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Abstract
The Tibetan Plateau (TP) is often referred to as ‘the Third Pole’ and plays an essential role in in�uencing
the global climate. However, it remains challenging for most global and regional models to realistically
simulate the characteristics of long-period climate over the TP. In this study, two Weather Research and
Forecasting model (WRF) experiments using the regional climate simulation method of spectral nudging
with gray-zone (GZ9) and convection-permitting (CP3) resolution are conducted for summer from 2009 to
2019. The surface air temperature (T2m) and precipitation are evaluated against in-situ observations and
the Global Satellite Mapping of Precipitation (GSMaP) dataset. The results show that both experiments
can successfully capture the spatial pattern and daily variation of T2m and precipitation, though cold
bias for temperature and dry bias for precipitation exist especially over the regions south of 35ºN.
Compared to GZ9, CP3 reduces the cold and dry bias over the southern TP. In addition, analysis of the
diurnal variation of precipitation shows that both experiments simulate the advanced occurrence time of
maximum precipitation by about 3 hours over the eastern TP but postpone the occurrence time of
maximum precipitation over the central and western TP. Both experiments simulate a bimodal structure
of the diurnal cycle of precipitation amount (PA). Further investigation reveals that GZ9 has more low-
level clouds and prevents shortwave radiation from reaching the surface during daytime, leading to lower
maximum surface air temperature (Tmax) in GZ9, while CP3 has more low-level clouds over the
southeastern TP and preventing the outgoing longwave radiation and compensating the heat loss during
nighttime, resulting in higher minimum surface air temperature (Tmin) in CP3. Besides, more water vapor
over the southeastern TP results in more precipitation and thus reduced dry bias in CP3 over the
southeastern TP. Moreover, the current study also indicates that gray-zone scale simulations can perform
as good as convection-permitting simulations by carefully choosing the right parameterization schemes.

1. Introduction
The Tibetan Plateau (TP) extends over the area of 27°-45°N, 70°-105°E, covering a region about a quarter
of the size of the Chinese territory (Wu et al. 2007). Surrounded by the Earth’s highest mountains, such as
the Himalayas, Pamir, Kunlun Shan and others, it is the highest and most extensive plateau in the world
(Kang et al. 2010; Xu et al. 2018; Gu et al. 2020) and has long been known as the roof of the world (Liu
and Chen 2000; Qiu et al. 2008; Yao et al. 2019). Mountains in the TP have a strong impact on
precipitation distribution, and a knowledge of the characteristics of precipitation is a basic and important
requirement for the planning and management of water resources (Xu et al. 2008). Meanwhile, in the
summer season, the TP serves as a huge heat source (Zhu et al. 2017), transferring heat from the land
surface to the air in the form of sensible heating, latent heat transfer, and effective radiation of the
ground (Yeh et al. 1957), with strong surface sensible heating and deep latent heating over the central
and eastern regions (Duan et al. 2012), and plays an important role in the onset and maintenance of the
Asian summer monsoon (Chen et al. 2017). However, precipitation across the Tibetan Plateau is poorly
known compared with many other mountain areas in the world.
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The complex climate over the TP is the key component of the regional and global climate system, but the
lack of basic observation data makes it di�cult to assess the impact that TP has on climate change
across scales. Facing the fact that only sparse observation is available from heterogeneously distributed
meteorological stations over the TP (Kuang and Jiao 2016; Maussion et al. 2011; Xiao et al. 2016; Li et al.
2018), numerical simulation results have been proven to be a reasonable and reliable complement to
enhance the understanding of climate over the TP. Compared to the global climate models (GCMs),
regional climate models (RCMs) are able to depict regional heterogeneity and leading to a better
understanding of regional to local climate change signals. The main achievements in RCM research are
bene�ted from the increase of simulation length and resolutions (Giorgi et al. 2019). Several studies have
shown that added value is obtained by increasing the horizontal resolution of RCMs to capture additional
�ne-scale weather processes (Jacob et al. 2014; Di Luca et al. 2012; Lucas-Picher et al. 2012). With its
complex orography, the TP is very sensitive to the horizontal resolution of RCMs (Gao et al. 2015a, b,
2017b). Gao et al. (2018) found that the WRF model with a resolution of about 30km shows reduced
overestimation for extreme precipitation frequency, increased spatial pattern correlations, and more
accurate linear trends compared with coarser resolution GCMs and reanalysis over the TP. Xu et al. (2018)
showed that the added value of RCM simulation of about 25 km resolution is achieved by affecting the
regional air circulation near the ground surface around the edge of the TP, which leads to a redistribution
of the transport of atmospheric water vapor.

