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1 Introduction
Potential vulnerability of freshwater supplies to climate
change is underscored by the recent widespread droughts
DQGÀRRGVRYHUWKHZRUOG8QGHUVWDQGLQJKRZWKHK\GURORJLF
cycle responds and contributes to global warming is needed
to anticipate security of fresh water supply and assess risks
of the resilience of ecosystem services, natural capital,
human health, economic prosperity, and social stability from
LQFUHDVLQJÀRRGLQJRUZDWHUVKRUWDJHVXQGHUFOLPDWHFKDQJH
(Vörösmarty et al. 2000; Jackson et al. 2001; Meybeck
and Vörösmarty 2004; Barnett et al. 2008; Palmer et
al. 2008). While global warming will likely intensify
hydrological cycles, causing precipitation, and frequency
DQG LQWHQVLW\ RI K\GURORJLFDO H[WUHPHV VXFK DV ÀRRGV DQG
droughts to increase globally (Jackson et al. 2001; Oki and
Kanae 2006; Gedney et al. 2006), spatio-temporal variation
will determine dependability of fresh water supplies and
risk of hydrological extremes (Groisman and Knight 2008)
at regional and local scales which are more heterogeneous
and more difficult to predict. Many regions, especially

temperate ones, would experience increased summer
drying from greater evapotranspiration, and maybe lower
summer precipitation (Neilson and Marks 1994; Gleick
1987; Jackson et al. 2001; Loukas et al. 2002; Kilsby et al.
2007). In contrast, tropical regions may experience relatively
smaller warming-induced changes in the hydrological cycle
(IPCC 1996; Jackson et al. 2001). The predicted impact
of precipitation change on hydrology is more uncertain
compared to temperature impact due to the larger uncertainty
involved in precipitation predictions under climate change.
Uncertainties for predictions of hydrological cycles
under climate change are illustrated in different aspects
in hydrological cycles, future climate predictions, and
observations used for calibrating hydrological models.
With the uncertainties, many variables that control
runoff are typically crudely parameterized (Jakeman
and Hornberger 1993; Kuczera and Mroczkowski 1998).
Bayesian inferences show a promising tool since it can
coherently assimilate data from multiple sources and account
for the uncertainties in the hydrological system (e.g.,
Krzysztofowicz 1999; Vrugt and Robinson 2007; Ajami
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et al. 2007). It combines the advantages of consistency
with simplicity of interpretation and capacity for learning
from previous knowledge. Hierarchical Bayes represents
a hierarchical modeling structure that can deal with the
complexity and stochasticity using Bayesian inference. It
decomposes the high-dimensional problem into levels in a
fully consistent framework (Clark 2005). Three levels are
usually decomposed to derive the joint distributions of the
“unobservables” (parameters, latent variables to describe
unobserved states, observation errors, and process errors):
data level (Equation 1a); process level (Equation 1b); and
parameter level (Equation 1c) (Clark et al. 2001).
p (parameters, processes | data, priors)
ĝ p (data | process, data parameters)
×p (process | process parameters)
×p (all parameters | priors)

