Responses to the comments from Anonymous Referee #2

We are very grateful to the reviewer for the positive and careful review. The
thoughtful comments have helped improve the manuscript. The reviewer’s comments
are italicized and marked in blue, and our responses immediately follow.

In this revised manuscript, the authors have successfully addressed my major
concerns in my previous review. Most importantly, they are using global temperature
changes instead of local ones. They also included a 3 degree limit additionally to 1.5
and 2. Both of these improvements significantly increase the appeal of the manusript
to a wider readership. The manuscript is overall well written. 1 still find that the
methods, in detail the processing of the input data, is not described enough (see major
comments below). As a result, I still recommend major revisions. However, I believe
that the authors should face no difficulties providing this additional information and
the manuscript can be published subsequently.

Response: Thanks for your careful review and positive comments, and we are glad to
see the revised manuscript has met your major comments and suggestions. We have
now added an appendix to clarify data processing methods. Please see our responses
below for details.

Major comment:

. 117ff: This paragraph describes the processing of the data set. Important details are
not mentioned. Questions that need to be answered are:

1.) How are CMIPS5 data and observations interpolated?
2.) How was the correction method by Li et al. modified?

3.) How was daily precipitation and temperature disaggregated to 6-hourly resolution
using CRUNCEP data?

4.) It should be mentioned clearly that only precipitation and temperature have been
used from the CMIP5 models.

5.) What does it mean that other variables have been taken from CRUNCEP? Have
these been resampled somehow? Have climatological values been used?

The last question regarding direct use of CRUNCEP data is critical because it is not
clear whether physical consistency among forcing variables is maintained. For
example, is shortwave radiation influenced by precipitation? Please comment. Please
also mention this as a limitation of the study that it is unclear how the climate change
signal by GCMs might be affected by using CRUNCEP data for a majority of forcing
variables.

These details can be provided in an appendix.

Response: Thanks for the comments and suggestions. We have now added an
Appendix Section for these details as follows:



“Appendix: Details of Processing Climate Forcings

The land surface hydrological model CLM-GBHM requires a list of input climate
forcings, i.e. precipitation, near surface air temperature, incident solar radiation, air
pressure, specific humidity and wind speed. These variables were generated from
three datasets in this study: CMIP5 daily simulations during both historical
(1961-2005) and future (2006-2099) periods, CRUNCEP 6-hourly dataset during
1959-2005, and China Meteorological Administration (CMA) daily station
observations during 1961-2005. All datasets were firstly regridded to the same
resolution (0.01 degree) by using bilinear interpolation method for further processing.

After spatial interpolation, daily precipitation and temperature from CMIPS
simulations were adjusted to remove their monthly biases compared to CMA
observations, by applying a correction method to each model at each grid cell
separately. This method modified the widely used quantile-mapping method (CDFm)
and processed historical and future timeseries in different ways. For historical period,
bias-corrected monthly variable x (i.e., precipitation or temperature) was calculated
based on CDFm:

-1
xsim,his,correcte’d = F:)bs,his (F;'im,his (xsim,his,biased )) ’ (Al )

where F' is cumulative distribution function of variable x, subscripts sim, obs, his,
biased, corrected represent simulated value, observed value, historical period, value
with bias and value after bias correction at monthly scale, respectively. The basic
assumption of CDFm is that the climate distribution does not change much over time,
however, this is invalid considering intense global warming in the future. Therefore,
an equidistant CDF matching method (EDCDFm; Li et al., 2010) was applied for
future projections, which assumes that the difference between simulated and observed
values remains the same over time:
xsim , fut ,corrected =

(A2)

-1 -1 !
xsim,ﬁxt,biased + F:;bs,his (F.'s'im,ﬁtt ('xsim,ﬁn,biased )) - F‘sim,his (F_‘Yim,ﬁlt (xsim,fut,biased ))

where subscript fut represents future period. After bias correction at monthly scale,
new daily precipitation (temperature) series were generated based on the ratio
(difference) between the new and old CMIP5 simulated monthly means:

})d,correcte'd = (})m,curre'cted / Pm,biased) : })d,biased ' (A3)
Td,cnrrected = (Tm,corrected - Tm‘biased) + Td,biaxed ’ (A4)

where P and T represent precipitation and temperature, subscripts d and m represent
daily value and corresponding monthly mean, respectively.

In order to temporally disaggregate daily temperature and precipitation to a 6-hours
interval during both historical and future periods, the diurnal cycle information from
CRUNCERP dataset was introduced. By looping the CRUNCEP data during 1959-2005
(47 years) twice, we could also generate “future data” (2006-2099, 94 years). By



using the same disaggregation method that downscales variables from monthly to
daily, temporal downscaling from daily to 6-hourly scales was achieved:

P6h,corrected = (Pd,cnrrected / Pd,CRUNCEP) : Pﬁh,CRUNCEP ’ (AS)
T’Gh,currected = (T:cl,carrected - T:I,CRUNCEP) + T’Gh,CRUNCEP ' (A6)

where subscript 64 represents 6-hourly values. It should be mentioned that only
precipitation and temperature have been used from CMIP5 models, with other climate
forcing variables (i.e., incident solar radiation, air pressure, specific humidity and
wind speed series) directly taken from CRUNCEP dataset. Whether physical
consistency among all climate forcing variables was maintained or not by simply
introducing CRUNCEP dataset was not considered in this study, and it is unclear how
the climate change signals by GCMs might be affected by using CRUNCEP data for a
majority of forcing variables. Although resampling methods (e.g., Schaake Shuffle)
that are widely used in temporal downscaling for seasonal forecasting might result in
more  consistent forcing variables, whether such consistency (e.g.,
temperature-humidity relationship) holds for future projection given the changing
climate is unknown. More sophisticated downscaling techniques (either statistical or
dynamical) are needed for further studies.” (L417-464)

I 342ff: In this paragraph, please do not refer to warming levels because those
conflict with the RCP scenarios. For example, warming levels are reached at different
RCP scenarios at different points in time. A statement such as that (I. 344ff: "RCPs
scenario uncertainty accounts for 14.3% of temperature uncertainty at 1.5 °C
warming level with this proportion increasing to 33% (63.7%) at 2 °C (3 °C) warming
level, while its contribution to precipitation uncertainty remains less than 10%.")
makes no sense because some RCP scenarios will not reach 3 degrees. Please also
remove the dashed lines indicating when the ensemble reaches a warming level from
Fig. 8.