Convection is considered to be one of the most critical physical processes affecting the occurrence and
amount of precipitation (Kukulies et al. 2020; Niu et al. 2020), while cumulus parameterization schemes
(CPSs) have been considered to be a primary uncertainty source in precipitation simulations over the TP
for coarse resolution (~25km) RCMs (Wang et al. 2021). Attempts have been made to solve the di�culty
by further increasing the resolution of RCMs. The resolution between 10 and 4km is the so-called gray-
zone at which resolution the individual convection cells cannot be resolved, but the organized mesoscale
convective systems can be explicitly represented (Ou et al. 2020). With the gray-zone grid spacing, a CPS
may or may not be turned on. In Asia, Chen et al. (2018) found that the WRF at the 9km gray-zone
resolution without the use of CPS captures the salient features of the Indian summer monsoon as well as
the spatial distributions and temporal evolutions of monsoon rainfall. Taraphdar et al. (2021) evaluated
the WRF at the 9km gray-zone resolution over the United Arab Emirates (UAE) and the Middle-East, and
found that gray-zone simulations’ performance for the synoptic and meso-scale precipitation are
comparable to convection-permitting simulations with optimized model physical packages. Ou et al.
(2020), based on WRF simulations at gray-zone resolution with different CPSs and a simulation without
CPS over the TP, found that the frequencies and initiation timings for short-duration (1–3 h) and long-
duration (> 6 h) precipitation events are well captured by the experiment without CPS concerning the
precipitation diurnal cycles.

Future directions in RCM research are discussed by Giorgi et al. (2019), with a highlight on the transition
to convection-permitting modeling systems. Bene�ted from the rapid development of high-performance
computing resources, convection-permitting models (CPMs) is becoming affordable for climate study,
which could explicitly resolve the deep convection (Liang et al. 2004; Dai 2006; Prein et al. 2015; Zhang
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and Chen 2016), eliminate the biases resulted from the application of CPSs, and narrow the uncertainty
from model physics (Weisman et al. 1997; Miura 2007; Schlemmer et al. 2011; Satoh et al. 2014; Ban et
al. 2015), especially over regions with prevailing convective activities. Many studies have demonstrated
the bene�ts of using CPMs, including the ability to capture observed precipitation diurnal cycles over
subtropics (Fosser et al. 2015; Guo et al. 2019, 2020; Li et al. 2020; Yun et al. 2020), well replicating the
spatial distribution of precipitation over complex terrain (Grell et al. 2000; Prein et al. 2013; Rasmussen et
al. 2014; Gao et al. 2020), and even capable of representing the spatial-temporal scales and the
organization of tropical convection at the nearly global scale (Schiwitalla et al. 2020). Zhou et al. (2021)
found that CPM outperforms the High Asia Re�ned regional reanalysis (HAR v2, Maussion et al. 2011) for
10-m wind speed and precipitation with obviously reduced wet bias over the TP. Lin et al. (2018) showed
that the WRF with 2km grid spacing can diminish the positive precipitation bias over the TP and better
resolve the orographic drag as well as mountain-valley circulations. Li et al. (2021) demonstrated that
CPM is a promising tool for dynamic downscaling over the TP with its higher ability to depict the
precipitation frequency and intensity and Lv et al. (2020) found that the choice of the land surface model
(LSM) scheme in CPM also has a certain in�uence on the precipitation's spatial pattern, frequency, diurnal
cycle, and intensity over the central TP.

Both gray-zone and CPM simulations are at their earlier stages in regional climate application. Though
intercomparison of the two types of high-resolution simulations has been performed during the past
years, few studies have focused on the TP. Furthermore, previous studies with CPM over the TP were
mostly limited to short-term simulation. In this study, two types of high-resolution experiments using the
WRF model, the gray-zone resolution of 9km with no CPS and the convection-permitting (CP) resolution
of 3km, are performed over the TP for the summer of 2009 to 2019. By comparing the two sets of
simulation results, we can: (1) evaluate the model’s performance with various resolutions in reproducing
the spatiotemporal characteristics of surface climate over the TP; (2) identify the added value of
convection-permitting simulation over complex terrain and climate system; and (3) isolate the
contribution of the convection-permitting experiments in improving the simulation of regional climate
processes.

The article is organized as follows. Section 2 describes the model and experimental design, data and
methodology. Section 3 presents the main results as well as the comparison with the observations,
including the added value of CPM simulation. Section 4 discusses the possible reasons for explaining the
excessive precipitation and higher 2-m air temperature in CPM simulation. Finally, major conclusions are
presented in Section 5.

