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Abstract This report summarizes the preliminary analysis of the PRECIS 2.0 simulation results, with an
emphasis on the priority concerns of Shanghai municipal government and other local governments in the
Yangtze River Delta (YRD) Region, and research gaps in the literature. This study employs two regional
climate models (RCMs) that are the Providing REgional Climate Impacts for Studies (PRECIS) and Weather
Research and Forecasting (WRF), being driven by HadGEM2‐ES and IPSL‐CM5A, two global circulation
models (GCMs) from the Coupled Model Intercomparison Project Phase 5 (CMIP5), to investigate the
impact of global warming on the characteristics of mean and extreme precipitation over Eastern China. The
capacity of two RCMs and its driving GCMs in reproducing the historical climate during the baseline period
(1981–2000) are first evaluated, and then the projections of mean and extreme precipitation over future
warming climate period (2041–2060) under the scenarios of the Representative Concentration Pathways
(RCPs) 4.5 and 8.5 are carried out. Our analysis shows that with the improved resolution and better
representation of finer‐scale physical processes, WRF and PRECIS downscaling displays obvious advantages
over their driving GCMs (IPSL and HadGEM, respectively) in the validation runs. In particular, the two
RCMs are able to capture the observed features of spatial distributions of extreme precipitation indices
including V95p, R95t, and SDII. The future projections indicate that increased radiative forcing from RCP4.5
to RCP8.5 emission scenarios would add further strength to the daily precipitation intensity by 2041–2060.

1. Introduction

Climate extremes studies have drawn increasing concerns in recent years owing to the server impacts of
extreme climate events on social stability, economic activities, lives, property, and natural ecosystems
(Easterling et al., 2000; Ghosh et al., 2019; IPCC, 2012; Liu et al., 2012; Moore et al., 2015; Shivam et al., 2017;
Wang et al., 2012; Wu et al., 2019; Zhai et al., 2005). Precipitation extremes that caused natural hazards, such
as floods and droughts, are expected to occur more frequently with increasing intensity in the warming
world, leading to more server damage to infrastructure and ecology, life, and agriculture if effective mitiga-
tion measures are absent (Fu et al., 2010; Liang et al., 2019; Marengo et al., 2011; Penalba & Robledo, 2010;
Zhang et al., 2010). Numerous studies have focused on the trends in extreme precipitation events in China
based on observed daily precipitation and indicated the increasing trends in frequency and intensity (Duan
et al., 2019; Ge et al., 2019; Gemmer et al., 2011; Ma et al., 2015; Sun & Ao, 2013; Yang et al., 2010; You
et al., 2011). In addition, the damages caused by extreme precipitation events are regional and/or local. It
has become a high priority for climate services to detect the significant changes in the frequency and inten-
sity of extreme precipitation using historical data records and also to produce the reliable future projections
of extreme precipitation indicators and thresholds on regional and local scales based on climate models.

Coupled global circulation models (GCMs) forced by the climate scenarios of the Representative
Concentration Pathways (RCPs) within the CMIP5 (Coupled Model Intercomparison Project Phase 5) are
the state‐of‐the‐art GCMs and the useful tools for estimating trends and variabilities of future climate and
extremes, and for evaluating future climate change under various RCP scenarios. Based on the results of
CMIP5‐GCMs simulations, several studies have presented the changes in extreme precipitation events over
different regions under different RCP scenarios (Chen, 2013; Chen et al., 2015; Jiang et al., 2015;
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Li et al., 2016; Sillmann, Kharin, Zhang, et al., 2013; Sillmann,
Kharin, Zwiers, et al., 2013; Xu et al., 2019; Zhu et al., 2018).
However, GCMs have difficulties in resolving mesoscale or regional
scale climate features for their relatively coarse spatial resolution,
particularly in projecting the precipitation extremes. And most of
GCMs typically overestimate annual and summer precipitation in
most areas of China (Bao & Feng, 2016; Chen & Frauenfeld, 2014;
Wang et al., 2012).