Response to R2C2: Thanks for your advice. We have removed the words referring to
warming levels in this paragraph, the dashed lines in Figure 8, as well as Table 4.

Minor comments:

. 342: "Model accounts..." . Please be more specific here and write "GCM and land
surface hydrological model ..."

Response to R2C3: Thanks for the comment and we have revised it as suggested.
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Abstract

Assessment of changes in hydrological droughts at specific warming levels is
important for an adaptive water resources management with consideration of the 2015
Paris Agreement. However, most studies focused on the response of drought
frequency to the warming and neglected other drought characteristics including
severity. By using a semiarid watershed in northern China (i.e., Wudinghe) as an
example, here we show less frequent but more severe hydrological drought events
emerge at 1.5, 2 and 3 °C warming levels. We used meteorological forcings from eight
Coupled Model Intercomparison Project Phase 5 climate models under four
representative concentration pathways, to drive a newly developed land surface
hydrological model to simulate streamflow, and analyzed historical and future
hydrological drought characteristics based on the Standardized Streamflow Index. The
Wudinghe watershed will reach the 1.5/2/3 °C warming level around
2015-2034/2032-2051/2060-2079, with an increase of precipitation by 8%/9%/18%
and runoff by 27%/19%/44%, and a drop of hydrological drought frequency by
11%/26%/23% as compared to the baseline period (1986-2005). However, the drought
severity will rise dramatically by 184%/116%/184%, which is mainly caused by the
increased variability of precipitation and evapotranspiration. The climate models and
the land surface hydrological model contribute to more than 80% of total uncertainties
in the future projection of precipitation and hydrological droughts. This study
suggests that different aspects of hydrological droughts should be carefully

investigated when assessing the impact of 1.5, 2 and 3 °C global warming.
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1. Introduction

Global warming has affected both natural and artificial systems across continents,
bringing a lot of eco-hydrological crises to many countries (Gitay et al., 2002; Tirado
et al., 2010; Thornton et al., 2014). The Intergovernmental Panel on Climate Change
(IPCC) Fifth Assessment Report (ARS) concluded that global average surface air
temperature increased by 0.61°C in 1986-2005 compared to pre-industrial periods
(IPCC, 2014a). In order to mitigate global warming, the Conference of the Parties of
the United Nations Framework Convention on Climate Change (UNFCCC)
emphasized in the Paris Agreement that the increase in global average temperature
should be controlled within 2 °C above preindustrial levels, and further efforts should
be made to limit it below 1.5 °C. However, whether the temperature controlling goal
can be reached is still unknown, with much difficulty under current emission
conditions (Peters et al., 2012). In addition, specific warming level such as 2 °C
increase would be too high for many regions and countries (James et al., 2017; Rogelj
et al., 2015). Therefore, it is necessary to assess changes in regional hydrological
cycle and extremes under 1.5, 2 and even 3 °C global warming.

Global warming is mainly caused by greenhouse gases emissions and has a profound
influence on hydrosphere and ecosphere (Barnett et al., 2005; Vorosmarty et al., 2000).
It alters hydrological cycle both directly (e.g., influences precipitation and
evapotranspiration) and indirectly (e.g., influences plant growth and related
hydrological processes) at global (Zhu et al., 2016; McVicar et al., 2012) and local

scales (Tang et al., 2013; Zheng et al., 2009; Zhang et al., 2008). Besides affecting the

7



62

63

64

65

66

67

68

69

70

71

72

73

74

75

76

77

78

79

80

81

82

83

mean states of the hydrological conditions, global warming also intensifies
hydrological extremes significantly, such as droughts which were regarded as
naturally occurring events when water (precipitation, or streamflow, etc.) is
significantly below normal over a period of time (Van Loon et al., 2016; Dai, 2011).
Among different types of droughts, hydrological droughts focus on the decrease in the
availability of water resources, e.g., surface and/or ground water (Lorenzo-Lacruz et
al., 2013). Many researchers paid attention to the historical changes, future evolutions
and uncertainties, and causing factors for hydrological droughts (Chang et al., 2016;
Kormos et al., 2016; Orlowsky and Seneviratne, 2013; Parajka et al., 2016; Perez et
al., 2011; Prudhomme et al., 2014; Van Loon and Laaha, 2015; Wanders and Wada,
2015; Yuan et al., 2017). Most drought projection studies focused on the future
changes over a fixed time period (e.g., late 21* century), but recent studies pointed out
the importance on hydrological drought evolution at certain warming levels (Roudier
et al., 2016; Marx et al., 2018) given the aim of the Paris Agreement. Moreover, the
changes in characteristics (e.g., frequency, duration, severity) of hydrological drought
events at specific warming levels received less attention. The projection of these
drought characteristics could provide more relevant guidelines for policymakers on
implementing adaptation strategies.