2. Model, Experimental Design And Data
2.1 Model and experimental design

   The WRF model version 4.1.1 (Skamarock et al. 2019) used in this study is a nonhydrostatic mesoscale
numerical weather prediction system, which is designed to serve both operational forecasting and
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atmospheric research needs. The WRF model has been widely used for CPM regional climate simulations
over Europe (Warrach-Sagi et al. 2013), North America (Gao et al. 2017a; Liu et al. 2017; Sun et al. 2016),
Eastern China (Guo et al. 2019, 2020; Yun et al. 2020) and over the TP (Zhou et al. 2021; Gao et al. 2020).
The simulation domain in this study is centered at 33°N and 88.5°E, with 1081 (361) grid points in east-
west directions and 721 (241) grid points in north-south directions for 3km (9km) resolution, covering the
whole TP and the surrounding areas (Figure 1a). Four sub-regions are chosen based on the topography
and climate features to evaluate the skill of WRF in reproducing the regional climate over the TP in detail:
the northwest region (TP-NW, 32.5°–37°N, 75°–91°E), the southwest region (TP-SW, 28°–32.5°N, 82°–
91°E), the northeast region (TP-NE, 32.5°–39°N, 91°–102°E) and the southeast region (TP-SE, 28°–
32.5°N, 91°–102°E). Fifty hybrid-sigma levels are de�ned from surface to model top at 50hPa. The
horizontal resolution is set to 9 km for the gray-zone scale simulation (GZ9) and 3 km for the CP scale
simulation (CP3) over the TP.       

The physical parameterization schemes employed in this research include the Thompson microphysics
scheme (Thompson et al. 2008), the Mellor-Yamada Nakanishi Niino 2.5 level TKE scheme (MYNN)
planetary boundary layer (PBL) parameterization (Nakanishi and Niino 2006), the RRTMG shortwave and
longwave radiation schemes (Iacono et al. 2008), and the Noah-MP land surface model (Niu et al. 2011).
In the two experiments, the CPS is switched off.

Spectral nudging (hereinafter SN, von Storch et al. 2000), which is mostly used in models driven by global
analysis (Tang et al. 2010, 2017), has been adopted in CP3 and GZ9. In this study, the nudging
wavenumber of 4 is employed in both directions and the nudging coe�cient is  3Χ10-4. Meanwhile, the SN
approach is only applied to wind �elds above the PBL to allow the development of the mesoscale
circulation. 

All the experiments are driven by the 4th generation Global Reanalysis data (ERA5) from Europe Centre
for Medium-Range Weather Forecasts (ECMWF) (Hersbach et al. 2020) and conducted during the
summer season (June, July, and August) from 2009 to 2019. The simulation starts from May 16 and
integrates continuously to September 1, with the �rst 16 days (May 16-31) as the spin-up time. 

2.2 Observation data and method

To evaluate the performance of the WRF model in simulating the surface climate over the TP, two
observation datasets are used. One is the daily in-situ observation provided by the data service center at
China Meteorology Administration (CMA, http://data.cma.cn/en). Only 144 stations over the TP are
applied in this study (Figure 1b), which have comparatively more applicable observations of daily surface
air temperature (T2m), maximum/minimum surface air temperature (Tmax and Tmin), and precipitation.
Most of the meteorological stations are located in the central and eastern part of the TP while few of
them are located over the western TP. Therefore, the data from the meteorological stations are not
su�cient to fully depict the climate characteristics over the whole TP, especially over the western TP and
regions above 4,800 ASL. This is especially true for precipitation which has relatively small spatial scales
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over the TP (Chen et al. 2016). Thus, to validate the WRF-simulated precipitation over the TP in detail,
satellite precipitation products are also used to carry out a more objective and comprehensive evaluation.

The Global Satellite Mapping of Precipitation version 6 (GSMaP) products, operated by the Japan
Aerospace Exploration Agency (JAXA), are used in this study. GSMaP combines precipitation retrievals
from the Tropical Rainfall Measuring Mission and other polar-orbiting satellites and interpolates them
with cloud motion vectors derived from infrared images from geostationary satellites to produce a high-
resolution dataset (Tian et al. 2010). The spatiotemporal resolution of the GSMaP products is 0.1° Χ 
0.1°  and 1-hour. The gauge-adjusted GSMaP data (GSMaP-Gauge) is adopted to evaluate the WRF
simulation, which is a gauge-calibrated product by adjusting the GSMaP estimate using the National
Oceanic and Atmospheric Administration (NOAA)/Climate Prediction Center (CPC) gauge-based analysis
of global daily precipitation. GSMaP, which covers the whole TP with a considerably high resolution, can
provide a more objective evaluation, especially over the western TP.   Ning et al. (2017) found that at
basin scale comparisons, the GSMap-gauged data has relatively higher accuracy than IMERG, especially
at the Haihe, Huaihe, Liaohe, and Yellow River basins. Lu and Yong (2018) pointed out that GSMaP-
Gauge demonstrated comparable performance with gauge reference data, suggesting that GSMaP-Gauge
can be selected for hydrological application over the TP.

Several statistics are calculated to quantify the accuracy of the WRF simulations, including the
correlation coe�cient, the uncentered root-mean-square error (RMSE), and the relative bias (RB). The
correlation coe�cient is used to describe the temporal and spatial similarity between the observations
and the simulations. The RMSE can measure the average magnitude of the deviation of a model
simulation from the observation, with mean error, correlation coe�cient, and standard deviation
considered (Taylor et al. 2001).