-- Equation 1a
-- Equation 1b
-- Equation 1c
(1)
Recent advances in computation, i.e., Markov chain
Monte Carlo (MCMC), facilitate the implementation of
Hierarchical Bayesian (HB) model and Bayesian inference
in hydrological studies (Kuczera and Parent 1998;
Campbell et al. 1999; Bates and Campbell 2001; Marshall
et al. 2004). MCMC simulation generates a sample of
”unobservables” to produce a Markov chain that converges
to a stationary distribution. The algorithm included Gibbs
sampling (Gelfand et al. 1990) and Metropolis-Hastings
sampling (Harrio et al. 2001; Marshall et al. 2004) etc.
The simulated posterior distribution can be summarized,
in terms of uncertainties on parameters and latent states
(Bates and Campbell 2001) and used to construct predictive
distributions (Clark et al. 2001).
The prediction of flood and drought frequency will
provide useful information on water resource management
under changing climate. Failing to do so may have serious
effects on environment and economy. Estimation of high
flood and drought frequencies requires extrapolation
beyond the range of observations, in which parametric
probability distributions based on extreme value theory
(Leadbetter et al. 1983; Embrects et al. 1999; Coles 2001)
are commonly applied. Fisher-Tippet theorem (Fisher and
Tippet 1928) states that the block maxima of a sequence of
identically, independently distributed (iid) random variables
follows a Generalized Extreme Value (GEV) distribution,
ZKLOH3LFNDQGV¶VVWXG\ 3LFNDQGV VKRZVWKDW WKH
excesses over a high threshold are Generalized Pareto (GP)
distributed, a specialized model for peak over threshold
(POT) type data. Other distributions have been used to
HVWLPDWHÀRRGIUHTXHQF\FRQVLVWLQJRIORJQRUPDO*XPEHO
extreme value type I (Gumbel EVI), double exponential
model, log Pearson type III (LP3), members of the gamma
distribution family, the Weibull, Escalante-Sandoval and
Raynal-Vilasenor, and the logistic distribution family. For
a comprehensive list of the models, please refer to Kidson
DQG5LFKDUGV  7KH/3KDVEHHQWKHRI¿FLDOPRGHOV
in the US since 1967, but there are numerous studies
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concerning the model on underestimating flood events
(Kidson and Richards 2005). Droughts in terms of deficit
YROXPHVRUGXUDWLRQVDUHOHVVVWXGLHGWKDQÀRRGVDQGRQO\
a few studies apply block maxima and peak over threshold
models for droughts derived from daily series, mainly due
to the presence of a few big and many small drought events
that are difficult to fit to a single parametric distribution
(Engeland et al. 2004). Different studies have developed
to solve this problem (Woo and Tarhule 1994; Madsen
and Rosbjerg 1998; Kjeldsen et al. 2000) by removing the
biggest and smallest drought events and fitting multiple
distributions.
In this study, we demonstrate the potential consequences
of temperature and precipitation changes under a doubled
CO 2 climate scenario on hydrology, with a coherent
assimilation of the crude specification of processes in
hydrological models and multiple data sources using a
hierarchical Bayesian analysis.