In the past five decades, a significant decrease in channel discharge was observed in
the middle reaches of the Yellow River basin over northern China (Yuan et al., 2018;
Zhao et al., 2014), leading to an intensified water resources scarcity in this populated

area. In this study, we take a semiarid watershed, the Wudinghe in the middle reaches
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of the Yellow River basin as a testbed, aiming at solving the following questions: (1)
How do hydrological drought characteristics change at different warming levels over
the Wudinghe watershed? (2) What are the causes for the hydrological drought change?
(3) What are the contributions of uncertainties from different sources (e.g., climate
and land surface hydrological models, representative concentration pathways (RCPs)
scenarios, and internal variability)?

2. Study area and dataset

In this study, the Wudinghe watershed was chosen for hydrological drought analysis.
As one of the largest sub-basins of the Yellow River basin, the Wudinghe watershed is
located in the Loess Plateau, and has a drainage area of 30261 km? with Baijiachuan
hydrological station as the watershed outlet (Figure 1). It has a semiarid climate with
long-term (1956-2010) annual mean precipitation of 356 mm and runoff of 39 mm,
resulting in a runoff coefficient of 0.11 (Jiao et al., 2017). Most of the rainfall events
are concentrated in summer (June to September) with a large possibility of heavy
rains (Mo et al., 2009). Located in the transition zone between cropland/grassland and
desert/shrub, the northwest part of the Wudinghe watershed is dominated by sandy
soil, while the major soil type for the southeast part is loess soil. During recent
decades, the Wudinghe watershed has experienced a significant streamflow decrease
(Yuan et al., 2018; Zhao et al., 2014) and suffered from serious water resource
scarcity because of climate change, vegetation degradation and human water
consumption (Xiao, 2014; Xu, 2011).

<Figure 1 here>
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The Coupled Model Intercomparison Project Phase 5 (CMIP5) general circulation
model (GCM) simulations for historical experiments and future projections formed
the science basis for the [IPCC ARS reports (IPCC, 2014b; Taylor et al., 2012). In this
study, we chose eight CMIP5 GCMs for historical (1961-2005) and future (2006-2099)
drought analysis, as they provided daily simulations under all four RCP scenarios (i.e.
RCP2.6/4.5/6.0/8.5). Table 1 listed the details of GCMs used in this paper. Because of
the deficiency in GCM precipitation and runoff simulations, we used the corrected
meteorological forcing data from CMIPS climate models, to drive a high resolution
land surface hydrological model to simulate runoff and streamflow—(see—Seetion—3-+
Pomdetail,

<Table 1 here>

All CMIP5 simulations were bias corrected before being used as land surface model
input. After interpolating CMIP5 simulations and China Meteorological
Administration (CMA) station observations to the same resolution (0.01 degree in this
study), a modified correction method (Li et al., 2010) based on widely-used quantile
mapping (Wood et al., 2002; Yuan et al., 2015) was applied to adjust CMIP5/ALL
historical simulations and CMIP5/RCPs future simulations for each model at each
grid cell separately. The bias-corrected daily precipitation and temperature were then
further temporally disaggregated to a 6-hours interval based on the diurnal cycle
information from CRUNCEP 6-hourly dataset

(https://svn-ccsm-inputdata.cgd.ucar.edu/trunk/inputdata/atm/datm7/). Other 6-hourly

meteorological forcings, i.e., incident solar radiation, air pressure, specific humidity
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and wind speed, were directly taken from CRUNCEP dataset._Please see Appendix

Section for details.

3. Land Surface Hydrological Model and Methods

3.1. Introduction of the CLM-GBHM model

In this study, we chose a newly developed land surface hydrological model,
CLM-GBHM, to simulate historical and future streamflow. This model was first
developed and applied in the Wudinghe watershed at 0.01 degree (Jiao et al., 2017)
and then the Yellow River basin at 0.05 degree resolution (Sheng et al., 2017). By
improving surface runoff generation, subsurface runoff scheme, river network-based
representation and 1-D kinematic wave river routing processes, CLM-GBHM showed
good performances in simulating streamflow, soil moisture content and water table
depth (Sheng et al, 2017). Figure 2 demonstrated the structure and main
eco-hydrological processes of CLM-GBHM. Model resolution, surface datasets,
initial conditions and model parameters were kept consistent with Jiao et al. (2017),
except that monthly LAI in 1982 was used for all simulations because of an unknown
vegetation condition in the future.

<Figure 2 here>

3.2. Determination of years reaching specific warming levels

IPCC ARS (IPCC, 2014a) reported that global average surface air temperature change
between pre-industrial period (1850-1900) and reference period (1986-2005) is 0.61
(0.55 to 0.67) °C. Therefore, we took 1986-2005 as the baseline period. Monthly

standardized streamflow index (SSI) simulations from CLM-GBHM were compared
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with the observed records during the baseline period, and the model performed well
with a correlative coefficient of 0.53 (p<0.01). Here, “1.5 °C warming level” referred
to a global temperature increase of 0.89 (=1.5-0.61) °C, “2 °C warming level” referred
to an increase of 1.39 (=2-0.61) °C, and “3 °C warming level” referred to an increase
of 2.39 (=3-0.61) °C compared with the baseline, respectively. As large differences
existed in temperature simulations among CMIP5 models and RCP scenarios, we
applied a widely used time sampling method (James et al., 2017; Mohammed et al.,
2017; Marx et al., 2018) to each GCM under each RCP scenario (referred to as
GCM/RCP combination hereafter). A 20-years moving window, which has the same
length of the baseline period, was used to determine the first period reaching a
specific warming level for each combination, with the period median year referred to
as the “crossing year”.