3. Results From Wrf Simulations At Gray-zone And Convection-
permitting Scale
Evaluation of the WRF experiments (CP3 and GZ9) is mainly for the surface climate of T2m, Tmax, Tmin,
and precipitation, as well as the diurnal variation of precipitation over the TP. In order to compare with the
in-situ observations and the satellite precipitation products, the WRF simulation results were interpolated
onto the stations when compared with in-situ observations as well as the grid cells of the GSMaP dataset
when compared with the satellite precipitation products, using the inverse distance weight interpolation
method. Due to the elevation difference between WRF grids and station location, lapse rate (LR) is used
to bias correct the WRF simulated surface air temperature when evaluation the WRF outputs against in-
situ observations. According to the spatiotemporal variability of LR proposed by Wang et al. (2018), the
mean LRs over the western TP, northeastern TP, and southeastern TP during summer are −4.90, −4.53,
and −4.03 K/km, respectively, which are consistently lower than the commonly used global mean LR
(−6.5 K/km) and are used for bias correction in this study.

3.1 Summer mean surface air temperature and precipitation
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Figure 2 shows the 11-year averaged (2009-2019) summer mean daily T2m, Tmax, and Tmin from the in-
situ observations, and the differences between the WRF simulations and the observations. The observed
T2m decreases from the southeastern TP to the northwestern TP, with the maximum T2m at about 22℃
over the eastern TP while the minimum T2m below 8℃ over the central TP. Both the WRF experiments
can well reproduce the spatial pattern of T2m with the spatial correlation coe�cients (SCCs) larger than
0.94, but underestimate the T2m over the regions south of 35°N. Compared to GZ9, CP3 clearly improve
the surface air temperature simulation with lower biases. The simulated distributions of Tmax and Tmin
also agree well with the observations, with the SCCs above 0.90 and the RMSEs below 2.7℃. Overall,
CP3 tends to simulate higher surface air temperature than GZ9 over the TP, and thus shows more skillful
performance in reproducing the spatial patterns of T2m, Tmax, and Tmin with reduced RMSEs and higher
SCCs, especially over the southern TP. The daily temperature range (DTR) is higher over the regions north
of 30°N according to the station observations, exceeding 13℃ (�gure not shown), while the minimum
DTR below 10°C is detected over the southeastern TP. All the WRF experiments can well simulate the
spatial pattern of DTR with the SCCs higher than 0.75 and the RMSEs less than 1.5℃. However, obvious
clod bias exists over the southern TP. Moreover, CP3 can reduce the RMSE by about 0.8°C over the
southeastern TP compared with GZ9.

Figure 3 shows the 11-year averaged summer mean precipitation from the station observations, the
GSMaP satellite dataset, and the differences between the WRF simulations and the observations. The
observed precipitation decreases from southeast to northwest, with the maximum above 6mm/day
located at the southeastern corner of TP and the minimum less than 1mm/day over the northeast TP.
Both CP3 and GZ9 can well capture the spatial distribution of summer mean precipitation, with SCCs
larger than 0.72 and RMSEs below 1.1 mm/day compared with the station observations. However, the
WRF model clearly underestimates summer precipitation over most regions of TP, especially over the
southern TP. When compared against the GSMaP precipitation dataset, WRF simulations underestimate
summer precipitation over southeastern TP and overestimate it over northwestern TP. Both CP3 and GZ9
have similar SCCs above 0.7 and relatively large RMSEs greater than 2mm/day. Comparison with both
observational datasets shows consistency over the southeastern TP where both WRF simulations
demonstrate dry bias. However, in most regions over the northwestern TP without the station
observations, results show that GZ9 has a larger wet bias than CP3 based on the comparison against the
GSMaP dataset. Thus, it may be deduced that by increasing the horizontal resolution, the dry (wet) bias
over the southeastern (northwestern) TP can be reduced. In general, both experiments can reproduce the
distribution of summer mean precipitation over TP and show consistent dry bias over southeastern TP
and wet bias over northwestern TP. With higher horizontal resolution than GZ9, CP3 tends to improve the
precipitation simulation by producing more precipitation over southeastern TP and less precipitation over
the northwestern TP.

The Taylor diagrams are presented to evaluate the two WRF experiments in simulating the spatial
distributions of summer temperature and precipitation (Figure 4) over the TP for each year (2009-2019).
GZ9 and CP3 have similar performances in simulation the distributions of T2m, Tmax, and Tmin with the
SCCs larger than 0.95. CP3 slightly improved performance with higher SCC and closer distance to
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observations (REF point) than GZ9. For the precipitation, the two WRF experiments also show
comparable performances when compared with the station observations. However, CP3 outperforms GZ9
with higher SCCs (> 0.7) when the GSMaP precipitation dataset is used as a reference. In general, both
experiments exhibit comparable ability in reproducing the spatial pattern of summer mean surface air
temperature and precipitation during 2009-2019, with reasonable cold bias and dry bias, especially over
the regions south of 35°N.

