Front. Earth Sci. 2017, 11(1): 95-113
DOI 10.1007/s11707-016-0580-5

RESEARCH ARTICLE

Projected hydrologic regime changes in the Poyang Lake
Basin due to climate change

Le Wang, Shenglian Guo (><), Xingjun Hong, Dedi Liu, Lihua Xiong

State key Laboratory of Water Resources and Hydropower Engineering Science, Wuhan University, Wuhan 430072, China

© Higher Education Press and Springer-Verlag Berlin Heidelberg 2016

Abstract Poyang Lake, the largest freshwater lake in
China, and its surrounding sub-basins have suffered
frequent floods and droughts in recent decades. To better
understand and quantitatively assess hydrological impacts
of climate change in the region, this study adopted the
Statistical Downscaling Model (SDSM) to downscale the
outputs of a Global Climate Model (GCM) under three
scenarios (RCP2.6, RCP4.5 and RCP8.5) as recommended
by the fifth phase of the Coupled Model Inter-comparison
Project (CMIPS5) during future periods (2010-2099) in the
Poyang Lake Basin. A semi-distributed two-parameter
monthly water balance model was also used to simulate
and predict projected changes of runoff in the Ganjiang
sub-basin. Results indicate that: 1) SDSM can simulate
monthly mean precipitation reasonably well, while a bias
correction procedure should be applied to downscaled
extreme precipitation indices (EPI) before being employed
to simulate future precipitation; 2) for annual mean
precipitation, a mixed pattern of positive or negative
changes are detected in the entire basin, with a slightly
higher or lower trend in the 2020s and 2050s, with a
consistent increase in the 2080s; 3) all six EPI show a
general increase under RCP4.5 and RCP8.5 scenarios,
while a mixed pattern of positive and negative changes is
detected for most indices under the RCP2.6 scenario; and
4) the future runoff in the Ganjiang sub-basin shows an
overall decreasing trend for all periods but the 2080s under
the RCP8.5 scenario when runoff is more sensitive to
changes in precipitation than evaporation.
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1 Introduction

The increased concentration of greenhouse gases since the
preindustrial era has led to global warming, which is likely
to cause intense and profound changes for both natural and
social systems globally. Temperature, precipitation, and
water vapor patterns are predicted to change significantly
by the end of the 21st century (Houghton et al., 2001;
IPCC, 2013). Rising global surface temperature is likely to
change atmospheric circulation and accelerate the hydro-
logical cycle (Houghton et al., 2001; Bates et al.,2008).
The altered hydrological regimes will in turn affect almost
every aspect of human activities. Thus, projecting future
climate change and assessing its potential effects on
hydrology and water resources remains a hot topic in
recent hydrological research.

Over the past few decades many studies focusing on the
impacts of climate change on hydrological regimes have
been conducted. Many review articles have reported the
general procedure for assessing these impacts (e.g., Xu
1999; Xu et al., 2005). Middelkoop et al. (2001) developed
a water balance model to assess the impact of climate
change on the river flow conditions in the Rhine basin.
Shabalova et al. (2003) analyzed the change in the flow
regime of the Rhine River by the end of the 21st century
using both the Hadley Centre regional climate model
(HadRM2) and a distributed hydrological model. Merritt
et al. (2006) used outputs of three Global Circulation
Models (GCMs) (CGCM2, CSIROMK?2, and HadCM3)
under two emissions scenarios (SRES A2 and B2) to drive
the UBC Watershed Model to evaluate hydrologic
response to climate change in sub-watersheds of the
Okanagan Basin, British Columbia. Christensen and
Lettenmaier (2007) suggested a multi-model ensemble
approach to assess climate change impacts on the
hydrology and water resources of the Colorado River
Basin, in which outputs of 11 GCMs were combined to
drive a VIC model. Raje and Krishnan (2012) used the
Bayesian parameter uncertainty modeling approach in a
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macro-scale hydrologic model to investigate the impact of
climate change on the hydrological regimes of a river basin
in India. These studies usually used a three-step process
consisting of: 1) selecting appropriate GCMs under
different greenhouse gas emission scenarios; 2) down-
scaling the GCM outputs to obtain finer-resolution climate
variables (e.g., temperature and precipitation); and 3) using
a hydrological model with the downscaled finer-resolution
climate variables as inputs to simulate changes in the
hydrological regimes at basin and regional scales.