2 Methods
2.1 Site description
We studied two control watersheds (Watersheds 18 and
27) at the Coweeta Basin in the Nantahala Mountain
Range of western North Carolina within the Blue Ridge
3K\VLRJUDSKLF3URYLQFH ƍ1ƍ: LQWKH86$
Since 1934, the Coweeta Basin (1626 ha) has been a center of
forest hydrological research in the mountains-piedmont of
Georgia, South Carolina, North Carolina, and Virginia, and
it has been a National Science Foundation (NSF) Long Term
Ecological Research Site since 1980 for studies focusing
on the impacts of disturbances and environmental gradients
on biogeochemical cycles (Swank and Crossely Jr. 1988).
Climate at Coweeta Basin is marine humid temperate and
characterized by cool summers, mild winters and abundant
rainfall in all seasons (Swift et al. 1988). Average annual
precipitation varies from 1700 mm at low elevations (680
m) to 2500 mm on upper slopes (>1400 m). The hydrology
is dominated by rain events, snow usually comprises less
than 5% of the precipitation. The underlying bedrock is
the Coweeta group (Hatcher Jr. 1979), which consists of
quartz diorite gneiss, metasandstone and peltic schist, and
quartzose metasandstone (Hatcher Jr. 1988). The regolith of
the Coweeta basin is deeply weathered and averages about 7
m in depth.
Watershed 18 (WS18 12.5 ha) and watershed 27
(WS27 38.8 ha) serve as reference watersheds and have
been unmanaged since being selectively logged in the
HDUO\¶V7KHYHJHWDWLRQLQERWKZDWHUVKHGVLVPL[HG
hardwoods. The elevation of Watershed 18 (low-elevation
watershed) ranges from 726 to 993 m.a.s.l with an average
slope of 52 and aspect of north-east. Watershed 27 (highelevation watershed) has elevation from 1061 to 1454 m.a.s.l
with an average slope of 55 and aspect of north-north-east.
It was partially defoliated by fall crankerworm infestation
from 1975 to 1979.
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2.2 Climate change scenario
Our analysis is based on a climate scenario for the region
under doubled atmospheric CO2 concentrations predicted
with the regional climate model (RegCM2, spatial resolution
of 50 km) (Mearns et al. 2003), downscaled from CSIRO
general circulation model (GCM) to the southeastern
USA. In the RegCM2, temperature increases are predicted
throughout the year, from 4 to 5ć in winter and fall, from
4 to 7ć in spring, and from 3 to 5ć in summer compared
to the current climate scenario. Precipitation predictions
involve larger uncertainties compared to temperature
predictions. For our region RegCM2 predicts change
from –10% to 10% in winter, from 20% to 40% in spring,
from –30% to –10% in summer, and from –10% to 0% in
fall. The changes in temperature and precipitation will
be sampled using uniform distribution over the ranges
above under the climate change scenario in our HB model
simulations.
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include change in soil moisture and streamflow (termed
³PRGHOPLVVSHFL¿FDWLRQ´RU³SURFHVVHUURU´ 7KXVWKHVXE
models for soil moisture, slowflow, and quickflow were
stochastic, while the sub-model of effective precipitation
was treated deterministically. A state space model, which
accounted for temporal dependence, was implemented for
simulating soil moisture. We also considered the effects
of sampling or observation errors for the measurements of
SUHFLSLWDWLRQVWUHDPÀRZDQGVRLOPRLVWXUH)RUFRQYHQLHQFH
we used priors that were conjugate with the likelihood (Calder
et al. 2003), so that prior and posterior distribution had the same
form.
Combining the data, process, and parameter models, we had
the joint posterior of the “unobservables” (Equation 2, Wu et al.
2010):
2
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2.3 Process model
We used a parsimonious daily lumped rainfall-runoff model
ZLWKTXLFNDQGVORZÀRZFRPSRQHQWV³*5-´ 0RGHOHGX
Genie Rural a 4 parametres Journalier) (Perrin et al. 2003),
but allowed for error at this process level (Wu et al. 2010).
The parsimonious model has four parameters: the maximum
capacity of soil moisture storage, a ground water exchange
coefficient, the maximum capacity of routing storage, and
a time base of a unit hydrograph (i.e. time of concentration
RIDZDWHUVKHGGH¿QHGDVWLPHUHTXLUHGIRUZDWHUWRWUDYHO
from the most hydraulically remote point in the basin to
the basin outlet). The model contains four sub-models: a soil
moisture sub-model, an effective precipitation (the proportion
of precipitation that could contribute to streamflow) subPRGHODQRQOLQHDUURXWLQJVORZVWUHDPÀRZVXEPRGHODQG
a quick streamflow sub-model. These four sub-models are
closely linked to each other. The effective precipitation submodel uses soil moisture derived from the soil moisture submodel as input to calculate percolation and then effective
precipitation, then the effective precipitation is divided into
two flow components: 90% is routed by a unit hydrograph
DQGWKHQDQRQOLQHDUURXWLQJVWRUDJHDQGEHFRPHVVORZÀRZ
in the non-linear routing slow streamflow sub-model, and
the remaining 10% is routed by a single unit hydrograph and
EHFRPHVTXLFNÀRZLQWKHTXLFNVWUHDPÀRZVXEPRGHO 3HUULQ
et al. 2003; Wu et al. 2010).
The details on the GR4J model are contained by Perrin et
al. (2003) and Wu et al. (2010).
2.4 Hierarchical Bayesian Model
Our hierarchical model structure was designed to estimate
the components of streamflow generation, including the
parameters, latent states of soil moisture and streamflow,
and uncertainties of the inputs, parameters, and model
structures (Wu et al. 2010). We assumed the major
uncertainties of the model under current climate scenario
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(2)
where N represents normal distribution, log represents
natural logarithm, IG represents inverse gamma
distribution, k 1–k 4 are the four parameters in the GR4J
model: k1 denotes the maximum capacity of soil moisture
storage, k2GHQRWHVDJURXQGZDWHUH[FKDQJHFRHI¿FLHQWk3
denotes the maximum capacity of routing storage, and k4
denotes a time base of a unit hydrograph, s denotes true
soil moisture content, q denotes true log streamflow, ı12
GHQRWHVORJQRUPDOHUURULQFRPELQHGVORZÀRZDQGTXLFN
flow submodels, ı22 denotes normal error in soil moisture
submodel, Ĳ 12 denotes lognormal observation error for
streamflow measurements, Ĳ22 denotes normal observation
error for soil moisture measurements, Ĳp2 denotes lognormal
observation errors for precipitation measurements, p o
denotes observed precipitation, temp denotes temperature,
y denotes observed log streamflow, z denotes observed
soil moisture content, t denotes time, B is the mean of the
priors of (k1, k2, k3, k4) and it is (350 mm, 0.0001, 90 mm,
1.7 days) based on Perrin et al. (2003), VB is the variancecovaraince matrix of the logarithm of the priors of (k1, k2,
k3, k4) and we assume there is no covariance between the
parameters (0 at off-diagonal positions in the matrix) while
the variances (diagonal positions in the matrix) are 0.4, 2.0,
0.1 and 0.2 which are weakly informative, and Į and ȕ are
2
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2
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the two parameters for the inverse gamma distribution for
the observation and process errors.
We implemented Markov Chain Monte Carlo simulation
in R (R Development Core Team 2008) to derive the
joint posterior (Wu et al. 2010). With the estimated joint
SRVWHULRUZHYHUL¿HGWKHPRGHOFRXOGVLPXODWHVWUHDPÀRZ
well at other time (Wu et al. 2010). The more detailed
description of the process and hierarchical model above,
how the joint posterior was derived, and how the model was
implemented can also be found in Wu et al. (2010).
For doubled CO 2 climate scenario, we randomly
selected 3000 sets from the derived joint posterior of the
unobservables, including the parameters and observation
DQGSURFHVVHUURUVWRVLPXODWHVRLOPRLVWXUHDQGVWUHDPÀRZ
For each simulation, the changes in temperature and
precipitation were sampled uniformly over the changing
ranges predicted by RegCM2 for each season (Mearns et al.
2003). All these simulations composed of posteriors of soil
PRLVWXUHDQGVWUHDPÀRZSUHGLFWLRQV
2.5 Flood and drought frequency estimation
The flood extremes are defined to be the highest daily
average streamflow values. We applied GEV distribution
(Equation 3 showing the cumulative distribution function of
GEV) (Engeland et al. 2004) to block maxima data and GP
distribution (Equation 4 showing the cumulative distribution
function of GP) to data over a given threshold to analyze
flood frequency using ExtRemes package in R software
(Gilleland et al. 2004). Block maxima approach is to group
WKHGDLO\VWUHDPÀRZGDWDLQWREORFNVRIHTXDOOHQJWKDQG¿W
the distribution to the maximums of each block. We have
tried different block length: season (3 months), half-a-year,