3.3. Identification of hydrological drought characteristics

We used a two-step method similar to previous studies (Lorenzo-Lacruz et al., 2013;
Ma et al., 2015; Yuan et al., 2017) to extract hydrological drought characteristics in
this paper. At the first step, a hydrological drought index named as Standardized
Streamflow Index (SSI) was calculated by fitting monthly streamflow using a
probabilistic distribution function (Vicente-Serrano et al., 2012; Yuan et al., 2017).
Specifically, for each calendar month, streamflow values in that month during
baseline period were collected, arranged, and fitted by using a gamma distribution
function. Using the same parameters of the fitted gamma distribution, both baseline

(1986-2005) and future (2006-2099) streamflow values in that calendar month were
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standardized to get SSI values. The procedure was repeated for twelve calendar
months, four RCP scenarios and eight GCMs separately. The second step was
identification and characterization of hydrological drought events by an SSI threshold
method (Yuan and Wood, 2013; Lorenzo-Lacruz et al., 2013; Van Loon and Laaha,
2015). Here, a threshold of -0.8 was selected, which is equivalent to a dry condition
with a probability of 20%. Months with SSI below -0.8 were treated as dry months,
and 3 or more continuous dry months were considered as the emergence of a
hydrological drought event. To characterize the hydrological drought event, drought
duration (months) and severity (sum of the difference between -0.8 and SSI) for a
certain drought event were calculated. As future SSI values were all calculated based
on historical values, it is important to mention that drought analysis here represented
those without adaptation (Samaniego et al., 2018).

3.4. Uncertainty separation

Given large spreads among future projections (including combinations of eight GCMs
and four RCP scenarios, as shown in shaded areas in Figure 3), a separation method
(Hawkins and Sutton, 2009; Orlowsky and Seneviratne, 2013) was applied to explore
uncertainty from three individual sources, i.e., internal variability, climate models and
RCPs scenarios. In order to separate internal variability from other two factors with
long-term trends, a 4™ order polynomial was selected to fit specific time series: the
fitting was first carried out during baseline period (1986-2005) to obtain an average i,
as a reference value, and then during future period (2006-2099) to obtain a smooth fit

Xmsys Future projections (Xms;) were then separated into three parts: reference value
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(im), smooth fit (xms;) and residual (ems;), and the uncertainties from three sources

were then calculated as follows:

V = Z Vars,t (em,s,l) / Nm (1)
Mt = Z Varm (‘xm,s,t) / Ns (2)
S, =var,(} x,,,/N,) 3)

where V, M; and S represent uncertainties from internal variability (which is
time-invariant), climate models and RCPs scenarios, Ny, and N; are numbers of
climate models and RCPs scenarios, vars; denotes the variance across scenarios and
time, vary and var, are variances across models and scenarios respectively. Finally,
uncertainty contributions from each component were calculated as proportions to the
sum. In this study, we applied this method to the 20-years moving averaged ensemble
time series.

4. Results

4.1. Changes in hydrometeorology in the past and future

We first calculated the trends during both the historical and future periods for
basin-averaged annual mean hydrological variables (Table 2 and Figure 3). During
1961-2005, there was a significant increasing trend (p<0.01) in observed temperature
and a decreasing trend (p<0.1) in observed precipitation, resulted in a decreasing
naturalized streamflow (p<0.01) and an increasing hydrological drought frequency
(p<0.01). Here, the naturalized streamflow was obtained by adding human water use
back to the observed streamflow (Yuan et al., 2017). These historical changes could

be captured by hydro-climate model simulations to some extent, although both the
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warming and drying trends were underestimated (Table 2). Ensemble monthly SSI
series from GCM driven model simulations were also compared with offline results
(CRUNCERP driven) during historical period, resulted in a correlative coefficient of
0.47 (p<0.01). During 2006-2099, four variables show consistent changing trends
across RCPs scenarios, but with different magnitudes (Table 2). Future temperature
and precipitation will increase, resulting in an increasing streamflow and decreasing
hydrological drought frequency. Unlike temperature trends that increase from RCP2.6
to RCP8.5 (which indicates different radiative forcings), precipitation trend under
RCP6.0 is smaller than that under RCP4.5, suggesting a nonlinear response of
regional water cycle to the increase in radiative forcings. As a result, RCP6.0 shows
the smallest increasing rate in streamflow and decreasing rate in drought frequency.
<Table 2 here>

More details could be found in Figure 3 when focusing on dynamic changes in the
history and future. Figure 3a shows that the differences in temperature among RCPs
are negligible until 2030s when RCP8.5 starts to outclass other scenarios, and the
others begin to diverge in the far future (2060s-2080s). In contrast, differences in
future precipitation are small throughout the 21* century, except that RCP8.5 scenario
becomes larger after 2080s (Figure 3b). As comprehensive outcomes of climate and
eco-hydrological factors, a clear decrease-increase pattern in streamflow and an
increase-decrease trend in hydrological drought frequency are found (Figure 3¢ and
3d). However, differences among RCPs are not discernible. Figures 3b-3d also show

that the differences in water-related variables among climate models are very large.
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<Figure 3 here>

Using the time-sampling method mentioned in Section 3.2, first 20-year periods with
mean temperature increasing across 1.5, 2 and 3 °C warming levels for each
GCM/RCP combination were identified and listed in Table 3. To demonstrate the
overall situation for a specific warming level, we chose median year among GCMs as
model ensemble for each RCP scenario, and median year among all GCMs and RCPs
as total ensemble. GCM/RCP combinations not reaching specific warming level were
marked as “NR” in Table 3 and were not considered when calculating ensemble year.
<Table 3 here>

As listed in Table 3, crossing years for most GCM/RCP combinations reaching 1.5 °C
warming level are before 2032 except for GFDL-ESM2M and MRI-CGCM3. Model
ensemble years for different RCP scenarios have small differences, and total ensemble
year for all GCMs and RCPs is 2025, indicating that 1.5 °C warming level would be
reached within 2015-2034. As for 2 and 3 °C warming level, the total ensemble year is
2042 and 2070, respectively. There are large differences in crossing years among
different GCMs, ranging from 2016 to 2075 for 1.5 °C, 2030 to 2076 for 2 °C, and
2051 to 2086 for 3 °C. Generally, three global warming thresholds would be reached
first under RCP8.5 and last under RCP6.0 scenario. All GCMs will not reach 3 °C
warming level under RCP2.6, while under other RCP scenarios this temperature
increase would probably be reached around 2073 or even as early as 2050s.