3.2 Daily surface temperature and precipitation
The 11-year averaged (2009-2019) daily variations of the regional mean (over the TP) T2m, Tmax, Tmin,
and DTR from the in-situ observations and WRF experiments are shown in Figure 5. The observed T2m
ranges from 12℃ to 16℃ throughout the summertime, with the maximum T2m in early and middle July.
All the WRF experiments can well capture the daily variation of T2m with the temporal correlation
coe�cients (TCCs) higher than 0.95 and the RMSEs less than 1.1℃. CP3 outperforms GZ9 by reducing
the cold bias. The Tmax ranges from 18℃ to 24℃ based on the observation, and CP3 and GZ9 also well
simulate the daily variation with the cold bias of about 1.0℃ for CP3 and 2.0℃ for GZ9. For Tmin, CP3
can also reduce the RMSE by about 0.6℃ compared to GZ9. The observed DTR varies between 9℃ and
15℃, with the minimum DTR occurring in early July. Both WRF experiments reproduce the daily DTR
variation with the TCCs larger than 0.91 and the RMSEs less than 1.2℃, and colder bias occurs in late
July and early August. CP3 tends to simulate the DTR closer to observation. Both WRF experiments show
comparable performance in reproducing the daily variation of surface air temperature and DTR, but
underestimation is obviously reduced in CP3, especially for Tmax with the most signi�cant reduction at
about 1℃.

Regarding the daily variation of regional mean precipitation over the TP (Figure 6), both CP3 and GZ9 can
reproduce the daily variation with the TCCs all above 0.9 and the RMSEs below 0.75 mm/day when
compared with the station observations. Compared with in-situ observation, both experiments can better
simulate the precipitation with negligible bias in early and middle June but growing dry bias since early
July. While the two experiments obviously overestimate the daily precipitation when selecting the GSMap
as the reference, with wetter bias in GZ9 has and a larger RMSE of about 0.92 mm/day than CP3.
Whether station observation or GSMaP dataset is selected as reference, both WRF experiments
consistently have TCCs above 0.9 and RMSEs below 1mm/day.

The spatial distributions of TCCs and RMSEs of T2m, Tmax, and Tmin at each observation station are
shown in Figure 7 and Figure 8, respectively. The spatial patterns of TCCs of T2m and Tmax are quite
similar in both CP3 and GZ9, with high TCCs above 0.9 are located over the northeastern TP and
decrease from north to south. Compared with GZ9, CP3 exhibits higher TCCs of T2m and Tmax,
especially over the southern TP. The WRF model has relatively lower performance in simulating variation
of Tmin than that of T2m, with the TCCs ranging from 0.5 to 0.8. GZ9 shows higher TCCs for Tmin
compared with CP3. For RMSEs, both experiments show large RMSEs (above 3.0℃) for Tmax over the
southern TP and for Tmin over the northern TP, while CP3 demonstrates smaller RMSE for T2m compared
to GZ9. CP3 can also reduce RMSE for Tmax and Tmin over the southern TP, especially for Tmax with the



Page 9/35

maximum reduction at about 1.6℃. Therefore, it can be concluded that CP3 improves the simulation of
T2m and Tmax with higher TCCs and lower RMSEs, especially over the southern TP.

The spatial distribution of TCC and RMSE of the simulated daily precipitation for WRF experiments
against station observation is presented in Figure 9. The two experiments show quite similar spatial
patterns of TCC and RMSE. High TCCs exist over eastern TP and low RMSEs are located over central and
northern TP. CP3 has slightly increased the TCCs by about 0.1 and reduced the RMSEs by about 0.5
mm/day over the southeastern TP, which is also validated by the comparison against GSMaP (�gure not
shown).

In general, both CP3 and GZ9 show comparable performance in reproducing the daily variation of surface
air temperature, and CP3 obviously improves the performance by reducing the cold biases. Meanwhile,
CP3 improves the ability to reproduce T2m and Tmax with higher TCCs and lower RMSEs compared to
GZ9, especially over the southern TP. For precipitation, both experiments can well reproduce the
spatiotemporal characteristics, while CP3 shows better skills with slightly increased TCC and reduced
RMSE over the southeastern TP.

3.3 Diurnal cycle of precipitation
To evaluate the performance of WRF in simulating the diurnal variation of summer precipitation over the
whole TP, the GSMaP satellite precipitation dataset is selected as the reference. The precipitation
frequency (PF) is de�ned as the percentage of all hours during the period which had measurable
precipitation (> 0.1 mm/h), the precipitation intensity (PI) is de�ned as the average precipitation rate over
all the precipitating hours, and the precipitation amount (PA) is de�ned as the accumulated precipitation
amount over a given time period.