year and found that the medians of yearly maxima from the
full distribution of streamflow do not correlate with each
other according to the autocorrelation analysis. Considering
that the basin has not experienced disturbance since 1927,
the medians of yearly maxima can be viewed as i.i.d. and
can be fit using GEV distribution. Sometimes using only
block maxima data can be wasteful since it ignores much of
WKHGDWD$PRUHXVHIXOZD\LVWR¿W*3GLVWULEXWLRQWRWKH
exceedances over a given threshold. By using the tools of
³PHDQUHVLGXDOOLIHSORW´DQG³¿WWKUHVKROGUDQJHV *'3 ´
provided in ExtRemes package, we chose 5 mm d-1 as the
threshold.
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where x is the excess, ȕ is a scale parameter, and again ȟ is a
shape parameter. It can be shown that the GP distribution is
related to the GEV distribution.
A drought event is based on choosing a truncation
level q0, below which the streamflow is considered as a
drought occurrence (Engeland et al. 2004). Here we chose a
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(ȟ > 0: Fréchet distribution; ȟ = 0: Gumbel distribution; and
ȟ < 0: Weibull distribution), μ a location parameter and ı a
scale parameter.
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Fig. 1 Density plots of the daily medians of soil moisture contents over the simulation period for each season at the current
climate scenario (black lines) and the doubled CO2 scenario (red lines) at low (the left four panels) and high elevations (the
right four panels).
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threshold (such as 30-quantile, from Engeland et al. 2004)
RIWKHVWUHDPÀRZVHULHVDWWKHFXUUHQWFOLPDWHVFHQDULRDQG
FRPSDUHLWWRWKHSURSRUWLRQZKHQWKHVWUHDPÀRZLVEHORZ
this threshold q0 under the changing climate scenarios.