4.2. Hydrological changes at 1.5, 2 and 3 °C warming levels

After identifying the time periods reaching specific warming levels, we collected
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precipitation and runoff data within these periods (different among GCM/RCP
combinations), and calculated their relative changes compared to the baseline period
(1986-2005). Figure 4 shows the spatial pattern of relative changes in model ensemble
mean precipitation of these time periods, except for the period under RCP2.6 at 3 °C
warming level during which no sample exists. Results indicate that precipitation will
increase at all warming levels and all RCP scenarios, while differences exist in spatial
patterns. The ensemble mean precipitation increases by 8.0%, 9.1% and 18.0% at 1.5,
2 and 3 °C warming levels for all RCP scenarios respectively, indicating larger
increase in precipitation when warming level increases. For each warming level,
precipitation changes among all RCP scenarios are quite close except for RCP6.0 at
3 °C warming level. Larger precipitation increases generally occur in the south and
southwest parts which are upstream regions of the Wudinghe watershed.

<Figure 4 here>

The watershed-mean runoff increases by 26.7%, 18.7% and 44.5% at each warming
level respectively, which are larger than those of precipitation because of nonlinear
hydrological response (Figure 5). For all warming levels, RCP8.5 shows greatest
runoff increase and RCP2.6/6.0 the lowest. Small or negative changes in runoff
emerge in the north and southeast regions under RCP2.6/4.5/6.0 scenarios (Figure 5),
where precipitation increases the least (Figure 4). Besides, runoff changes are also
closely linked to watershed river networks, with large increase in the south and
middle parts (upper and middle reaches) and small increase or even decrease in the

southeast and northeast parts (lower reaches), showing the redistribution effect of
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surface topography and soil property.

<Figure 5 here>

Figure 6 shows the characteristics of hydrological droughts during baseline period and
the periods reaching all warming levels. The number of hydrological drought events
averaged among all RCP scenarios and climate models is 7 in the baseline period, and
it drops to 6.2 (-11% relative to baseline, the same below) at 1.5 °C, 5.2 (-26%) at
2 °C and 5.4 (-23%) at 3 °C warming levels (Figure 6a). However, hydrological
drought duration increases from 5 months at baseline to 6.5 (+30%), 5.9 (+18%) and 6
months (+20%) at 1.5, 2 and 3 °C warming levels, respectively. Drought severity
increases dramatically from 1.9 at baseline to 5.4 (+184%) at 1.5 °C warming level,
and then drops to 4.1 (+116%) at 2 °C warming level and rebounds to 5.4 (+184%) at
3 °C warming level (Figure 6a). These results indicate that although precipitation and
runoff increase, the Wudinghe watershed would suffer from more severe hydrological
events in the near future at 1.5 °C warming level. The severity could be alleviated in
time periods reaching 2 °C warming level, with more precipitation occurring over the
watershed.

<Figure 6 here>

The analysis on individual scenarios suggests a similar conclusion (Figures 6b-6¢).
Drought amount and severity increase generally when radiative forcing increases. The
least changes in drought severity are found under RCP4.5 scenario while the largest
changes are under RCP6.0 scenario. Higher warming levels could lead to more

moderate drought events under low emission scenarios (RCP2.6/4.5) because of more
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precipitation in the near future, while high emissions (RCP6.0/8.5) would increase the
risk of hydrological drought significantly.

5. Discussion

To explore the reason for less frequent but more severe hydrological droughts, we
compared the differences in monthly precipitation, evapotranspiration,
total/surface/sub-surface runoff and streamflow between the baseline period and
periods reaching 1.5, 2 and 3 °C warming levels. Standardized indices for these
hydrological variables were used to remove seasonality from monthly time series, and
mean values and variabilities of these indices were chosen as indicators.

<Figure 7 here>

Figure 7 shows that mean values increase as temperature increases for all standardized
hydrological indices, showing a wetter hydroclimate in the future with more
precipitation, evapotranspiration, runoff and streamflow (Figure 7a). However,
variabilities for the standardized indices in the future are much higher than those
during baseline period, indicating larger fluctuations and higher chance for extreme
droughts/floods at all warming levels (Figure 7b). For extreme drought events (with
an SSI < -1.3, representing a dry condition with a probability of 10%), the ensemble
mean amount of drought events are 4.3, 3.1 and 3.7 at 1.5, 2 and 3 °C warming levels,
which are much larger than the baseline period with 0.9 (not shown). Focusing on the
gaps between baseline and future periods, it is clear that the differences in both
evapotranspiration and runoff are larger than those of precipitation for mean values

and standard deviations, suggesting the water redistribution through complicated
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hydrological processes. The increase in mean value of runoff and consequently
streamflow mainly comes from the increase in subsurface runoff. As hydrological
drought defined in this paper is based on monthly SSI series, increases in both mean
value and variability in precipitation and evapotranspiration indicate a period with
less frequent but more severe hydrological drought events.

Another issue is the reliability of results considering large differences among CMIPS5
models. Figure 8 shows the uncertainty fractions contributed from internal variability,
climate models and RCPs scenarios based on multi-model and multi-scenario
ensemble projections of temperature, precipitation, streamflow and drought frequency.
Uncertainty in temperature projection is mainly contributed by climate models before
2052, and it is then taken over by RCPs scenarios. Internal variability contributes to
less than 1.5% of the uncertainty for the temperature projection (Figure 8a). For
precipitation projection, climate models account for a large proportion of uncertainty
throughout the century. The internal variability contributes to larger uncertainty than
RCPs scenarios until the second half of the 21* century (Figure 8b). Similar to
precipitation, major source of uncertainty for the projections of streamflow and
hydrological drought frequency comes from climate and land surface hydrological
models, while the impacts of both internal variability and RCP scenarios are further
weakened (Figures 8c-8d).