Most of the previous studies that assessed climate
change impacts on hydrological processes were based on
IPCC SRES outputs (e.g., Middelkoop et al., 2001; Arnell,
2003; Chen et al., 2007; Fowler et al., 2007; Gosling et al.,
2011; Islam et al., 2014). Nevertheless, a suite of
Representative Concentration Pathways (RCPs) (Moss et
al., 2010) has been developed for the Fifth Assessment
Report (ARS5) of the Intergovernmental Panel on Climate
Change (IPCC, 2013). For the fifth phase of the Coupled
Model Inter-comparison Project (CMIPS), four RCPs
(RCP2.6, RCP4.5, RCP6.0 and RCPS8.5) have been
formulated based on a range of projections of future
population growth, technological development, and socie-
tal responses. The labels for the RCPs provide a rough
estimate of the radiative forcing in the year 2100 (relative
to pre-industrial conditions) (Taylor et al., 2012) which
could increase the understanding and awareness of
scholars and policymakers about future climate change
trends. Much attention has recently been given to utilizing
CMIPS data at different scales-global or regional. Alkama
et al. (2013) used observations and simulations from
CMIP5 models to investigate changes in global stream-
flow, and found that most models could simulate stream-
flow reasonably well, with the exception of South America
and Africa. Sillmann et al. (2013) analyzed the projected
climate extremes indices from a CMIP5 multi-model
ensemble at global and regional scales during the 21st
century. Aich et al. (2014) compared impacts of climate
change on streamflow in four large African river basins
using a hydrological model with outputs from CMIP5
models. Thibeault and Seth (2014) evaluated projected
climate extremes indices in the northeast United States
using gridded observations and 23 CMIPS5 coupled
models. Huang et al. (2014) reported changes in the
annual precipitation projected by multiple CMIP5 models
over central Asia in the 21st century. Li et al. (2015)
analyzed joint probability behaviors of precipitation
extremes in China during 2021-2050 and 2071-2100
under historical and RCP2.6 and RCP8.5 scenarios from
CMIPS datasets. However, research on hydrological
responses to climate change based on RCP scenarios in
China remains limited (Wang et al., 2014).

Poyang Lake, the largest freshwater lake in China and
located in a critical area in the middle of the Yangtze River
Basin (Kanai et al., 2002), is well known for its ecological
and economic importance. It is a type of wetland with high

biodiversity, flood storage function, and sustainability of
water supply services under climate change (Zhang et al.,
2011a). However, the lake and its surrounding sub-basins
have suffered frequent floods and droughts in recent
decades. Consequently, an increasing number of studies
have reported on climate change impacts on the variability
of precipitation regimes in this area (Ye et al., 2011; Sun et
al., 2014; Tao et al., 2014; Zhang et al., 2014a; Ye et al.,
2015). Zhang et al. (2011b) investigated probability
behavior and trends of flow extremes (the 7-day high
flow) and found that increasing precipitation intensity and
more frequent rainstorms might intensify flood events
across the Poyang Lake Basin. Zhang et al. (2011a)
analyzed changing precipitation and associated impacts on
hydrological processes of the basin and seasonal transi-
tions of precipitation were observed. However, most
previous studies focused on an increased understanding
of the hydrological mechanisms from the past few decades.
Studies of future projections of hydrological regimes in the
region are still insufficient.

Recognizing the above concerns, this paper attempts to
investigate the impacts of future climate change on
hydrological regimes based on a one-way coupling of a
GCM and a simple hydrological model through the
statistical downscaling model (SDSM) in the Poyang
Lake Basin. The specific objectives of this study include:
1) evaluating the applicability of the SDSM in simulating
mean precipitation and EPI; 2) investigating the projected
changes of precipitation (mean and extreme events) under
future emission scenarios by using projections of a GCM
(BCC-CSM1.1) downscaled by the calibrated SDSM; and
3) assessing hydrological changes for future periods
(2010-2099) by using the downscaled future climate
change scenarios and the calibrated hydrological model.
The results are expected to not only provide an important
scientific basis for local water resources management,
flood protection, and drought mitigation in the Poyang
Lake Basin, but also provide a reference for similar studies
in other regions of the world.

2 Study area and data

Poyang Lake lies in the center of the Yangtze River Basin,
between 28°22'N —29°45'N and 115°47'E -116°45°E, and
accounts for 9% of the total drainage area at 162,225 km?
(Fig. 1). The lake’s primary source of water inflow is
received from five rivers (Ganjiang, Fuhe, Xinjiang,
Raohe, and Xiushui) and discharges into the Yangtze
River from a narrow outlet in the north. In this study, the
Poyang Lake Basin (PYLB) was divided into six sub-
basins: Xiushui (XS), Ganjiang (GJ), Fuhe (FH), Xinjiang
(XJ), Raohe (RH), and Poyang Lake (PYL) (Fig. 1).

The climate of PYLB is subtropical monsoon, and the
topography varies from highly mountainous and hilly
(maximum elevation of about 2200 m above the sea level)
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Fig. 1 Geographical locations of the main rivers and hydro-meteorological stations in the Poyang Lake Basin

to alluvial plains in the lower reaches of the primary
watercourses (Ye et al., 2011). Water inputs into the
Poyang Lake from the five sub-basins are particularly
important during the wet season from April to June when
heavy rainfall produces large surface flows from the sub-
basins to the lake (Shankman et al., 2006).

Observed daily precipitation data from 13 meteorologi-
cal stations (Table 1) in the PYLB from 1961 to 2005 were
obtained from the China Meteorological Data Sharing
Service System (http://cdc.cma.gov.cn/index.jsp). These
stations are evenly distributed over the PYLB (Fig. 1). In
addition, observed monthly precipitation, temperature, pan
evaporation, and streamflow data (at Waizhou Station) in
the Ganjiang sub-basin from 1961 to 2005 were accessed
to calibrate the hydrological model, with 1961-1990 as the
calibration period and 1991-2005 as the verification
period.

