP. On the contrary, the summer precipitation is overestimated
by 2−5 mm/day over the boundary areas, especially the southeast TP.
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Taylor diagrams are constructed to synthetically evaluate the spatial scale performance of simulated
seasonal mean temperature and precipitation (Figure 4) [61]. It is found that R30 and R10 have small
differences in the standard deviations of simulated seasonal mean temperature, which indicate that
they have similar abilities to capture the spatial variability of mean temperature as reflected by that
the standard deviations values are similar to those from observation. In terms of the other evaluation
indexes, better performance is obtained in R10 in comparison with R30, as reflected by higher spatial
correlations (ranging from 0.82 to 0.91), lower bias, and lower RMSE error in all seasons. In general,
R10 simulation produced a significant advantage in area-averaged temperature in each season.
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(b, right panel) in relation to observation data over the whole TP for the period 1980−2010.

The difference between R30 and R10 in simulated seasonal precipitation is smaller than that in
seasonal air temperature. Simulated precipitations are modeled reasonably at all seasons, with spatial
correlation values in the interval [0.37, 0.65]. Variance ratios from R30 and R10 are both less than
1.0 in all seasons, except in winter (DJF), which indicates that the range of the simulated seasonal
precipitation was lower than observation. Therefore, there is no evidence that a better performance in
precipitation spatial pattern is obtained in the higher-resolution simulation.

3.2. Interannual Variations of Annual Mean Temperature and Precipitation Anomalies

It is important to assess the ability of RCMs to reproduce the observed decadal climate variability
signals and trends given their application to future climate projections when driven by the boundary
condition such as for ERA-Interim. As shown in Figure 5, simulated yearly mean air temperature
anomalies over the entire TP and five river basins during the period 1980−2010 are compared with
the observations. We find that the substantial warming trends for observed temperature are shown
over the entire TP, especially in the Brahmaputra and Salween river basins. Both R30 and R10 are able
to reproduce the interannual variations of the temperature as reflected by the correlation coefficients
greater than 0.60 over most river basins in the TP. Moreover, in terms of yearly anomaly correlations
and long-term trends, the two RegCM4 simulations show similar agreement compared with the
ERA-Interim, although they tend to underestimate the trends when compared with observation.
Thus, the underestimation of temperature trend is partly caused by limitations in the ERA-Interim
forcing data. In addition, the evaluation suggests a limited improvement of temperature trends from
the high-resolution simulation.

Figure 6 depicts the annual precipitation anomalies based on observation, reanalysis data, and two
RegCM4 simulations over the TP and five subregions during 1980−2010. The correlation coefficients
between simulated annual precipitation anomalies and observation are obviously lower than those
of annual temperature anomalies. Nevertheless, the average of simulated correlation coefficients for
annual precipitation anomalies over different regions reaches 0.55 in R30 simulation and 0.61 in R10
simulation, respectively, indicating that the RegCM4 model could basically reproduce interannual
precipitation anomalies. Unlike the trend pattern of mean surface air temperature, regional precipitation
in the TP shows persistent multi-year to decadal anomalies but no significant long-term trend. Only a
slight increase trend (i.e., approximately 5% per decade) was identified over most regions based on the
observation. By contrast, RCM-simulated annual precipitation trends in most regions are close to the
observation and show significant improvement compared to the ERA-Interim reanalysis, indicating
that the model is capable of reproducing the interannual variation of precipitation over the TP and five
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subregions. It is interesting to note that in terms of the trend and correlation coefficient, simulated
annual mean precipitation anomalies from RegCM4 show a better agreement with the observations
than the ERA-Interim, which underestimates the precipitation trends in most regions; however, this is
not the case for the simulations of annual mean temperature.
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3.3. Annual Cycle of Monthly Mean Temperature and Precipitation

Figure 7 shows the annual cycle of simulated monthly mean temperature and precipitation
from RegCM4 and observations for the entire TP and five subregions. It is found that the RegCM4
successfully reproduces the annual cycle of monthly mean temperature over the entire TP and most
subregions. R30 underestimates the monthly mean temperature for the whole year in most regions,
especially in winter and spring seasons when cold biases are close to −4 ◦C. In addition, the summer cold
biases are substantially reduced when compared to other seasons. Compared with R30 simulations,
the high-resolution simulation R10 displays a systematic warm bias of approximately 2 ◦C, with the
largest warm bias in summer. In other words, the cold biases were considerably reduced in
the high-resolution R10 simulations, and even the warm biases were brought in summer. In all,
better performance is detected in the annual cycle of simulated monthly mean temperature for R10 over
the study area, except for the Yellow River basin where R30 already shows the almost perfect simulation.
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Figure 7. The comparison of observations with annual cycle of simulated monthly mean temperature
and precipitation over TP and five river basins for the period 1980−2010.