Dynamic downscaling based on regional climate models (RCMs),
which have high spatial resolution, finer surface parameters, and
more complicated parameterization schemes, are widely adopted to
study regional and local climate and extreme events (Bao et al., 2015;
Bürger et al., 2013; Gao et al., 2012; Knutson et al., 2013; Pielke &
Wilby, 2012; Singh et al., 2013; Tang et al., 2016; Yu et al., 2019;
Zhai et al., 2005; Zou & Zhou et al., 2018; Zhou, 2013). Dynamic
downscaling is of great predominance compared to GCM simulations
in mean climate and extreme climate event and performs better over
East Asia (Gao et al., 2002, 2008, 2012; Hui et al., 2018a; Lee
et al., 2014; Park et al., 2016; Wang et al., 2012; Yu et al., 2014). Qin
and Xie (2016) examined the frequency and intensity of precipitation
extremes in China using RegCM4 forced by GCM GFDL_ESM2M,
and their simulations were conducted under themiddle emission sce-
nario RCP4.5. It turned out that RegCM4 generally performed better
in most river basins of China compared to GFDL in historical period,
and relative to the historical period, more precipitation extremes will

occur especially in Southeast China. Wang et al. (2012) reviewed recent studies of climate extremes with a
focus on climatological features, variabilities, and trends in China based on observational data and simula-
tions of global climate model and RCM. They pointed out that RCMs with higher resolutions often show pre-
dominance compared to GCM simulations and could improve the performance of simulations of
precipitation extremes over China. Yu et al. (2014) described a dynamical downscaling simulation over
China by nesting WRF into the Community Atmosphere Model (CAM) of the National Center for
Atmospheric Research (NCAR). The results showed that dynamical downscaling is of great value in improv-
ing the model simulation of regional climatic characteristics.

In this study, we mainly focus on the following two areas. First, we evaluate the capability of four climate
models in simulating mean and extreme precipitation for the reference period from 1981 to 2000 over
Eastern China (the area in the east of the 107°E) and four subregions of Eastern China (Figure 1). The
two RCMs we select are the Weather Research and Forecasting (WRF) model and Providing regional
Climates for Impact Studies (PRECIS2.0) model, which are forced by the GCM IPSL‐CM5A‐LR and
HadGEM2‐ES, respectively. Second, we investigate the changes in precipitation extremes in future based
on these four climate models for the period 2041–2060 under the RCP4.5 and RCP8.5 scenarios.

2. Data and Methods

The Eastern China region from 107°E to the eastern coast lines is divided into four subregions (Figure 1).
The observation data used for model validation and reference are from the CN05.1 gridded data set (Wu
& Gao, 2013). The data set is based on observation data from 2,416 meteorological stations in China with
a horizontal resolution of 0.25° × 0.25° (longitude × latitude). The data set includes daily precipitation, daily
average surface temperature, maximum temperature, minimum temperature, evaporation, average wind
speed, relative humidity, and other meteorological variables from 1961 to 2012. At present, this data set is
widely used in climatemodel validations (Gao et al., 2013; Hui et al., 2018a; Yu et al., 2014; Zhou et al., 2014).

In this study, IPSL‐CM5A‐LR and HadGEM2‐ES models are adopted as initial and boundary conditions for
WRF and PRECIS, respectively. The WRF model is a state‐of‐the‐art mesoscale numerical weather predic-
tion system designed to serve both operational forecasting and atmospheric research needs. PRECIS is a

Figure 1. Study domain and four subregions in Eastern China: Northeast China
(NEC, 114–132°E, 42–53°N); North China (NC, 107–122°E, 34°–42°N);
Yangtze and Huai‐He River Basin (YRB, 107–122°E, 27–34°N) and South China
(SC, 107–122°E, 18–27°N).
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regional climate modeling system developed at the Met Office Hadley Centre, UK, and has been widely
applied in regional simulations (Feng et al., 2012; Wang et al., 2014, 2015). Two RCMs are run over East
Asia with all of China included, with a same horizontal resolution of 50 km. WRF takes 102 (latitude) × 116
(longitude) grid points, while PRECIS2.0 takes 183 (latitude) × 219 (longitude) grid points. RCMs are inte-
grated for 20 years both in the reference period from 1981 to 2000 and the future period from 2041 to 2060
under both the middle‐ and high‐emission scenarios RCP4.5 and RCP8.5.