3 Methods

3.1 BCC-CSMI1.1 model

The BCC-CSMI1.1 model, developed by the Beijing
Climate Center in China, was chosen for this study due
to its good performance in reproducing observed climate
variations of temperature and precipitation in China in
recent decades (Xin et al., 2013). Three scenarios (RCP2.6,
RCP4.5, and RCPS.5), representing low, moderate, and
high emission scenarios, respectively, were used. Different
large-scale atmospheric variables, which were further
screened for selecting suitable predictors, were derived
from the daily reanalysis dataset of the National Center for
Environmental Prediction (NCEP) (http://www.esrl.noaa.
gov/psd/) for 1961-2005, as well as outputs of the BCC-
CSM1.1 model under three scenarios from 1961 to 2099,
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representing the current and future climate scenarios,
respectively. The future periods were divided into three
parts: 2020s (2010-2039), 2050s (2040-2069), and 2080s
(2070-2099). The simulations of historical periods (1961—
2005) of the BCC-CSM1.1 model served as a reference for
future projection and changes.

3.2 Statistical downscaling model (SDSM)

Since spatial resolutions of GCM grids are often too coarse
to resolve many important sub-grid scale processes, there
is a mismatch of scale between GCM outputs and the scale
of interest for regional or local applications. In order to
deal with the problem of spatial scale mismatch, different
downscaling methods have been proposed and widely used
in the past few decades (Wilks 1989; Hellstrom et al.,
2001; Hanssen et al., 2005; Wetterhall et al., 2006; Chu et
al., 2010).

Downscaling methods are generally divided into two
categories: dynamic downscaling and statistical down-
scaling. The sstatistical downscaling method aims to derive
appropriate statistical or empirical relationships, which can
transform large-scale atmospheric features (predictors) to
local-scale or station-scale variables (predictands), such as
precipitation and temperature. Statistical downscaling
methods are effective to fill the gap between large-scale
climate change and local-scale hydrological response (Chu
et al., 2010).

The SDSM model (Wilby et al., 1999,2002) is a hybrid
of a stochastic weather generator and multi-linear regres-
sion method. Many comparative studies (Wilby et al.,
1998; Dibike and Coulibaly, 2005; Harpham and Wilby,
2005; Khan et al., 2006) have shown that this model is
simple to use and has performed well (Chu et al., 2010),
and therefore has been widely employed in climate change
impact assessments. The formulations of SDSM are briefly
described as follows (Wilby et al., 1999,2003; Wetterhall et
al., 2006):

First, large-scale atmospheric predictors are used to
condition the precipitation occurrence and to calculate the
precipitation amount on wet days, i.e.,

w; = 0y + aj’j’t(j) +o 0, (1

n

Jj=1

where ¢ represents time (days), n is the number of the
selected predictor, w, and w,_; are the conditional
possibilities of precipitation occurrence on day ¢ and day
-1, respectively, a?’) is the normalized predictor, ¢, and o;
are regression parameters determined by the least square
method, and a;,_; is a lag—1 day regression parameter. It is
emphasized that w,_; and @,_; are optional, depending on
the study region and predictand. A uniformly distributed
random number r,(0<r,<1) is used to determine the
precipitation occurrence and it is assumed that rain would

happen if o, <r,.
On a wet day, precipitation can be expressed by a z-score
as:

Zo=Po+> B + B 17 1 +e, )
j=1

where Z, and Z,_; are the z-scores on day ¢ and day #-1,
respectively, By, f;, and f;_ are regression parameters,
with f,_; and Z,_; optional. & is a random error term
simulated by the normal distribution N (0,02).

Second, the amount of precipitation y, on day ¢ can be
simulated as:

Ve = F! [9(Z,)], 3)

where ¢ is the normal cumulative distribution function and
F is the empirical distribution function of y,.

3.3 Extreme precipitation indices (EPI)

Extreme precipitation events can be defined in different
ways, such as large areas experiencing unusual precipita-
tion values over longer periods of time, or the impact such
an event could have on society (e.g., a number of
mortalities, excessive economic or monetary losses, or
both). However, these definitions are all qualitative
descriptions. Developing a suite of extreme precipitation
indices that combine quantitative measurements is essen-
tial (Easterling et al., 2000).