The 11-year averaged (2009-2019) occurrence time of maximum PA and PF in a day from the observation
and WRF experiments is presented in Figure 10. The observed maximum PA and PF mostly occurs after
18:00 Local Standard Time (LST) over the TP, with the latest occurrence time of maximum PA after 22:00
LST located over the southeastern TP. All the WRF experiments can capture the spatial pattern of the
occurrence time of maximum PA, with about 3 hours in advance over the eastern TP. However, over the
central and western TP, both experiments simulate a postponed occurrence time of maximum PA of
about 2 hours.

Figure 11 shows the 11-year averaged regional mean diurnal cycle of PA and PI over the whole TP and
four subregions (TP-NW, TP-SW, TP-NE, and TP-SE). It can be found that the observed PA ranges from
0.05 to 0.2 mm/hour over the TP, with two peaks occurring at 17:00 LST and 22:00 LST. Both CP3 and
GZ9 can reproduce the bimodal structure of the diurnal variation of PA over the TP, but they all have
delayed the peak at 22:00 LST by 3 hours. GZ9 can successfully capture the afternoon precipitation peak
while CP3 slightly simulates the peak by 1 hour earlier. Compared with GZ9, CP3 shows reduced wet bias,
especially from late afternoon to night. The diurnal variations of PF are similar to those of PA (�gure not
shown) with obvious nocturnal precipitation. Both GZ9 and CP3 can capture the diurnal variation of PI
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with consistent overestimation, which may contribute to the overestimation of PA. Both experiments can
well capture the characteristics of the diurnal cycle of PA over TP-NW but with stronger amplitudes, where
the RB is about 117.1% in CP3 and 148.8% in GZ9 respectively. The WRF experiments show the most
skillful performance in simulating the diurnal variation over TP-NE with the most reduced wet bias. Over
TP-SE and TP-SW, the observed diurnal variations of PA are quite similar, with peaks occurring in the
afternoon and night. Both experiments can generally reproduce the diurnal variation with obvious dry bias
at nighttime.

In general, WRF experiments tend to simulate much stronger afternoon precipitation over the eastern TP,
which is ahead of observation, while simulating stronger nighttime precipitation over the western TP,
which is behind the observation. CP3 can reduce wet bias over the northern TP, while it shows little
superiority in reducing the dry bias at nighttime over the southern TP. Again, as a satellite-derived product,
GSMaP needs to be calibrated with station observations. However, there are only fewer station sites
located over the central and western TP. Currently, the uncertainty in this satellite-derived dataset is hard
to be avoided. With more observations and reduced uncertainty in precipitation datasets, a better
understanding can be got.

4. Discussion
4.1 Surface energy balance

To investigate the causes of the reduced cold biases in CP3 over TP, the 11-year averaged surface energy
balance is studied. According to Xu et al. (2015), the surface energy balance equation is as follows:

constant, skin temperature, downward shortwave radiation, upward shortwave radiation, downward
longwave radiation, sensible heat �ux, latent heat �ux and ground heat �ux, respectively. The sum of the
net shortwave radiation and downward longwave radiation (received radiative energy is represented with
positive values), the sum of heat loss in the form of sensible and latent heat �ux and ground heat �ux
(non-radiative energy loss is represented with positive values), as well as the sum of the right-hand terms
(net energy obtained is represented with positive values) at 06:00 and 18:00 UTC from the WRF
experiments are plotted in Figure 12 and Figure 13, which could re�ect the spatial pattern of skin
temperature and further to surface air temperature.

It can be found that the received radiative energy in CP3 is about 40-50   larger than that of GZ9 over
most regions of the TP at 14:00 LST (Figure 12a-c), which is mainly contributed by stronger downward
shortwave radiation (�gure not shown) in CP3. Meanwhile, the non-radiative energy loss is also larger in
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CP3 than that of GZ9 (Figure 12f), which is mainly caused by the stronger upward sensible and latent
heat �uxes in CP3 (�gure not shown). There also exists more heat �ux transported from the surface to the
deeper soil in CP3 than GZ9 (�gure not shown) over the central and southeastern TP. As a result, large
non-radiative heat �uxes loss in the form of sensible and latent heat �uxes and ground heat �uxes is
compensated by the received radiative energy, leading to more energy storage on the surface over the TP
in CP3 (Figure 12i) and higher skin temperature, and then further leads to the warmer daily maximum
surface air temperature. 

At nighttime (02:00 LST), over the central and western TP, although CP3 produces less downward
longwave radiation (Figure 13c), there is non-radiative energy compensation in the form of downward
non-radiative heat �uxes and upward ground heat �ux in CP3 (Figure 13f). As a result, it simulates higher
skin temperature and further leads to higher surface air temperature at night (Tmin) over the central and
western TP. Meanwhile, over the eastern TP and along the south slope of TP, both larger downward
longwave radiation and larger non-radiative energy loss co-exist in CP3 than GZ9. However, the larger
downward longwave radiation in CP3 than GZ9 makes up for the heat loss and leads to more energy
storage on the surface in CP3 which further leads to higher surface air temperature at night (Tmin) over
the eastern TP and along the south slope of TP. Therefore, although the energy storage on the surface
comes from different ways in CP3, which is mainly from non-radiative energy over the central and
western TP and radiative energy over the eastern TP. It �nally similarly results in the higher Tmin over
most regions over the TP.