The precipitation extreme indices used in this study are adopted from ETCCDI (Expert Team on Climate
Change Detection and Indices, http://cccma.seos.uvic.ca/ETCCDI). These indices have been widely used
in characterizing precipitation extremes (Li et al., 2018; Qin & Xie, 2016; Sillmann, Kharin, Zhang,
et al., 2013; Sillmann, Kharin, Zwiers, et al., 2013; You et al., 2011). We employ a set of five precipitation
indices from ETCCDI, and other four custom indices including the number of wet days, V95p, R95d, and
R95t (Table 1). These indices are calculated in each station and model's grid, and then the results of these
indices are interpolated to a common 0.5° × 0.5° grid using a bilinear interpolation scheme.

3. Model Evaluation

In this section, we quantitatively evaluate the performance of individual climate models based on observa-
tions over Eastern China.

First, we examine the ability of the four climate models in reproducing the spatial distribution of extreme
indices over Eastern China. Figures 2 and 3 exhibit the relative errors of four models for eight indices
(PRCPTOT, wet days, R10mm, SDII, V95p, R95t, Rx5day, and CDD) in the period of 1981–2000. Results
reveal that the spatial patterns of model biases vary substantially. For PRCPTOT, the annual average of
observation (Figure 2a) shows that PRCPTOT increasing from the north to the south. IPSL‐CM5A
(Figure 2b) model exhibits underestimation in the south and overestimation in the north of Eastern
China. The maximum relative error is more than 50% and mainly distribute in NEC subregion. Compared
with IPSL‐CM5A, WRF (Figure 2c) has weaken the biases obviously in the corresponding subregions, espe-
cially in NEC and SC subregions. Compare to IPSL‐CM5A, HadGEM (Figure 2d) performs better in
PRCPTOT with lower overestimation biases in the most area, especially in NEC, NC, and YRB subregions.
However, the result of PRECIS2.0 simulation (Figure 2e) does not show evident improvements in compar-
ison to that of HadGEM.

The IPSL model underestimates the annual precipitation in the middle and lower reaches of the Yangtze
River Basin and the south area of the basin, and such biases are significantly reduced in WRF downscaling
simulations. It may be attributed to a better representation of low‐level water vapor flux and vorticity in
WRF. In NE, the GCMs and RCMs all overestimate the precipitation because of the positive bias of
low‐level potential vorticity in RCMs and their forcing GCMs. Due to the larger overestimation of IPSL‐
CM5A, the improvements of the WRF over IPSL‐CM5A are larger than that of PRECIS over HadGEM.

Obviously, the number of wet days is generally overestimated by eachmodel. Figures 2g and 2i show that the
overestimations of both GCMs are large, exceeding 60% in most area of Eastern China. Both RCMs

Table 1
Information of the Climate Extreme Indices Analyzed in the Present Analysis

Index Descriptive name Definition Units

PRCPTOT Wet day precipitation Annual total PRCP in wet days (RR > 1 mm) mm
Wet days Number of wet days Annual total number of days when RR ≥ 1.0 mm days
R10mm Number of days with RR ≥ 10.0 mm Annual total number of days with RR ≥ 10.0 mm days
SDII Simple daily intensity index The total rainfall divided by the number of wet days in the year mm day−1

V95p Extreme precipitation value Value when RR > 95th percentile mm
R95d Days of Extreme precipitation Annual total number of days when RR ≥ V95p days
R95t Heavy precipitation fraction Fraction of annual total precipitation events exceeding the 1981–2000 95th percentile %
Rx5day Maximum precipitation on 5 consecutive days Maximum amount of precipitation on five consecutive days in a year mm
CDD Consecutive dry days Maximum number of consecutive days without precipitation in the year days

Notes: RR means daily precipitation.
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(Figures 2h and 2j) show an improvement in simulation results by different extents and WRF performs bet-
ter than PRECIS2.0. Figure 2h shows that WRF reduces the relative error in most area of the study region
with the biases being reduced to less than 10% in SC and YRB subregions. PRECIS2.0 (Figure 2j) also abates
the biases across almost all Eastern China, and the area with less than 10% biases main located in Jiangsu,
Anhui, Shanghai, and Zhejiang province. Please note that the overestimation of the annual number of wet