Until now, various EPI have been proposed and applied
for different research needs. A series of key indices of
climate extremes, with 31 EPI included, were developed
by the European Union STARDEX (STAtistical and
Regional dynamical Downscaling of EXtremes for Eur-
opean regions) project. The Expert Team on Climate
Change Detection, Monitoring and Indices (ETCCDMI)
also proposed a comprehensive list of indices including 11
EPI, accompanied by definitions, procedures, and gui-
dance for large-scale regional studies. In addition, Frich
et al. (2002) recommended five EPIs which were used to
measure extreme precipitation. As numerous precipitation
indices have been used in previous studies of climate
extremes (Plummer et al., 1999; Peterson et al., 2002; Sen
Roy and Balling, 2004), Qian and Lin (2005) suggested
that an EPI should include three characteristics: magnitude,
intensity, and persistence. To address this need, in this
study six EPI representing these three characteristics were
selected from the ETCCDMI list (Table 2), of which two
indices (R95p and R90N) relate to precipitation magni-
tude, two indices (Rx5day and SDII) describe precipitation
intensity, and two indices (CDD and CWD) demonstrate
precipitation persistence. These yearly EPI were calculated
using the computer program RClimDex. Developed and
maintained by Zhang and Yang (2004) at the Climate
Research Branch of Meteorological Service of Canada,
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Table 1 List of 13 meteorological stations with mean annual temperature and precipitation during 1961-2005 in the Poyang Lake Basin
Station Station code Latitude (N) Longitude (E) Altitude/m Temperature/°C Precipitation/mm
Xiushui 57598 29°02° 114°35" 146.8 16.7 1583
Yichun 57793 27°48" 114°23" 131.3 17.3 1612
Ji’an 57799 27°03" 114°55° 712 18.5 1502
Suichuan 57896 26°20° 114°30° 126.1 18.6 1446
Ganzhou 57993 25°52° 115°00° 137.5 19.5 1433
Boyang 58519 29°00° 116°41" 40.1 17.8 1612
Jingdezhen 58527 29°18" 117°12° 61.5 17.5 1778
Nanchang 58606 28°36° 115°55° 46.9 17.7 1596
Zhangshu 58608 28°04 115°33° 30.4 17.8 1637
Guixi 58626 28°18’ 117°13° 51.2 18.4 1864
Yushan 58634 28°41° 118°15° 116.3 17.6 1823
Nancheng 58715 27°35" 116°39° 80.8 17.9 1681
Guangchang 58813 26°51" 116°20° 143.8 18.3 1728
Table 2 Extreme precipitation indices
Category Index Unit Definition
Precipitation percentile R95p mm Total amounts of precipitation > long-term 95th percentile of daily precipitation during a year

ROON d No. of events > long-term 90th percentile
Precipitation intensity Rx5day mm Greatest 5-day total rainfall per year

SDII mm/d Simple daily intensity index (total rainfall/total rain-day per year)
Precipitation persistence CDD d Maximum number of consecutive dry days

CWD d Maximum number of consecutive wet days

RClimDex includes a user-friendly software package that
is freely available online to the international research
community (http://cccma.seos.uvic.ca/ETCCDI/). It also
provides comprehensive descriptions of these indices,
details of quality control procedures, and references to
relevant literature.

3.4 Two-Parameter Monthly Water Balance Model
(TPWBM)

During the past few decades, many hydrological models
have been developed and used for different hydrological
purposes including flood forecasting, water resources
assessment, impact of climate and land use change,
streamflow generation in ungauged basins, and so on
(Refsgaard et al., 1988; Widén-Nilsson et al., 2007; Jie
et al., 2016). There has been a trend to develop complex
models with a high degree of physical dependence and
structural complexity for catchment studies. However,
such models lead to increasing difficulty in estimating
parameters (Butts et al., 2004). Furthermore, large
uncertainty exists in climate models and downscaling
techniques, and the accuracy of climate change scenarios
used to drive hydrological models is still limited at finer

spatial and temporal scales. Therefore, simple models are
typically used to investigate the hydrological impact of
climate change.

The two-parameter monthly water balance model
(TPWBM) was proposed and developed by Xiong and
Guo (1999). The model has been tested in 100 small and
medium sized basins in China and has been found to be
comparable to more complex water balance models. Due to
its simplicity and efficiency, the TPWBM was used in this
study to investigate climate change impacts (Guo et al.,
2002). The formulation of TPWBM is as follows.

Actual monthly evapotranspiration E(¢) is calculated by

E(f) = C x EP(¢) x tanh(P(t)/EP(1)),  (4)

where EP(¢) is the monthly pan evaporation, P(¢) is the

monthly precipitation, and C is a model parameter.
Monthly runoff Q(¢) is assumed as a hyperbolic tangent

function of the soil water content S(¢), which is given as

0(¢) = (1) x tanh(S(¢) /SC), (5)

where SC is the field capacity of the basin and is the second
model parameter.

Given the observation series of both the monthly
precipitation P(¢#) and the monthly pan evaporation



100 Front. Earth Sci. 2017, 11(1): 95-113

EP(t), the actual monthly evapotranspiration E(¢) can be
determined by Eq. (4). The quantity of the remaining water
in the soil will be [S(1—1) + P(¢)—E(¢)], after the loss of
evapotranspirationE(¢), with S(¢—1) being the water
content at the end of the month -1 and at the beginning
of'the month ¢. Eq. (5) is then used to calculate the monthly
runoff at month ¢, as follows

O(t) = (S(t—1)+ P(t)—E(t)) x tanh((S(r—1)
+ P(t)-E(t))/SC). 6)

Finally, the water content S(¢) at the end of #" month is
calculated according to the water balance equation

S(t)=8(@—1)+ P(t)-E(t)- O(2). @)