Annual cycles of observed monthly precipitation are characterized by the bell-shape pattern with
the maximum value in July due to the monsoon precipitation and the minimum value in December
and January over the TP and five subregions, which can be captured well by the RegCM4 (Figure 7).
This increases our confidence in the model to reproduce the main characteristics of precipitation regime,
despite the model still having obvious biases in magnitude. The simulated basin-averaged precipitation
from R30 is higher than the observations in most subregions throughout the year, particularly in
the Brahmaputra River basin where the overestimation is above 50% in summer, which is consistent
with previous evaluations [35,62]. In contrary, the overestimation is mitigated by R10 where the
representation of topographical influence on precipitation is improved at most regions, particularly for
the Brahmaputra River basin where the significant seasonal precipitation overestimation from R30
occurs. Nevertheless, seasonal precipitation overestimation still exists in the simulation of R10 in the
Brahmaputra River basin, which indicates that the 10-km resolution is still not sufficient to describe
the complex topographical features over the area along the Himalayas.
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3.4. Daily Precipitation

One of the major benefits of the RCMs is that they can provide smaller biases in extreme events
simulations [63–65]. Figure 8 presents the simulated spatial distribution of five extreme precipitation
indices and observations over the TP during the historical period 1980−2010. The intensity of the
precipitation events is denoted by RX1DAY and SDII. Observed RX1DAY values of daily precipitation
indicate that it is more extreme over most parts of the southeastern TP, and the largest values
(>40 mm/day) are concentrated around 28N along with small spots along the Himalayas. The observed
RX1DAY is 18.6 mm/day averaged over the entire TP, and it ranges from 22.3 to 26.9 mm/day in
five different basins (Table 3). Both R30 and R10 can reasonably capture the historical pattern of the
mean annual RX1DAY. However, the R30 simulation greatly overestimates the yearly maximum daily
precipitation, particularly in the Brahmaputra River basin where more than 200% overestimation was
found. In contrary, the overestimation was greatly reduced in the R10 simulation; albeit, notably,
overestimation still exists in the Brahmaputra River basin. In terms of the SDII, there is good agreement
between the RegCM4 simulation and the observation over TP, as reflected by the percent biases
being less than 20% in most regions. Similarly, SDII is overestimated in the R30 simulation over the
Brahmaputra River basin, and the overestimation is reduced in R10 simulation.
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Table 3. Observation and area averages of simulated extreme precipitation indicators for 1980−2010.

Index OBS R30 R10

TP

R10mm 6.4 14.5 12.9
RX1DAY 18.6 32.9 25.5

CWD 11.0 16.8 18.4
CDD 81.5 38.6 36.9
SDII 3.7 4.6 4.1

Yellow river

R10mm 8.5 9.8 4.8
RX1DAY 22.3 27.5 19.0

CWD 10.2 15.0 10.9
CDD 65.7 47.2 43.4
SDII 4.4 4.1 3.3

Yangtze river

R10mm 13.0 20.8 17.1
RX1DAY 25.1 41.3 30.1

CWD 15.5 21.9 22.0
CDD 59.8 32.5 32.2
SDII 4.8 5.2 4.6

Mekong river

R10mm 12.3 21.5 19.8
RX1DAY 23.7 43.2 36.1

CWD 15.9 24.7 25.8
CDD 56.8 32.4 29.4
SDII 4.7 5.4 4.9

Salween river

R10mm 13.0 23.8 23.0
RX1DAY 24.5 48.5 37.9

CWD 17.2 24.1 28.3
CDD 53.4 31.3 27.9
SDII 4.7 5.8 5.3

Brahmaputra river

R10mm 12.0 44.3 38.9
RX1DAY 26.9 84.7 52.4

CWD 17.7 34.4 44.0
CDD 64.8 32.1 32.8
SDII 4.5 9.5 7.2

R10mm stands for the frequency of precipitation events with daily precipitation amounts above
10 mm. It is found that the observed R10mm reaches about 10 days over most regions. The simulated
R10mm in R30 presented significant positive bias along the Himalayas. The largest bias for simulated
R10mm from R30 occurring in the south of TP was greatly reduced in R10, despite only a small
improvement being detected over other areas.