Figure 2. The spatial distribution of the annual average of observations and the relative bias ratio (%) of each model's simulation with reference to the
observations for indices of PRCPTOT (a–e), number of wet days (f–j), R10mm (k–o), and SDII (p–t) over eastern China in 1981–2000.
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days and the underestimation of the averaged daily precipitation intensity (SDII) have also been found with
many other GCMs (e.g., Jiang et al., 2012; Xu et al., 2019). It is mainly due to the relatively lower resolution
and deficiency in convection scheme (Chen & Gao, 2019). By contrast, with the higher resolution and much
better representation of convection, most RCMs show significant improvements over their forcing GCMs in

Figure 3. The spatial distribution of the annual average of observations and the relative bias ratio (%) of each model's simulation with reference to the
observations for indices of V95p (a–e), R95t (f–j), Rx5day (k–o), and CDD (p–t).
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simulating annual rainfall frequency and averaged daily precipitation intensity (Bao et al., 2015; Hui
et al., 2018a; Zhu et al., 2018).

For R10mm, observations (Figure 2k) show a similar spatial distribution to that of PRCPTOT. IPSL simula-
tions (Figure 2l) show an overestimation, locating mainly in NC and NEC subregions. WRF downscaling
(Figure 2m) eliminates this overestimation by a certain extent. The PRECIS.0 (Figure 2o), by contrast, shows
no significant improvement relative to HadGEM and the spatial pattern of its relative error is similarly to the
index of PRCPTOT with different intensity.

For indices of SDII and V95p, the spatial distribution patterns of model biases are similar. The simulations of
both GCMs and RCMs show a wide underestimation over Eastern China (Figures 2q–2t and Figures 3b–3e).
WRF and PRECIS2.0 produce an obvious improvement in simulation results compared to IPSL and
HadGEM respectively, and the biases in some subregion are reduced to less than 10%, even though there
exits much underestimation over the study area.

For R95t, IPSL simulation results (Figure 3g) mainly show underestimation over most area of Eastern China,
and the relative error in North China is less than 10%. The WRF simulation (Figure 3h) agrees with the
observations better than IPSL with less than 10% biases over almost the whole area. HadGEM simulation
results for R95t exhibit mixed positive biases and negative biases (Figure 3i), and PRECIS2.0 downscaling
simulation results in less overestimated biases in NEC subregion (Figure 3j).

For Rx5day, IPSL (Figure 3l) produces underestimation in YRB and SC and overestimation in NC and NEC.
The improvement on simulation results ofWRF (Figure 3m) exists in partial area of YBR, reducing the biases
to less than 10%. In SC, WRF simulation produces positive biases, contrary to the negative biases of IPSL, but
with less magnitude. Similar to HadGEM (Figure 3n), PRECIS2.0 (Figure 3o) mainly performs an overesti-
mation for Rx5day in most area and has reduced the biases by a certain extent in partial area of NEC.

For CDD, IPSL (Figure 3q) underestimates it mainly in NEC and NC and overestimates it in SC and YRB.
The improving effect of WRF over IPSL (Figures 3r and 3t) is evident in NEC, although there still exist
underestimated biases. But WRF simulation also shows an increase in the overestimated biases in SC and
YRB compared to its drivingmodel IPSL. Simulation results of HadGEM (Figure 3s) show an extent of biases
within 10% in most area of NEC and underestimating biases in other subregions. Compared to HadGEM,
PRECIS2.0 has better performance in part of the area of SC, YRB, and NC subregions in terms of lessening
the underestimation biases, but deficient performance in NEC subregion in terms of increasing the under-
estimation biases. Because of their improved resolution and better representation of finer‐scale physical pro-
cesses, the two RCMs, that is, WRF and PRECIS downscaling, display obvious advantages over their driving
GCMs (IPSL and HadGEM, respectively). They are able to capture the observed features of spatial distribu-
tions of extreme precipitation indices including V95p, R95t, and SDII and to exhibit higher spatial pattern
correlations with the observations. Besides, the downscaling by RCMs presents more reasonable regional
averages of extreme precipitation indices in most regions.