4.2 Low-level meteorological elements distribution

The surface energy balance results show that the received radiative energy, mainly from shortwave
radiation, at 14:00 LST contributes the most to the conserved energy in CP3. Therefore, the low-level
cloud fraction, which plays the most important role in modulating the solar radiation reaching the
surface, is studied to reveal the causing factors to the more downward shortwave radiation in CP3. The
11-year averaged cloud fraction at 02:00 and 14:00 LST are shown in Figure 14. The cloud fraction of
02:00 and 14:00 LST at 500hPa has a similar spatial pattern in both experiments. At daytime (14:00
LST), more clouds occur over the eastern TP with the maximum value of cloud fraction above 50% over
the southeastern TP; fewer clouds occur over the western and central TP with cloud fraction below 5%.
GZ9 simulates more clouds over most regions of the TP than CP3, in which the low-level clouds re�ect
more shortwave radiation to space. This then results in less energy conserved and lower maximum
surface air temperature in a day. Similarly, at nighttime (02:00 LST), the cloud fraction at 500hPa
decreases from the southeastern TP to the northwestern TP in both experiments. CP3 tends to simulate
more clouds than GZ9 over the eastern TP and along the southern slope of TP, which has a similar spatial
pattern with downward longwave radiation in Figure 13. More clouds over these regions in CP3 can warm
up the low boundary layer through downward longwave radiation at night. In addition, more water vapor,
which is crucial for the formation of low-level clouds, is also found (�gure not shown) where the clouds
are dense. Therefore, clouds at low-level over the TP play an important role in regulating the radiation that
can reach the surface and further in�uence the surface air temperature through energy balance.
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Available atmospheric water vapor is very important for precipitation. Figure 15 shows the 11-year
averaged water vapor mixing ratio at low-level (500hPa) over the TP in the two WRF experiments. In both
experiments, water vapor decreases from the southeastern TP to the northwest, with the spatial
distribution pattern similar to that of precipitation simulated. In CP3, more water vapor exists over the
southeastern TP, which may be related to stronger moisture convergence transporting abundant water
vapor, and partly contributes to more precipitation than GZ9. Meanwhile, over the northwestern TP, more
water vapor is found in GZ9 which also partly leads to more severe wet bias than CP3. Therefore, more
precipitation generated in CP3 over the southeastern TP as well as more precipitation in GZ9 over the
northwestern TP can be well explained with the more atmospheric water vapor.

5. Conclusions
Two WRF experiments with the regional climate simulation schemes of spectral nudging at gray-zone
and convection-permitting resolution are performed over the TP from 2009 to 2019. The surface air
temperature and the precipitation are evaluated based on the in-situ observations and the GSMaP
dataset.

Both WRF experiments successfully capture the spatial patterns and the daily variation of T2m, Tmax,
and Tmin, with the SCCs and TCCs higher than 0.9. A generally cold bias is found, especially over the
regions south of 35°N for T2m. CP3 shows more skillful performance in reducing the RMSEs over the
southern TP for T2m, Tmax, and Tmin. Meanwhile, CP3 has improved TCCs and reduced RMSEs over the
southern TP for T2m and Tmax. The DTR is underestimated by about 1℃ spatially and temporally in
both experiments, with reduced cold bias especially over the southeastern TP in CP3. Further analysis of
multi-year averaged surface energy budget and low-level cloud fraction reveals that GZ9 has more low-
level clouds during daytime over the TP, re�ecting more shortwave radiation to space, leading to less
downward shortwave radiation and lower Tmax than those of CP3. On the contrary, CP3 produces more
low-level clouds especially over the eastern TP and along the south slope of TP at nighttime, preventing
the outgoing longwave radiation and compensating the heat loss, and increasing the Tmin consequently.
Meanwhile, the more non-radiative heat �uxes over the central and western TP contribute a lot to the
higher Tmin in CP3. As a result, the simulation of DTR and T2m in CP3 is further improved due to the
better depiction of Tmax and Tmin.