4 Results and discussion

4.1 Calibrating and validating SDSM

The selection of suitable predictors is essential to
establishment of SDSM, which requires that the predictors
and predictands are physically linked, strongly correlated,
and have a consistent relationship. Numerous studies
(Dibike and Coulibaly, 2005; Harpham and Wilby, 2005;
Chu et al., 2010; Chen et al., 2012; Guo et al., 2012, 2013)
have been conducted on the screening of the most relevant
predictors, which indirectly sets up an alternative ensemble
of various atmospheric variables. In this study, the
procedure for identifying suitable predictors was as
follows: First, all available atmospheric variables were
adopted as potential predictors (Chu et al., 2010; Guo et al.,
2012). Second, the seasonal and partial correlation
methods (Guo et al., 2012) were employed with the
significance level of 0.05, in order to identify the most
relevant predictors for each predictand (precipitation and
temperature). Finally, considering parsimony and signifi-
cance, six large-scale atmosphere variables were selected
as the predictors for all stations: 850 hPa specific humidity
(hus), 850 hPa air temperature (ta), 500 hPa eastward wind
(ua), 500 hPa geopotential height (zg), sea level pressure
(psl), and near-surface air temperature (tas). These
variables were derived from the daily NCEP reanalysis
dataset for 1961-2005, as well as outputs of BCC-CSM1.1
under each of the three RCP scenarios from 1961 to 2099,
representing the current and future climate scenarios,
respectively.

To evaluate the applicability of the SDSM model for
simulating mean precipitation and selected extreme
precipitation indices, SDSM must be calibrated and
validated before downscaling precipitation with GCM
predictors. The data series were divided into a calibration
period (1961-1990) and a verification period (1991-2005).
Figure 2 compares the NCEP/GCMs simulated and

observed mean monthly precipitation in all sub-basins
during the calibration period, showing the capability of
SDSM for downscaling monthly precipitation in the
Poyang Lake Basin. Since extreme climate events
potentially have a much greater impact on water resources
management than average values, it is necessary to assess
the capacity of SDSM to simulate the characteristics of
extreme precipitation events.

Figure 3 shows the simulation performance of SDSM for
the selected EPI (results for the validation period are not
given). The values of EPI are presented as box-and-
whisker plots showing the median (cross), 25th and 75th
percentiles (box), and 10th and 90th percentiles (whisker).
The X axis labels denote all sub-basins and the whole
basin. The box-and-whiskers in each sub-basin represent
the observed, NCEP data, and GCM output simulations in
turn. The comparison of EPI between the first (observa-
tion), second (NCEP simulation), and third (GCM output
simulation) box-and-whiskers in Fig. 3 shows that the
indices are not equally well modeled. The SDSM
simulation underestimates R95p, Rx5day, CDD and
CWD, and overestimates SDII in this region. For R90ON,
the NCEP and GCMs simulations fit well with the
observed data. In addition, the simulated results for some
EPI (R95p, R9ON, Rx5day, and SDII) have narrower
ranges than the observed EPI. The common narrower
ranges show that the simulation results do not satisfactorily
represent the variances for EPI, which makes it a challenge
for the SDSM method to perform better in reproducing
extreme precipitation events. We also note that simulated
EPI biases from the NCEP data are less than those from the
GCM output.

The above calibration results indicate the SDSM’s
limited capacity to represent extreme precipitation events,
and a defect of stochastic precipitation models must be
resolved (Teutschbein and Seibert, 2010). To account for
this limitation, results require bias correction (Maraun et
al., 2010) ,which is critical given climate models often
provide biased representations of observed times series due
to systematic model errors (Teutschbein and Seibert,
2010).

Typical bias correction methods are based on a
stationary assumption that the same bias correction
procedure and parameters apply to both control and
scenario conditions, and generally aim at preserved mean
values and standard deviation. For a detailed and
comprehensive comparative study of bias-correction
methods, we refer readers to Teutschbein and Seibert
(2010). In this study, the method proposed by Hong et al.
(2014) was used to correct the precipitation indices, as
follows:

Indt,bc = nlndt,sim + o, (8)

where Ind, g;,, and Ind, . are annual index series before and
after bias correction at year ¢, respectively, and # and ¢ are
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correction factors of the variance and mean values. The
latter are calculated as follows:

n= SDobs,his/SDsim,his’ (9)

(10)

where SD,,p ;s and SDy;,, ;s are standard deviation values
of the observed and simulated annual index series during
the historical period, and Ave,, ;;; and Aveg, 5;; are mean
values of the observed and simulated annual index series
during the historical period.

Results of EPI after bias correction were separately
plotted as the fourth (NCEP simulations) and fifth (GCM
output simulations) box-and-whiskers in Fig. 3. Compared
to the second and third box-and-whiskers, statistical
characteristics of simulated EPI series are closer to those
of the observed values after the bias-correction. Therefore,
after bias-correction, the SDSM model can be applied to
represent future extreme precipitation events with climate
projections.

¢ = Aveobs,his - ”Avesim,hisa

4.2 Downscaling precipitation under future emission
scenarios

The validated SDSM after bias-correction was used to
downscale the large-scale predictor variables derived from
the RCP2.6, RCP4.5, and RCP8.5 scenarios of BCC-
CSM1.1, with daily precipitation simulated for the
following periods: historical (1961-2005), 2020s (2010—
2039), 2050s (2040-2069), and 2080s (2070-2099). The
historical simulation acts as a reference for future
projection and changes.