Of course, the performances of the two RCMs are not perfect, and there are still some biases in comparison
with the observations. Part of the bias comes from the driving GCM, and part comes from the RCM itself. For
example, the two GCMs overestimate the annual precipitation in the NEC region. As a result, the downscal-
ing by the two RCMs also overestimate the annual precipitation over this region while the biases of RCMs
are smaller than that of their forcing GCMs due to the better representation of low‐level potential vorticity
by the RCMs (Hui et al., 2018a). Meanwhile, the IPSL model underestimates the annual precipitation in the
middle and lower reaches of the Yangtze River Basin, and also, in the south of the basin, such biases are sig-
nificantly reduced in WRF downscaling simulations. WRF model even overestimates the annual precipita-
tion in the southeast edge of China due to the positive vorticity anomalies over this region (Hui et al., 2018a).

The Taylor Diagram (Taylor, 2001) is used to summarize how closely the patterns of simulation results
match the observations. The eight Taylor Diagrams in Figure 4 exhibit statistics of the eight extreme preci-
pitation indices over Eastern China simulated by four climate models and verified against observations dur-
ing 1981–2000. The statistics include the root‐mean‐square error (RMSE), the ratio of standardized
deviations (SDs), and correlation coefficient (COR) between the observational pattern and simulated pat-
terns. On the plot, the well simulated pattern with the low RMSE, low SD, and high COR will be closer to
reference point marked “OBS.” It is evident that two RCMs have better performance for PRCPTOT,
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number of wet days, R10mm, SDII, and V95p, in comparison to their driving GCMs in terms of the ratio of
the standard deviation.

The simulated PRCPTOT and R10mm are similar across climate models. Though HadGEM has the highest
COR, WRF has the best simulation capability according to the standard deviation. For R95t and Rx5day,
WRF also has an improvement in the ratio of the standard deviation. In terms of spatial correlations, the per-
formance of HadGEM on all indices is well with the exception of R95t compared to PRECIS2.0. WRF
improves the spatial correlations between simulations and observations for indices PRCPTOT, R10mm,
SDII, V95p, and Rx5day.

Although the RCM's downscaling skill is strongly limited by the skill of its driving GCM (Racherla
et al., 2012), the performance of the two RCMs is dependent on geophysical locations, RCM applied, and
extreme indices (Hui et al., 2018a; Yu et al., 2019). In terms of spatial correlation of whole Eastern China,
WRF shows advantages in the representation of V95p, R95t, and SDII while PRECIS works better for the

Figure 4. Taylor diagram displaying statistics of climatology of extreme precipitation indices over Eastern China simulated by four climate models (as numbered
in the diagrams) and verified against observations during 1981–2000. The ordinate and abscissa are the ratio of the standard deviation of indices simulated
by climate models with reference to observations. The angular axes show spatial correlations between simulations and observations. For the angular axes
located between the two dotted lines, correlations are between 0.6 and 0.9.
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number of wet days and CDD. Meanwhile, WRF and PRECIS have nearly same ability in simulating annual
precipitation amount, R10mm and RX5day.

In order to better grasp the biases of climate models in simulating the extreme precipitation indices, we have
calculated the regional average relative error of the indices in four subregions (Figure 5). Figure 5 shows that
all models present positive biases for the number of wet days except forWRF simulation in YRB and all mod-
els present negative biases for SDII and V95p in all subregions. For PRCPTOT and Rx5day, the four models
generally exhibit overestimation. For CDD, simulations mainly exhibit negative biases, except for that IPSL
andWRF produce positive biases in SC and YRB. PRCPTOT is generally overestimated, whereas R95t is gen-
erally underestimated, except for PRECIS2.0 in NEC and WRF in all four subregions.

Though biases are present in the simulations of the two RCMs, the absolute values of these biases are in gen-
eral smaller than those of the driving GCMs. PRECIS2.0 has reduced the biases for the number of wet days,
R10mm, and R95t in all subregions. WRF shows better performance for PRCPTOT, the number of wet days,
SDII, and V95p. For PRCPTOT and R95t, the biases of both WRF and PRECIS2.0 are within 3% in SC. For
other indices, only in a few subregions the two RCMs have higher biases compared to their driving GCMs.
For example, HadGEM underestimates the CDD in the NEC by a margin of −2.68% on average, by contrast
the corresponding average bias produced by PRECIS2.0 is −25.48%.