The spatial pattern and daily variation of summer precipitation are also reasonably reproduced in both
WRF experiments, with the SCCs larger than 0.7 and the TCCs larger than 0.9. Dry bias is found over the
regions south of 35°N compared with both station observation and the GSMaP dataset. CP3 tends to
simulate more precipitation and reduce the dry bias in most regions over the southeastern TP. However,
GZ9 shows wetter bias over the northwestern TP than CP3. Both experiments underestimate the daily
variation of precipitation when compared with station observations while overestimating that when
compared with the GSMaP dataset, indicating the uncertainty coming from different sources of
observation especially over complex terrains such as TP. The spatial distribution of water vapor mixing
ratio at 500hPa matches well with that of precipitation and well explains more precipitation in CP3 than
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GZ9 over the southeastern TP and wetter bias in GZ9 over the northwestern TP. To get a more in depth
understanding of the temporal variation of summer precipitation over the TP, the diurnal cycle of
precipitation is studied. Both experiments simulate a more advanced occurrence time of maximum
precipitation in a day by about 3 hours over the southeastern TP while postponing the occurrence time by
about 2hours over the western TP. In addition, the bimodal structure of PA is well captured and GZ9
successfully reproduces the peak in theafternoon which is postponed by 1 hour in CP3. However, wet bias
is reduced in CP3 from late afternoon to night. Meanwhile, PF is also reasonably simulated in WRF
simulations with obvious nocturnal precipitation. Moreover, PI is overestimated over the TP, indicating
that the overestimation of PA in both experiments may be induced by the overestimation of PI.

Based on the analysis of surface air temperature and precipitation over the TP from 2009 to 2019, WRF
experiments at gray-zone and convection-permitting scales show comparable performance in
successfully reproducing the spatial and temporal variation of multi-year climate. A higher horizontal
resolution, therefore, has complex effects on the results of simulations. For example, our results show
that even though CP3 can slightly reduce the RMSEs for temperature and precipitation, GZ9 outperforms
CP3 in capturing the peaks of PA over the TP. In addition, for the purpose of saving computation costs,
experiments with gray-zone resolution are also a better choice especially for simulating long-period
climate over the TP. Future studies in this area should include further looking for more advantages in
experiments with convection-permitting resolution and make more improvements to experiments with
gray-zone resolution and make them better utilized in the �eld of climate studies.
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Figure 1

The simulation domain (yellow shading) with the TP framed with red lines and four sub-regions framed
with black lines (a), and the locations of the meteorological stations over the TP (b)
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Figure 2

The 11-year averaged (2009-2019) summer mean T2m, Tmax, and Tmin from the in-situ observations (a,
b, c), the biases in GZ9 (d, e, f), the bias in CP3 (g, h, i), and the difference between CP3 and GZ9 (j, k, l)
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Figure 3

11-year averaged summer precipitation from the station observations (a), the GSMaP satellite dataset (b),
the difference between GZ9 and station observations as well as the GSMaP dataset (c, d), the difference
between CP3 and station observations as well as the GSMaP dataset (e, f), and the difference between
CP3 and GZ9 (g)
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Figure 4

Taylor diagrams for WRF simulated summer T2m (a), Tmax (b), Tmin (c), precipitation (d) compared with
station observations, as well as summer precipitation compared with the GSMaP dataset (e) from 2009
to 2019
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Figure 5

11-year averaged daily variations of regional mean T2m (a), Tmax (b), Tmin (c), and DTR (d) from the in-
situ observations and the simulations of CP3 and GZ9
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Figure 6

11-year averaged daily variation of regional mean precipitation over the TP from the station observation
(a) and the GSMaP dataset (b) accompanied with that in the two WRF experiments
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Figure 7

The spatial distributions of TCCs for the simulated summer T2m, Tmax, and Tmin in GZ9 (a, b, c) and
CP3 (d, e, f)



Page 28/35

Figure 8

The spatial distributions of RMSEs for the simulated summer T2m, Tmax, and Tmin in GZ9 (a, b, c) and
CP3 (d, e, f), as well as the difference between CP3 and GZ9 (g, h, i)
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Figure 9

The spatial distribution of TCC and RMSE for the simulated precipitation in GZ9 (a and d), CP3 (b and e)
and the difference between CP3 and GZ9 (c and f)
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Figure 10

11-year averaged occurrence time of maximum PA and PF in the observation (a and d) and the WRF
experiments (GZ9: b and c; CP3: e and f)
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Figure 11

11-year averaged regional mean diurnal cycle of precipitation amount (PA) and precipitation intensity (PI)
over the whole TP (a and b) and four sub-regions shown in Fig. 1: TP-NW (c and d), TP-SW (e and f), TP-
NE (g and h) and TP-SE (i and j)
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Figure 12

11-year averaged radiative energy, non-radiative energy and the energy balance at 14:00 LST for GZ9 (a, d
and g), CP3 (b, e and h), and the difference between CP3 and GZ9 (c, f and i). In the �rst row, received
radiative energy (SW↓-SW↑+LW↓) is represented with positive values. In the second row, non-radiative
energy loss (SH+LH+GHF) is represented with positive values. In the third row, net energy obtained (SW↓-
SW↑+LW↓-SH-LH-GHF) is represented with positive values
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Figure 13

Same as Figure 12, but at 02:00 LST
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Figure 14

11-year averaged cloud fraction at 500hPa at 14:00 LST and 02:00 LST for GZ9 (a, d), CP3 (b, e), and the
difference between CP3 and GZ9 (c, f)
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Figure 15

11-year averaged water vapor mixing ratio at 500hPa in GZ9 (a), CP3 (b) and the difference between
them (c)