Projected changes in annual mean precipitation during
future periods (2020s, 2050s, and 2080s) in the Poyang
Lake Basin are shown in Table 3, showing a mixed pattern
of positive or negative changes, with different (slightly
higher or lower) trends in the 2020s and 2050s, and
consistent with the increases in the 2080s. A significant
increase was primarily found in the northeastern region
(Raohe sub-basin and Poyang Lake) throughout the last 90
years. A decreasing trend was predominant in the southern
region (Ganjiang and Fuhe sub-basins). In the Ganjiang
sub-basin, a decrease in annual mean precipitation was
observed in the 2020s and 2050s, followed by a minimal
increase in the 2080s under the RCP2.6 and RCP4.5
scenarios. Ongoing changes during future periods are
projected under the RCP8.5 scenario, with an 8.6%
increase by the end of 21st century. The Fuhe sub-basin
shows an overall descending trend for the next 90 years,
with the greatest tendencies for future flooding observed
for the Raohe sub-basin. For all sub-basins, the increase or
decrease ranges are more pronounced under the RCP8.5
scenario than those of the RCP2.6 and RCP4.5 scenarios.

Climate change not only alters the average values, but
also the frequency and intensity of extreme events. The
latter are likely to exert a much greater impact on extremes
than on mean climate values (Xu et al., 2009). An
understanding of spatial and temporal patterns of extreme
precipitation events in the future is of great importance for
managing floods and droughts (Li et al., 2013; Zhang et al.,
2014b). Figure 4 illustrates the changes of the selected EPI
values during future periods, relative to the historical
simulation under the three scenarios (RCP2.6, RCP4.5,
and RCP8.5) in the Poyang Lake Basin.

All six EPIs generally increase for the whole basin under

Table 3 Projected future changes of annual mean precipitation in the Poyang Lake Basin

Sub-basin  Variable ReP26 RCPAS RCPS3

Base periods 2020s  2050s  2080s Base periods 2020s  2050s  2080s Base periods 2020s  2050s  2080s

XS P(mm) 1922.1 1877.0 1865.4 1948.6 1922.1 19483 1900.5 1920.7 1922.1 1918.7 1935.3 1791.6
AP/P(%) / -23  -29 1.4 / 1.4 -1.1 -0.1 / -0.2 0.7 -6.8

GJ P(mm) 1538.2 1506.0 14954 1535.6 1538.2 15244 1517.0 1557.3 1538.2 1543.4 1546.9 1670.6
AP/P(%) / -2.1 -28 02 / -09 -14 1.2 / 0.3 0.6 8.6

FH P(mm) 2067.0 2016.4 1967.2 2093.3 2067.0 2032.5 1886.3 1948.5 2067.0 1991.8 1968.1 1846.5

AP/P(%) / -24 -48 1.3 / -7 -87 =57 / -36 —-48 -107

XJ P(mm) 2236.8 2223.6 22274 22443 2236.8 22443 2164.7 2284.8 2236.8 2200.7 2163.4 22382
AP/P(%) / -06 04 0.3 / 0.3 -3.2 2.1 / -16 -33 0.1

RH P(mm) 2147.0 2193.6 2237.0 22425 2147.0 2247.3 2189.0 2334.8 2147.0 21623 2233.7 22912
AP/P(%) / 22 42 4.4 / 4.7 2.0 8.7 / 0.7 4.0 6.7

PYL P(mm) 1799.7 1786.8 1842.8 1834.4 1799.7 1901.4 1901.2 1889.1 1799.7 18559 1941.0 1922.1
AP/P(%) / -0.7 2.4 1.9 / 5.7 5.6 5.0 / 3.1 7.8 6.8

PYLB P(mm) 1846.6 1823.3 1823.2 1866.5 1846.6 1864.0 1818.4 1873.6 1846.6 1843.1 18544 1883.5
AP/P(%) / -13 13 1.1 / 0.9 -1.5 1.5 / -0.2 0.4 2.0
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the RCP4.5 and RCP8.5 scenarios, both of which increase
and decrease for most indices under the RCP2.6 scenario.

The changes with the R95p (Fig. 4(a)) and R9ON
(Fig. 4(b)) indices represent extreme precipitation percen-
tiles, showing consistency under three scenarios in the
whole basin. Under the RCP2.6 scenario, the temporal
evolution of R95p and R90ON first shows an increase in the
2020s, subsequently decreasing to below the base period
level in the 2050s and 2080s, while a continuous
increasing trend is seen under the RCP4.5 and RCP8.5
scenarios. The discrepancy suggests that the magnitude of
extreme precipitation tends to increase as emission
scenarios become more severe. P95p and R9ON are
predicted to substantially increase in the Poyang Lake
and surrounding sub-basins in the east (Xinjiang and
Raohe sub-basins), but only slightly increase and decrease
in the western sub-basins (Xiushui and Ganjiang). By the
end of the century, the growth of P95q in some sub-basins,
such as Raohe sub-basin and Poyang Lake, can reach 30%,
indicating a greater frequency of future occurrences of
floods in the area.