In conclusion, although the overestimated biases for PRCPTOT and the number of wet days and the under-
estimated biases for SDII, V95p, and CDD commonly exist in four subregions in the simulations of all four
models, the two RCMs have better performance in general because they reduce the related biases by a mean-
ingful margin in comparison with their driving GCMs. A comparison between WRF and PRECIS indicates
that these two RCMs have different simulated capacities in different subregions. For example, although both
WRF and PRECIS overestimate the annual precipitation (PRCPTOT) in NEC, the extent of overestimation
by WRF is much larger than that by PRECIS. In NC region, PRECIS overestimates PRCPTOT by a moderate
margin of 9.81% on average whereas the corresponding margin for WRF is even smaller, at 3.21%. Overall,
WRF model shows better performance in NC and SC while PRECIS works better in NEC and YRB regions.

The summary validation assessment of the four models in Figure 5 shows a general overestimation of
PRCPTOT and the number of wet days over all subregions. In order to uncover the temporal dynamics of
such annual overestimation, we examine the ability of these four models in reproducing the monthly
dynamics of precipitation and the number of wet days in the supporting information. Figures and discus-
sions in the supporting information show that the four models are able to capture the annual cycle of

Figure 5. Regionally averaged bias of precipitation indices over four subregions simulated by the four climate models
over 1981–2000 (units: %).
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both precipitation and the number of wet days in subregions, especially in NC and NEC, with the two RCMs
performing better than their driving GCMs.

4. Projections of the Extreme Climate Indices for theMiddle of the 21st Century

The above analyses confirm that the four climate models, especially the two RCMs, do have a certain skill to
simulate the key characteristics of observed extreme climate events in Eastern China. This validation sup-
ports our adoption of these four models for projecting extreme climate indices for the 21st century under
selected emission scenarios. In this section we report the simulation results of these four climate models over
the period of 2041–2060, which represents the middle of the 21st century, with reference to the baseline cli-
mate of 1981–2000.

Figures 6 and 7 present an overview of the projected changes of the eight precipitation extreme indices
(PRCPTOT, wet days, R10mm, SDII, R95d, R95t, Rx5day, and CDD) over 2041–2060 under RCP4.5 scenario,
relative to the baseline period of 1981–2000. For IPSL and WRF, large values of increase in PRCPTOT are
shown in YRB, NC, and NEC (Figures 6a and 6b). HadGEM simulations project a general increase of
PRCPTOT over Eastern China (Figure 6c). The PRECIS2.0 simulations project an increase of PRCPTOT
value in YRB, NC, and NEC, while a decrease in SC (Figure 6d). As shown in Figures 6f and 6h, WRF
and PRECIS simulations project a decrease in the number of wet days over SC and YRB. Similar results
can be found in HadGEM simulations (Figure 6g). However, the IPSL simulations mainly present an
increase in most areas (Figure 6e). The spatial patterns of changes in R10mm (Figures 6i–6) are similar to
those of PRCPTOT (Figures 6a–6d), but with different extents of changes. For SDII, the four models all pro-
ject an increase in almost all of study areas. However, in SC, both IPSL and WRF project a decrease by no
more than 10% in most area of the region (Figures 6m and 6n), and in NEC, both HadGEM and PRECIS pro-
ject a decrease by less than 10% (Figures 6m and 6n).

For R95d, WRF projects an increase over Eastern China, with the extent of increase in some areas exceeding
40% (Figure 7b). IPSL projects a greater increase than WRF in YRB, NC, and NEC, with the extent of
increase in some areas exceeding 70% (Figure 7a). HadGEM also projects a larger increase of R95d in SC,
YRB, and NC than PRECIS2.0 does (Figures 7c and 7d).

The spatial patterns of simulated changes in R95t are different across the four models (Figures 7e–7h). An
increase is mainly distributed in NEC by IPSL and mainly distributed in SC and NEC by PRECIS2.0
(Figures 7e and 7h). The extent of increase in many parts of the study area exceeds 80%.

For Rx5day, IPSL and WRF produce similar features (Figures 7i and 7j). They both detect a general increase
in NC and NEC, whereas a decrease in YRB. WRF produces greater increase than IPSL. HadGEM also pro-
jects an increase over most area (Figure 7k), and PRECIS projects mixed increases and decreases over
Eastern China (Figure 7l). A comparison of spatial patterns of changes produced by the samemodel between
R95d and Rx5day suggests that the changes of R95d and Rx5day are consistent. In particular, PRECIS pro-
duces highly similar patterns of changes (Figures 7d versus 7l).