<Figure 8 here>

Generally for all variables except temperature, Medel-GCMs and land surface

hydrological model accounts for over 80% of total uncertainties, while internal
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variability contributes to a comparable or larger proportion than RCPs scenarios;—fer

preeipitation—uneertainty remainstess—than—10%—RCPs scenario only contributes to

around 5% of the uncertainties in the projections of streamflow and hydrological
drought frequency. These results indicate that the improvement in GCM simulated
precipitation would largely narrow the uncertainties for future projections of
hydrological droughts. Besides, previous studies (Marx et al., 2018; Samaniego et al.,
2018) have shown that uncertainties contributed from land surface hydrological
models can be comparable to that from GCMs, indicating the importance of
introducing multiple land surface hydrological models into the analysis of uncertainty,
and the significance of exploring more suitable methods in further studies.
sl lel hepes

There are also some issues for further investigations. As shown in Figure 3, GCM
historical simulations underestimates the increasing trend in temperature and
decreasing trend in precipitation, and results in underestimations of hydrological
drying trends. Although the quantile mapping method used in this study is able to
remove the biases in GCM simulations (e.g., mean value, variance), the
underestimation of trends could not be corrected. An alternative method is to use
regional climate models for dynamical downscaling, which would be useful if

regional forcings (e.g., topography, land use change, aerosol emission) are strong.
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Another issue is about the spatially varied warming rates. [IPCC ARS5 reported (IPCC,
2014c) that global warming for the last 20 years compared to pre-industrial are
0.3-1.7 °C (RCP2.6), 1.1-2.6 °C (RCP4.5), 1.4-3.1 °C (RCP6.0), 2.6-4.8 °C (RCPS8.5).
However, temperature increases vary a lot for different regions. For instance,
temperature rises faster in high-altitude (Kraaijenbrink et al., 2017) and polar regions
(Bromwich et al., 2013), where the rate of regional warming could be three times of
global warming. Actually, reaching periods for regional warming thresholds in the
Wudinghe watershed are earlier than the global ones (not shown here), which suggest
that the regional warming would be more severe at specific global warming levels.

6. Conclusions

In this paper, we bias-corrected future projections of meteorological forcings from
eight CMIP5 GCM simulations under four RCP scenarios to drive a newly developed
land surface hydrological model, CLM-GBHM, to project changes in streamflow and
hydrological drought characteristics over the Wudinghe watershed. After determining
the time periods reaching 1.5, 2 and 3 °C global warming levels for each GCM/RCP
combination, we focused on the changes in regional hydrological drought
characteristics at all warming levels. Moreover, projection uncertainties from different
sources were separated and analyzed. Main conclusions are listed as follows:

(1) With CMIP5 GCM simulations as forcing data, the model ensemble mean hindcast
can reproduce the significant decreasing trend of streamflow and increasing trend of
hydrological drought frequency in historical period (1961-2005), but the drying trend

is underestimated because of GCM uncertainties. Streamflow increases and
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hydrological drought frequency decreases in the future under all RCP scenarios.

(2) The time periods reaching 1.5, 2 and 3 °C warming levels over the Wudinghe
watershed are 2015-2034, 2032-2051 and 2060-2079, respectively. There are large
differences in results among different GCMs, while different RCP scenarios show
consistence in reaching periods with RCP8.5 the earliest and RCP6.0 the latest.

(3) Precipitation increases under all RCP scenarios at all warming levels (8%, 9% and
18%), while differences exist in spatial patterns. Runoff has larger relative change
rates (27%, 19% and 44%), with larger increases of runoff occurred in the upper and
middle reaches and less increases or even decreases emerged in the lower reaches,
indicating a complex spatial distribution in hydrological droughts.

(4) As a result of increasing mean values and variability for precipitation,
evapotranspiration and runoff, hydrological drought frequency drops by 11%-26% at
all warming levels compared to the baseline period, while hydrological drought
severity rises dramatically by 116%-184%. This indicates that the Wudinghe
watershed would suffer more severe hydrological drought events in the future,
especially under RCP6.0 and RCP8.5 scenarios.

(5) The main uncertainty sources vary among hydrological variables. Most
uncertainties are from climate and land surface models, especially for precipitation. At
all warming levels, models contribute to over 80% of total uncertainties, while
internal variability contributes to a comparable proportion of uncertainties to RCPs

scenarios for precipitation, streamflow and hydrological drought frequency.
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424 | The land surface hydrological model CLM-GBHM requires a list of input climate

425 | forcings, i.e. precipitation, near surface air temperature, incident solar radiation, air

426 | pressure, specific humidity and wind speed. These variables were generated from

427 | three datasets in this study: CMIP5 daily simulations during both historical

428 | (1961-2005) and future (2006-2099) periods, CRUNCEP 6-hourly dataset during

429 1959-2005, and China Meteorological Administration (CMA) daily station

430 | observations during 1961-2005. All datasets were firstly regridded to the same

431 resolution (0.01 degree) by using bilinear interpolation method for further processing.

432 | After spatial interpolation, daily precipitation and temperature from CMIP5
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simulations were adjusted to remove their monthly biases compared to CMA

observations, by applying a correction method to each model at each grid cell

separately. This method modified the widely used quantile-mapping method (CDFm)

and processed historical and future timeseries in different ways. For historical period,

C R R

. . : o Wi
bias-corrected monthly variable x (i.e., precipitation or temperature) was calculated /{

based on CDFm:

_ -1
xsim,his,carreuted - F::bs,his (F;im,his (xsim,his,biased )) ! Al !