As shown in Fig. 4(c), Rx5Sday demonstrates an overall
increase in most sub-basins throughout the last 90 years,
with the exception of a decrease of less than 5% in the
Ganjiang sub-basin under the RCP2.6 scenario, and less
than 15% in the Fuhe sub-basin under all scenarios. The
greatest increases can be found in the Raohe sub-basin and
Poyang Lake, which is above 30% in the 2080s. As an
indicator of flood-producing events, the future Rx5day
increases gradually over the Poyang Lake Basin, which
pose a threat to the safety of flood control in the basin.

A general increase of SDII in Fig. 4(d) is projected in
this study area under the RCP4.5 and RCP8.5 scenarios,
except for the Fuhe sub-basin. Under the RCP2.6 scenario,
the temporal evolution of SDII of most sub-basins first
shows an increase in the 2020s, followed by a decrease to
below the base period level. Overall, there is a trend of
centralized precipitation in the entire Poyang Lake Basin.

CDD and CWD (Figs. 4(e) and 4(f)) indicate extreme
precipitation persistence, with CDD relating to drought
and CWD relating to flood. CDD is the only index that
shows an overall increasing trend in each sub-basin under
all scenarios; the Xiushui sub-basin has the largest
increased value of 43%. Projected increases of CDD in
the future are extremely high in all sub-basins under the
RCP8.5 scenario, indicating greater risks of consecutive
dry days, which would be challenging to water resource
management in this region. Meanwhile, CWD is predicted
to slightly decrease in the 2020s, with a more significant
increase in the latter 21st century. For example, an increase
of approximately 20%—30% is found in all sub-basins by
the end-of-century under the RCP8.5 scenario. By contrast
with CDD and other indices, the study area will probably
experience more sudden changes from droughts to floods
in the future under high representative concentration
pathways.

4.3 Projected changes of runoff

Changes in precipitation and temperature will impact the
hydrological cycle and cause temporal and spatial varia-
tions of runoff. Therefore, changes in runoff need to be
simulated and predicted.

Ganjiang is the largest river in the Poyang Lake Basin
(Fig. 1) and contributes almost 55% of the total discharge
into the Poyang Lake (Shankman et al., 2006). It has also
been the focus of flood control and drought mitigation in
recent decades (Ye et al., 2013). These features make the
Ganjiang sub-basin a suitable site for evaluating and
predicting streamflow responses to climate change.

The Ganjiang sub-basin was divided into 129 grids, with
each grid measuring 900 km? (30 kmx30 km). The
standard parameterization procedures for calibrating
TPWBM can be found in Guo et al. (2002). TPWBM
was calibrated and validated with observed flow data from
1961 to 2005 at Waizhou Station in the Ganjiang sub-
basin, with 1961-1990 as the calibration period and 1991-
2005 as the verification period. The value of Nash-Sutcliffe
efficiency criterion and the relative error of the volumetric
fit during calibration and verification periods are 0.84 and —
4.86%, and 0.79 and —6.99%, respectively. Observed and
simulated monthly runoff during the calibration and
verification period is shown in Fig. 5. The simulated
monthly runoff fits well with the observed data, which
shows that the validated semi-distributed TPWBM model
is efficient and useful in the monthly runoff simulation, and
thus can be employed to simulate future runoff responses
to climate change in the Ganjiang sub-basin.

The validated SDSM with bias correction was employed
to downscale the large-scale climate variables of BCC-
CSM1.1 under three scenarios, in order to derive
watershed-scale hydrological variables (precipitation and
temperature). Since the future evaporation data cannot be
directly measured, it is commonly calculated using
evaporation estimation methods based on climatic data,
varying from simple empirical formulations (e.g.,
Thornthwaite 1948; Priestley and Taylor, 1972) to complex
physically-based methods (e.g., Penman, 1948). However,
complex methods usually require large amounts of
meteorological data, e.g., wind speed and solar radiation,
which are not easily obtained. Therefore, temperature-
based methods, which require only air temperature as input
data, are suggested in practice (Xu et al., 2001). Scatter
diagrams of observed monthly pan evaporation and
monthly mean air temperature are shown in Fig. 6. The
monthly pan evaporation EP(f) is an approximately
exponential function of monthly mean air temperature
T(t), which is given as

EP(t) = A x exp(B x T(t)), 11

where A and B are coefficients determined by the least
square method. The regression analysis results between
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Fig. 5 Simulated and observed monthly runoff during calibration and verification periods at Waizhou Station in the Ganjiang sub-basin.
(a) Calibration period (1961-1990). (b) Verification period (1991-2005).

estimated and observed monthly pan evaporation from
1961 to 2005 in the Ganjiang sub-basin are also shown in
Fig. 6. The values of determination coefficient R* for all
stations are over 0.8, which indicates that Eq. (11) is
reasonable for estimating monthly evaporation in the study
region. The downscaled temperature is transformed into
projected evaporation series during future periods, which,
together with downscaled precipitation, are used as inputs
of the semi-distributed TPWBM to simulate future
hydrologic changes compared with the historical period
(1961-2005) in the Ganjiang sub-basin.