For CDD, HadGEM projects a dominated decrease over themost area of the eastern China (Figure 7o), while
IPSL projects an increase over the most area (Figure 7m). PRECIS2.0 projects increases in SC and decreases
in NC and NEC (Figure 7p).

Figure 8 reports the projected changes of future precipitation under the RCP8.5 scenario from the baseline of
1981–2000 to the climate of 2041–2060. Under the RCP8.5 scenario, all four models project that annual pre-
cipitation over most of Eastern China will increase especially in NC and NEC (Figures 8a–8d). The magni-
tude of increase in northern areas is generally larger than that in the southern. This result is consistent with
the result derived from RegCM4 driven by HadGEM2‐ES that future precipitation will increase in China
with larger increases in north than southern China (Shi et al., 2018). For the number of wet days, all four
models project increases in north regions and decreases over south regions, with moderate margins of
changes projected byWRF and PRECIS (Figures 8e–8h). The spatial distributions of changes in R10mm gen-
erally follow those of PRCPTOT (Figures 8i–8l), but with different magnitude. A general increase in SDII is
projected by all four models except that IPSL and WRF project moderate decreases in and around Hunan
province and in the northern part of NC (Figures 8m–8p). The spatial pattern of SDII projected by
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Figure 6. Changes in the annual mean state of precipitation indices between 2041–2060 and 1981–2000 under RCP4.5
scenario: PRCPTOT (a–d), number of wet days (e–h), R10mm (i–l), and SDII (m–p).
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PRECIS is similar to that in Zhu et al. (2018), which employs the same approach of PRECIS downscaling
HadGEM2‐ES during the 2050s.

Figure 9 presents the projected changes of extreme precipitation indices over Eastern China from the base-
line to the climate of 2041–2060 under the RCP8.5 scenario. Under the RCP8.5 scenario, the four models all
project an increase of R95d in most part of the study area (Figures 9a–9d). WRF and HadGEM project sig-
nificant increase in NC, with the extent exceeding 50%. On the other hand, WRF and PRECIS project a
decrease over some parts of SC. The spatial patterns of changes in R95t generally follow those in R95d if

Figure 7. Changes in the annual mean state of precipitation indices between 2041–2060 and 1981–2000 under RCP4.5
scenario: R95d (a–d), R95t (e–h), Rx5day (i–l), and CDD (m–p).
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Figure 8. Changes in the annual mean state of precipitation indices between 2041–2060 and 1981–2000 under RCP8.5
scenario: PRCPTOT (a–d), number of wet days (e–h), R10mm (i–l), and SDII (m–p).
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produced by the same model (Figures 9e–9h). It is worth noting that the RCMs downscaling generally
produce a stronger magnitude of R95t changes at regional scales compared with the driving GCMs. Bao
et al. (2015) also projected a widespread increase of R95t over China by using WRF to downscale
GFDL‐ESM 2G. Rx5day is projected to increase in general, with the exceptions of slightly decreases in the
southern and northeastern parts of the study region (Figures 9i–9l). The patterns of changes in Rx5day pro-
duced by RCMs are similar to those presented in Hui et al. (2018b), in which the authors use the RegCM4
and WRF to downscale the GCMs of EC‐EARTH and IPSL‐CM5A under the RCP8.5 scenario. For CDD

Figure 9. Changes in the annual mean state of precipitation indices between 2041–2060 and 1981–2000 under RCP8.5
scenario: R95d (a–d), R95t (e–h), Rx5day (i–l), and CDD (m–p).
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(Figures 9m–9p), all four models project decreases in north regions especially NEC, and threemodels (except
HadGEM) project increases over south regions, with WRF and PRECIS showing weak changes in the
southern areas.

Figure 10 summarizes the regional statistics for projected changes relative to the baseline period in indices of
precipitation under RCP4.5 and RCP8.5 scenarios. Most markers in the figure are above the 0 line except the
number of wet days over SC and YRB, and CDD over NC and NEC. This means a general increase in preci-
pitation amount and intensity over Eastern China under both emission scenarios. A widespread increase of
SDII is also reported in Zhu et al. (2018), which employed PRECIS to downscale HadGEM2‐ES under the
same RCP scenario. Results of R95t have the similar spatial distributions with R95d, but the decrease occurs
more under RCP4.5. All models simulate positive changes of Rx5day in most subregions, and the magni-
tudes of average changes under RCP4.5 are generally lower than that under RCP8.5 (Figure 10g). As for
the number of wet days and CDD, markers in Figures 10b and 10h suggest that the south subregions are very
likely to have more dry days while NC and NEC are going to have more precipitation in 2041–2060.