CDD and CWD are used for denoting the duration of dry/wet events. It is found that the observed
consecutive dry days (CDD) is larger than 100 days over the severer arid region in the northwestern
TP, whereas it is mostly less than 50 days in the southeastern TP (Figure 8). The Chaidam basin is
recognized as the driest area with the observed highest CDD. The second driest area is observed in the
southwestern TP. Both R30 and R10 can capture the spatial distribution of CDD and identify the driest
area (the Chaidam basin). However, two RegCM4 simulations underestimated the magnitude of CDD
and cannot capture the second driest area located at the southwestern TP. In addition, the improvements
in the accuracy of CDD modeling in higher-resolution simulation over most areas were marginal
except for the Chaidam basin. The spatial pattern of observed CWD is opposite to that of the observed
CDD. In addition, the simulated patterns for CWD from R10 and R30 show good agreement with
observation, with an arid/semi-arid climate in northwestern TP and humid/semi-humid climate in
southeastern TP. However, the magnitude of CWD was overestimated in both simulations, because I
did not see a noticeable improvement from R30 to R10 in the TP.

It is important to investigate the added value of the high-resolution modeling in RegCM4 in
terms of the distribution of daily precipitation frequency and amount. Figure 9 presents the frequency
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and accumulated amount for daily simulated area-averaged precipitation over the whole TP and five
basins during 1980−2010. Generally, RegCM4 captures reasonably well the frequency and amount of
daily precipitation events for different precipitation intensity classes in both R30 and R10 simulations.
However, the model underestimates the number of dry days when the daily precipitation amount
is smaller than 0.1 mm/day in all subregions, which can be partially attributed to the fact the model
usually “drizzles” excessively when modeling the precipitation events with the lowest precipitation
intensities, especially in the dry area [66,67].Atmosphere 2020, 11, x FOR PEER REVIEW 13 of 21 
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Figure 9. The distribution of frequency (a, left panel) and amount (b, right panel) for simulated daily
area-averaged precipitation and observation over the whole TP and five basins (from top to bottom)
during 1980−2010.

The frequency distribution of observed daily precipitation is featured by that higher precipitation
intensity being accompanied by lower frequencies and the highest frequency occurred for the light
precipitation event (0.1−1 mm/day). It is clear that the observed light precipitation was well captured by
the model in most areas, albeit the model overestimates it in the Yellow River basin and underestimates
it in the Brahmaputra River basin. However, the simulated frequency of precipitation events where the
daily precipitation intensity is above 1 mm/day is overestimated in the whole study area, with the highest
overestimation existing in the frequency of relatively heavy precipitation (greater than 5 mm/day).
The distribution for the precipitation amounts is similar among the TP and five subregions. A maximum
occurring at an intensity of 2−3 mm/day is observed in the distribution of daily precipitation amount
averaged over the TP, Yellow River (YE), and Brahmaputra River (BR). The results for the Yangtze River
(YA), Mekong River (ME), and Salween River (SA) occur at higher intensity bins. These distribution
patterns can be simulated well by the RegCM4. However, there is an underestimation in the amount of
light and moderate precipitation and an overestimation of the amount of heavy precipitation in the
R30km. The overestimation of heavy precipitation events in R30 is improved by R10, indicating that a
better accuracy was exhibited in higher resolution simulation. This is in line with previous studies
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from Zhang et al. [68] who suggest that the Emanuel scheme applied in the RegCM4 overestimates the
convective activity and brings about excessively heavy precipitation in the RegCM4 model.

3.5. Uncertainties

In this section, the uncertainty in the model simulations is evaluated by means of the interannual
variability methodology [69,70]. According to this approach, three categories of errors can be
distinguished: overall errors identified by the location of the regression line above or below the
diagonal, systematic errors in representing sensitivity quantified by the slope of the regression line,
and unsystematic errors represented by the scatter of individual data points. Figure 10 shows scatterplots
of observation and simulated annual mean temperature over the whole TP and five river basins for
the period 1980−2010. Both R30 and R10 simulations show similar uncertainty in most areas of the
TP. The overall errors are more than −2 ◦C in R30 over most areas except for the Yellow River basin.
This kind of error is reduced in R10 simulation over most areas. The regression lines for R30 and R10
simulations are parallel with each other, indicating a similar systematic bias in the representation of
temperature sensitivity. Moreover, both simulations show a tendency toward an underestimation in
different years. In addition, the uncertainty associated with unsystematic errors is also quite similar
for R30 and R10, as is reflected by the similarity for the scatter degree of individual data points.
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The uncertainties in the RegCM4 precipitation simulations are much larger than those of air
temperature (Figure 11). The results show that the precipitation is overestimated in the most of
the subregions. The overall error is substantially reduced in the higher-resolution simulation R10
over the entire TP and most subregions, albeit the overestimation of the precipitation systematic and
unsystematic errors is only marginally improved.
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4. Discussion

The cold biases in RegCM4 simulations are found in large parts of the TP, especially in the western
TP, which are consistent with the results reported by Ji et al. [42], Wang, et al. [43], Gao et al. [71],
and Khandu et al. [72], who used other RCMs to investigate the major regional climate features during
the historical period over the TP. The temperature biases are likely caused by the imperfect description
of physical processes in the regional climate model and the biases in the boundary forcing data.
Wang and Zeng [73] indicated that the surface air temperature of the ERA-Interim is underestimated
over the TP and suggested that elevation differences between the grid cell and stations largely accounted
for the cold bias caused by the low density of meteorological stations. Gao et al. [71] reported in their
study that the cold bias could largely be reduced when using a lapse rate correction method based on
the difference between station and model elevations.