R i AR

where F is cumulative distribution function of variable x, subscripts sim, obs, his,

it e e R T

it e e R T

with bias and value after bias correction at monthly scale, respectively. The basic kR ik Bk

A
H AR ik iR
Dbiased, corrected represent simulated value, observed value, historical period, value \ﬁ?%ﬁﬁﬁ: YT

R i AR

I U U

assumption of CDFm is that the climate distribution does not change much over time,

however, this is invalid considering intense global warming in the future. Therefore,

an equidistant CDF matching method (EDCDFm: Li et al., 2010) was applied for

future projections, which assumes that the difference between simulated and observed

values remains the same over time:

X, = Wk B 17 6F
sim, fut ,corrected
-1 -1 (A2)
xvim,fut,biaxed + F;bs,hix (F;im,_fut (‘xxim,fut,biaxed )) - F;im,his (F,'rim,fut (‘x’.sim,fut,biaxed ))

. . . . R TR iR
where subscript fut represents future period. After bias correction at monthly scale,

new daily precipitation (temperature) series were generated based on the ratio

(difference) between the new and old CMIP5 simulated monthly means:

Pd,correyted = (Pm,corrected /Pm,biased) : Pd,biased !A3 !
T;j,corrected = (Tm,carrected - Tm,biased) + Yzi,biaxed !A4 !
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A

where P and T represent precipitation and temperature, subscripts ¢ and ju represent 4

daily value and corresponding monthly mean, respectively.

In order to temporally disaggregate daily temperature and precipitation to a 6-hours

interval during both historical and future periods, the diurnal cycle information from

CRUNCERP dataset was introduced. By looping the CRUNCEP data during 1959-2005

(47 years) twice, we could also generate “future data” (2006-2099, 94 years). By

using the same disaggregation method that downscales variables from monthly to

daily, temporal downscaling from daily to 6-hourly scales was achieved:

Pﬁh,corrected = (Pd,carrected / Pd,CRUNCEP) : PGh,CRUNCEP !AS !
Téh,carreuted = (T:i,wrrected - 7:1,CRUNCEP) + Tﬁh,CRUNCEP (A6)

. , /(ﬁmm: Tk
where subscript 64 represents 6-hourly values. It should be mentioned that only

Hrg A :

T

s ik

TR :

T

s A

Hrig R :

T

s ik

A

TR}

precipitation and temperature have been used from CMIP5 models, with other climate

forcing variables (i.e., incident solar radiation, air pressure, specific humidity and

wind speed series) directly taken from CRUNCEP dataset. Whether physical

consistency among all climate forcing variables was maintained or not by simply

introducing CRUNCEP dataset was not considered in this study, and it is unclear how

the climate change signals by GCMs might be affected by using CRUNCEP data for a

majority of forcing variables. Although resampling methods (e.g., Schaake Shuffle)

that are widely used in temporal downscaling for seasonal forecasting might result in

more __ consistent  forcing  variables, whether such  consistency  (e.g.,

temperature-humidity relationship) holds for future projection given the changing

climate is unknown. More sophisticated downscaling techniques (either statistical or
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dynamical) are needed for further studies.
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Figure Captions

Figure 1. Location, elevation and river networks for the Wudinghe watershed.

Figure 2. Structure and main eco-hydrological processes for the land surface
hydrological model CLM-GBHM. (modified from Jiao et al., 2017)

Figure 3. Historical (ALL) and future (RCP2.6/4.5/6.0/8.5) time series of
standardized annual mean (a) temperature, (b) precipitation and (c) streamflow, and (d)
the time series of hydrological drought frequency (drought months for each year) over
the Wudinghe watershed. Shaded areas indicate the ranges between maximum and
minimum values among CMIP5/CLM-GBHM model simulations. ALL represents
historical ~ simulations with both anthropogenic and natural forcings,
RCP2.6/4.5/6.0/8.5 represent four representative concentration pathways from lower
to higher emission scenarios.

Figure 4. Spatial pattern of relative changes in multi-model ensemble mean
precipitation at 1.5, 2 and 3 °C warming levels compared to the baseline period
(1986-2005). The percentages in the upper-right corners of each panel are the
watershed-mean changes for different RCP scenarios, and the percentages in the top
brackets are the mean values from four RCP scenarios.

Figure 5. The same as Figure 4, but for the spatial patterns of runoff changes.

Figure 6. Comparison of the characteristics (amount (number of drought events per
20 years), duration (months) and severity) averaged among climate models and RCP
scenarios for hydrological drought events during the baseline period (1986-2005) and

the periods reaching 1.5, 2 and 3 °C warming levels. Black lines indicate 5%-95%
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confidence intervals.

Figure 7. Comparison of (a) mean values and (b) standard deviations for hydrological
indices averaged among climate models and RCP scenarios during the baseline period
(1986-2005) and the periods reaching 1.5, 2 and 3 °C warming levels. SPI, SEI, SRI,
SSRI, SBI, SSI represent standardized indices of precipitation, evapotranspiration,
runoff, surface runoff, baseflow (subsurface runoff) and streamflow, respectively.
Figure 8. Fractions of uncertainties from internal variability (orange), RCP scenarios
(green) and climate and land surface hydrological models (blue) for the projections of
20-years moving averaged (a) temperature, (b) precipitation (c) streamflow and (d)

hydrological drought frequency.-Fwoe-dashed-tines-indicate-the-multi-model-ensemble

O O, O,

Table Captions

Table 1. CMIP5 model simulations used in this study. ALL represents historical
simulations with both anthropogenic and natural forcings (rlilpl realization),
RCP2.6/4.5/6.0/8.5 represent four representative concentration pathways from lower
to higher emission scenarios.