Table 4 demonstrates the projected future changes in
annual mean precipitation, temperature, evaporation and
runoff under three scenarios in the Ganjiang sub-basin.

Evaporation increases throughout the next 90 years,
following the warming trend in this basin. Annual average
precipitation is projected to decrease under the RCP2.6 and
RCP4.5 scenarios, and to increase under the RCPS8.5
scenario. Annual runoff is projected to decrease in the
2020s and 2050s under all scenarios. In the 2080s,
projected runoff is slightly less or more than that of
historical periods under the RCP2.6 and RCP4.5 scenarios,
while an increase of 13.7% is found under the RCPS8.5
scenario. For the same period in the future, runoff increases
with higher radiate forcing. For example, the projected
annual mean runoff in the 2020s is 65.5 billion m* (BCM),
68.1 BCM, and 68.9 BCM under RCP2.6, RCP4.5 and
RCPS8.5, respectively.
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Fig. 6 Comparison of estimated and observed monthly pan evaporation at five meteorological stations in the Ganjiang sub-basin.

The relative changes in monthly precipitation, actual
evaporation, and runoff under different RCPs in the future
periods (2010-2099) are shown in Fig. 7. The projected
changes in monthly precipitation, actual evaporation, and
runoff under three scenarios for future periods in the
Ganjiang sub-basin are analyzed and discussed. Combined
with the results of Table 4, the amplitudes of precipitation
variation are less than those of evaporation increments,
leading to the amplification effect of decreasing runoff. In
addition, there is a much larger difference in temporal

distribution of precipitation within the year than that of
evaporation, which indicates that the uneven changes in
runoff in the temporal distributions is mainly influenced by
uneven changes in precipitation. The results show that
runoff in the Ganjiang sub-basin is more sensitive to
changes in precipitation than evaporation.

Projected runoff changes during the main flood season
(from April to June) and dry season (from September to
March) under three scenarios in the Ganjiang sub-basin are
shown in Fig. 8. Future runoff volume decreases in the
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Table 4 Projected future changes of annual mean precipitation, evaporation, and runoff in the Ganjiang sub-basin

Future periods

Representative pathways Variables Historical periods
2020s Change/% 2050s Change/% 2080s Change/%
RCP2.6 P/mm 1538.2 1506.0 -2.09 1495.4 -2.78 1535.6 -0.17
7/°C 18.3 18.4 0.88 18.4 0.87 18.3 0.20
E/mm 641.66 662.59 3.26 664.74 3.60 651.44 1.52
w108 m) 695.32 655.32 -5.75 645.10 ~7.22 690.64 -0.67
RCP4.5 P/mm 1538.2 1524.4 —-0.90 1517.0 -1.38 1557.3 1.24
T/°C 18.3 18.5 1.03 18.7 2.31 18.7 2.41
E/mm 641.66 654.88 2.06 665.93 3.78 662.65 3.27
WI(10% m?) 695.32 681.51 -1.99 675.26 -2.89 703.84 1.22
RCP8.5 P/mm 1538.2 1543.4 0.34 1546.9 0.56 1670.6 8.61
7/°C 18.3 18.5 1.06 18.7 2.53 19.0 4.15
E/mm 641.66 663.74 3.44 676.82 5.48 667.88 4.09
wi(10® m?) 695.32 689.43 —-0.85 694.49 -0.12 790.46 13.68

main flood season and increases in the dry season,
indicating that climate change is likely to somewhat
alleviate flood control pressure during the flood season and
water supply pressure during the dry season.

5 Conclusions

The ever-increasing concentration of greenhouse gases in
the Earth’s atmosphere is projected to cause significant
changes in hydrological patterns. To evaluate the hydro-
logical response to climate change, projected changes of
future runoff were simulated using a semi-distributed, two-
parameter monthly water balance model in the Ganjiang
sub-basin of Poyang Lake, China. The SDSM was used to
downscale outputs of BCC-CSM1.1, recommended by the
fifth phase of the CMIPS5, under three scenarios (RCP2.6,
RCP4.5, and RCPS8.5) during future periods in the Poyang

Lake Basin. The regional characteristics of future projec-
tions of mean precipitation and six extreme precipitation
indices were analyzed. The main conclusions from this
study are as follows:

1) The monthly mean precipitation was simulated
reasonably well using SDSM with the NCEP reanalysis
data and GCM outputs during the historical period (1961-
2005). With bias-correction, SDSM can be applied to
generate more reliable projections of extreme precipitation
events in response to future climate change.

2) Projections indicate a mixed pattern of positive and/or
negative changes in annual mean precipitation during
future periods (2010-2099) in the Poyang Lake Basin. Six
selected EPI demonstrate a general increase under the
RCP4.5 and RCP8.5 scenarios, while no obvious trend was
detected for most indices under the RCP2.6 scenario.

3) The future runoff in the Ganjiang sub-basin shows an
overall decreasing trend under the RCP8.5 scenario, except
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for the 2080s. Runoff is more sensitive to changes in
precipitation than evaporation.

Findings shown in this paper provide an important
scientific basis for the development of integrated
watershed management measures for water security in
Poyang Lake Basin.
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