5. Conclusion

In this study, we employ PRECIS andWRF, which are arguably two most influential RCMs, being driven by
HadGEM2‐ES and IPSL‐CM5A, which are two GCMs from the Coupled Model Intercomparison Project
Phase 5 (CMIP5), to investigate the impact of global warming on the characteristics of mean and extreme
precipitations over Eastern China. We first evaluate the capacity of PRECIS andWRF as well as their driving
GCMs in reproducing the historical climate of 1981–2000 and then use these four models to project mean
and extreme precipitation over future warming climate of 2041–2060 under RCP4.5 and RCP8.5 scenarios.

Figure 10. Projected changes (%) of precipitation indices averaged over subregions between 2041–2060 and 1981–2000
under RCP4.5 and RCP8.5 scenarios.
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Because of their improved resolution and better representation of finer‐scale physical processes, WRF and
PRECIS downscaling displays obvious advantages over their driving GCMs (IPSL and HadGEM, respec-
tively) in the validation runs. For the mean climates, both RCMs are able to exhibit better annual precipita-
tion measurements in terms of high correlations to observations, when downscaling IPSL‐CM5A and
HadGEM2‐ES. Similar to other studies employing RCMs, the two RCMs show significant improvements
over their forcing GCMs in terms of annual rainfall frequency and daily rainfall intensity of extreme rainfall
events (Bao et al., 2015; Hui et al., 2018a; Zhu et al., 2018). Moreover, the two RCMs are able to capture the
observed features of spatial distributions of extreme precipitation indices including V95p, R95t, and SDII,
exhibiting higher spatial pattern correlations with observations than those of their driving GCMs. The two
RCMs also produce more reasonable regional averages of extreme precipitation indices in most regions than
their driving GCMs. Analysis in the supporting information further shows that PRECIS andWRF are able to
better capture the temporal patterns of precipitation.

Under RCP4.5 and RCP8.5 scenarios, all four models project increasing annual precipitation over NEC, NC,
and YRB regions. The four models also project that the daily precipitation intensity will increase over all the
subregions of Eastern China. The results suggest that increased radiative forcing from RCP4.5 to RCP8.5
emission scenarios would add further strength to the daily precipitation intensity by 2041–2060. The projec-
tions indicate an increase in the values of extreme precipitation indices (SDII, R95d, and Rx5day) as well as
in dry extreme index (CDD) over YRB and SC regions, meaning that these two regions will face the challenge
of increasing floods and droughts in the future warming climate.

Owing to the ability of RCMs in representing finer‐scale physical processes, PRECIS and WRF downscaling
adds value in terms of present‐day precipitation simulations with improved resolution and is able to produce
more reliable projection results at the regional scale. However, it should be noted that large uncertainties
still exist in future projections. First, PRECIS and WRF are driven by HadGEM and IPSL, respectively. To
thoroughly attribute the difference of projections to the RCM itself or its driving GCM, the simulation of
WRF or PRECIS driven by another GCM is needed, for example, PRECIS driven by IPSL‐CM5A and WRF
driven by HadGEM2‐ES. Furthermore, multiple RCMs driven by multiple GCMs are needed so that projec-
tion uncertainty can be more comprehensively addressed. Second, a continuous run over the whole 21st cen-
tury is need to fully cover the decadal variability. Third, the coupling of regional atmosphere model with an
ocean model is needed to resolve the air‐sea coupling process (Cabos et al., 2020). Fourth, for regional cli-
mate modeling, extreme climate indices are very sensitive to the choice of physical parameterization
scheme; therefore, multiple physical parameterization scheme ensemble is also needed to fully cover the
future climate change uncertainty.

Data Availability Statement

An archive of all the observed and model data sets used in this paper is presently available at The Open
Science Framework (OSF) website (https://osf.io/74caq/).
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