The RegCM4 simulations overestimate the seasonal precipitation in most of the modeling area.
It seems to be common that the wet bias for precipitation in the areas with complex topography
is shown in several RCMs simulations [71,74–76]. This is likely concerned with the drawbacks of
the models in that they overestimate orographic precipitation enhancement [77] and/or have poor
performance in the simulation of the planetary boundary layer [78]. In addition, the ERA-Interim
driving data have a wet bias in precipitable water [79], which can also lead to the overestimation of
precipitation over the TP [80,81].

RCM simulation performance over long time scales is known to be linked to the quality of the
lateral boundary conditions supplied to the model. Bias correction of the ERA-Interim reanalysis
dataset would lead to better skill and consistent downscaled results [82]. However, it is still difficult to
correct the bias of ERA-Interim reanalysis over the TP for the following reasons: (1) the ground-based
observation is the only available meteorological data over the TP, and the data such as wind speed,
temperature, geopotential height, and specific humidity at different heights above ground are absent;
(2) part of the ground-based observation over the TP has been merged in the ERA-Interim reanalysis
dataset; and (3) satellite data are considered as a promising choice to correct the ERA-Interim reanalysis
datasets [83]. However, these data usually begin at the end of the 20th century or the beginning of the
21st century, which cannot cover the time span applied in this study.

5. Conclusions

In this study, we evaluate and compare the ability of the RegCM4 model with two horizontal
resolutions in reproducing the major regional climate features for the period from 1980 to 2010 over the
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TP and five subregions, which are the most sensitive area of climate change in China with extremely
complex topography. The simulations are driven by the ERA-Interim reanalysis datasets. A novel
daily observational dataset is employed as reference data to evaluate the performance of the RegCM4.
The main findings are shown as follows:

(1) Both RegCM4 simulations could capture the spatial pattern of seasonal air temperature well.
Moreover, better performance is obtained in the R10 run in comparison with the R30 run, as reflected
by higher spatial correlations (ranging from 0.82 to 0.91), lower bias, and lower RMSE error between
the R10 run simulations and observation in all seasons. In addition, the cold bias of the area-averaged
air temperature in R30 is greatly reduced by R10.

(2) The RegCM4 simulations overestimate the seasonal precipitation in most of the modeling
area. Wet biases for summer precipitation from R30 are obviously reduced in R10. However, there is
no clear evidence to show an improvement in spatial pattern of seasonal precipitation for the higher-
resolution simulation.

(3) The substantial warming trends in the domain were well captured by the RegCM4 simulations,
although it was underestimated because of the limitations in the reanalysis boundary forcing data.
By contrast, the slight wetting trends simulated by both RegCM4 simulations show significant
improvement compared to the results from the driving data. In addition, RegCM4 is able to capture the
annual cycle of monthly mean temperature and precipitation over all regions. R10 is able to mitigate the
positive bias of monthly mean precipitation at most regions, particularly for the summer precipitation
in the Brahmaputra River basin. This is attributed to the representation of the topographical influence
on precipitation in R10.

(4) The spatial distributions of extreme precipitation were also captured reasonably in RegCM4
simulations. The added value of higher resolution is reflected in smaller wet biases in extreme
precipitation statistics, suggesting that the higher resolution simulation is conducive to reduce the
uncertainty in modeling the detail of local heavy precipitation events associated with mesoscale
convection, especially in the complex terrain area. This is in line with findings by Maussion [84].

In short, the findings in this work indicate that RegCM4 can reproduce the major regional climate
features, but substantial uncertainties still exist, especially in the Brahmaputra River basin. This is
probably related to the fact that a horizontal resolution of 10 km used in our experiments is not fine
enough to resolve the topoclimates over the complex Himalayan terrain in the Brahmaputra River
basin [38,85,86]. In addition, the good performance of the RegCM4 simulations justify that it can be
applied as a high-resolution climate dataset for impact models such as the hydrological model, and its
potential to study the changes in glacier, river streamflow, and snowpack dynamics over the TP under
the context of climate change.
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