Table 2. Trends in hydrometeorological variables and hydrological drought frequency
over the Wudinghe watershed. Historical observed trends for streamflow and drought
frequency were calculated by using naturalized streamflow data (Yuan et al., 2017).

Here, “*” and “**” indicate 90% and 99% confidence levels, respectively, while those
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without any show no significant changes (p>0.1).
Table 3. Determination of crossing year for the periods reaching 1.5, 2 and 3 °C

warming levels for different GCMs and RCPs combinations. Here, “NR” means that

the corresponding GCM/RCP combination will not reach the specified warming level

throughout the 21st century.
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Figure 3. Historical (ALL) and future (RCP2.6/4.5/6.0/8.5) time series of
standardized annual mean (a) temperature, (b) precipitation and (c) streamflow, and (d)
the time series of hydrological drought frequency (drought months for each year) over
the Wudinghe watershed. Shaded areas indicate the ranges between maximum and
minimum values among CMIP5/CLM-GBHM model simulations. ALL represents
historical ~ simulations with both anthropogenic and natural forcings,
RCP2.6/4.5/6.0/8.5 represent four representative concentration pathways from lower

to higher emission scenarios.
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Figure 7. Comparison of (a) mean values and (b) standard deviations for hydrological
indices averaged among climate models and RCP scenarios during the baseline period
(1986-2005) and the periods reaching 1.5, 2 and 3 °C warming levels. SPI, SEI, SRI,
SSRI, SBI, SSI represent standardized indices of precipitation, evapotranspiration,
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748  Table 1. CMIP5S model simulations used in this study. ALL represents historical simulations with both anthropogenic and natural forcings

749 (rlilpl realization), RCP2.6/4.5/6.0/8.5 represent four representative concentration pathways from lower to higher emission scenarios.

GCMs Institute Resolution Historical simulations RCP scenarios
GFDL-CM3 NOAA GFDL 144%90 ALL RCP2.6/4.5/6.0/8.5
GFDL-ESM2M NOAA GFDL 144x90 ALL RCP2.6/4.5/6.0/8.5
HadGEM2-ES MOHC 192%145 ALL RCP2.6/4.5/6.0/8.5
IPSL-CMS5A-LR IPSL 96x96 ALL RCP2.6/4.5/6.0/8.5
IPSL-CM5A-MR IPSL 144x143 ALL RCP2.6/4.5/6.0/8.5
MIROC-ESM-CHEM MIROC 128%x64 ALL RCP2.6/4.5/6.0/8.5
MIROC-ESM MIROC 128%x64 ALL RCP2.6/4.5/6.0/8.5
MRI-CGCM3 MRI 320x160 ALL RCP2.6/4.5/6.0/8.5
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750  Table 2. Trends in hydrometeorological variables and hydrological drought frequency over the Wudinghe watershed. Historical observed trends

751  for streamflow and drought frequency were calculated by using naturalized streamflow data (Yuan et al., 2017). Here, “*” and “**” indicate 90%

752 and 99% confidence levels, respectively, while those without any

sk

show no significant changes (p>0.1).

Historical (1961-2005) and future

Changing trend of standardized timeseries (yr'l)

(2006-2099) scenarios Temperature Precipitation Streamflow Drought frequency
(historical) observations 0.0494** -0.0216%* -0.0503** 0.0448**
(historical) all forcings simulations 0.0272%%* -0.0009 -0.0213** 0.0346**
(future) RCP2.6 simulations 0.0138** 0.0025%* 0.0046** -0.0069**
(future) RCP4.5 simulations 0.0291** 0.0056** 0.0105** -0.0096**
(future) RCP6.0 simulations 0.0312%** 0.0039%** 0.0038** -0.0044**
(future) RCP8.5 simulations 0.0345%* 0.0108** 0.0133** -0.0107**
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753

754

Here, “NR” means that the corresponding GCM/RCP combination will not reach the specified warming level throughout the 21 century.

Table 3. Determination of crossing year for the periods reaching 1.5, 2 and 3 °C warming levels for different GCMs and RCPs combinations.

1.5 °C warming level

2 °C warming level

3 °C warming level

GCMs Rﬁfl R€54 Rﬁf& RS?S. ReP26 | RCPas | RCP6.0 | RCPS S Rsfz Rifm Rﬁf& Rif&
GFDL-CM3 2016 | 2018 | 2019 | 2018 | 2039 | 2032 | 2039 | 2030 | NR | 2066 | 2070 | 2052
GFDL-ESM2M NR | 2051 | 2059 | 2038 | NR NR | 2076 | 2054 | NR NR NR | 2084
HadGEM2-ES 2020 | 2023 | 2023 | 2018 | 2042 | 2039 | 2042 | 2032 | NR | 2071 | 2070 | 2052
IPSL-CM5A-LR 2030 | 2029 | 2031 | 2025 | NR | 2045 | 2049 | 2037 | NR NR | 2086 | 2057
IPSL-CM5A-MR 2032 | 2025 | 2031 | 2024 | NR | 2045 | 2050 | 2037 | NR NR | 2081 | 2055
MIROC-ESM-CHEM | 2019 | 2024 | 2026 | 2020 | 2037 | 2038 | 2042 | 2032 | NR | 2075 | 2070 | 2051
MIROC-ESM 2026 | 2025 | 2032 | 2024 | 2048 | 2039 | 2046 | 2033 | NR | 2080 | 2076 | 2056
MRI-CGCM3 2075 | 2043 | 2053 | 2036 | NR | 2074 | 2070 | 2049 | NR NR NR | 2072
Model ensemble 2026 | 2025 | 2031 | 2024 | 2041 | 2039 | 2048 | 2035 | NR | 2073 | 2073 | 2056

Total ensemble

2025 (2016~2075)

2042 (2030~2076)

2070 (2051~2086)

755
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