3 Results and discussion
We have successfully calibrated the HB model to simulate
streamflow and soil moisture at the study area under the
current climate scenario (Wu et al. 2010). Here we focus on
reporting and discussing the results of the predictions under
the doubled CO2 climate scenario with full accounting of
uncertainties of inputs, parameters, model structures, and
climate predictions, deemed critical in light of problems in
measurement of key variables.
From predictive distributions, we summarize the medians
of daily soil moisture for i) baseline / current climate (from
1960 to 2004 for high elevations, from 1945 to 2004 for low
elevations), for ii) the doubled CO2 scenario, and for iii)
differences between high and low elevations. The density of
the medians of soil moisture over the 60 / 45 years for each
season (spring: March to May; summer: June to August; fall:
September to November; winter: December to February)
generally shifts to lower values under the changing climate,
and the most pronounced decreases occur in summer and
fall, and at low elevations where soil moisture is more
abundant compared to high elevations (Fig. 1). Predicted
changes in daily median soil moisture from baseline climate
to the doubled CO2 scenario range from –29% to 5% at low
elevation and from –22% to 7% at high elevation. Under
the doubled CO2 scenario, soil moisture is lower for most
of the year with the exception of some days in winter when
evapotranspiration is especially low. At baseline climate,
soil moisture level for our low-elevation catchment is near
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the wilting point (11% volume, from SSURGO soil data)
14.1% of time (the 95% credible interval is 13.5%–14.1%
with a median of 14.1%). This increases to 35.4% (the
95% credible interval is 34.0%–37.2% with a median of
35.4%) for the doubled CO2 scenario. At high elevation, the
percentage of time when soil moisture is near the wilting
point (9% in volume) increases from 8.6% (the 95% credible
interval is 8.3%–9.0% with a median of 8.6%) at baseline
climate to 15.1% (95% credible interval is 14.0%–16.0%
with a median of 15.1%) for the doubled CO2 scenario.
We summarize the medians, lower and upper 2.5%
quantiles in the absolute changes of streamflow for each
season under the doubled CO2 climate scenario compared to
the current climate scenario over the simulation period (Fig.
2). The patterns of the changes are different at different
seasons. Generally, the streamflow will increase in the
spring, decrease in the summer and fall at low and high
elevations. In the winter, the streamflow will decrease at
low elevations, but increase at high elevations according
to the contrast of the probability of percent changes larger
than 0 and less than 0. The lower 2.5% quantiles show less
uncertainty from their more concentrated probability density
plots compared to the medians and upper 2.5% quantiles.
6LQFHWKHODUJHYDOXHVRIVWUHDPÀRZXVXDOO\LQYROYHKLJKHU
measurement and process errors, the upper 2.5% quantiles
VKRZKLJKHUXQFHUWDLQW\IURPWKHLUÀDWWHUGLVWULEXWLRQV
Seasonal predictive distributions of relative change in
VWUHDPÀRZEDVHGRQGDLO\PHGLDQV )LJ VKRZGHFUHDVHV
in summer and fall, increases in spring, and no clear trends
in winter, as in the predictive distributions of the absolute
change (Table 1) at both low and high elevations. The
relative change in streamflow based on the predicted daily
lower and upper 2.5% quantiles shows the similar trend
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SWCPVKNGU QXGTVJGUKOWNCVKQPRGTKQFHQTGCEJUGCUQPCVVJGFQWDNGF%12 scenario compared to the current climate scenario
at low (A) and high elevations (B).
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current climate scenario.
A

Table 1 Statistics of the percent change of streamflow
based on the predictive daily medians over the simulation
period under the double CO2 scenario compared to the
EWTTGPVENKOCVGUEGPCTKQ WPKV 

B

Lower 2.5%
quantile
Low
Winter
–20.6
elevations Spring
–1.88
Summer
–40.9
Fall
–35.6
High
Winter
–11.9
elevations Spring
–2.19
Summer
–52.7
Fall
–35.5
Percent change
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3HUFHQWDJHFKDQJHVRIVWUHDPÀRZ 
Fig. 4 Probability density plots of percent changes of
UVTGCOƀQYDCUGFQPVJGRTGFKECVGFFCKN[OGFKCPUQXGTVJG
simulation period under the doubled CO2 scenario (orange
line), compared with that for scenarios of only temperature
change (red line) and only precipitation change (blue line),
both shown for low elevations (A) and high elevations (B).

as the daily medians so is not reported here. In fact, Each
day has full predictive distributions of soil moisture and
VWUHDPÀRZDQGLWLVYHU\GLI¿FXOWWRSUHVHQWYHU\FOHDUO\WKH
full distributions each day with so many days, so we chose
to focus on the medians from the posteriors and compare
them under doubled CO 2 climate scenario and current
climate scenario. Due to a nonlinear relationship between
SUHFLSLWDWLRQDQGVWUHDPÀRZWKHGHFUHDVHVLQSUHFLSLWDWLRQ
have more impact than the increases at Coweeta Basin. In
IDOOWKHSHUFHQWGHFUHDVHRIVWUHDPÀRZFRXOGEHWKUHHWLPHV
as large as the decrease in precipitation, while the increased
spring precipitation is expected to have a small benefit
because of higher demand by plants.
To understand the relative contributions of changes
LQ SUHFLSLWDWLRQ YV WHPSHUDWXUH ZHFRPSDUHG VWUHDPÀRZ
for scenarios with changes in temperature or precipitation

Median
–5.84
16.1
–15
–20
7.64
13.7
–29.3
–17.1

Upper 2.5%
quantile
5.47
39.8
15.8
–10.9
68.7
49.9
13.1
–4.34

Mean
–7.08
17
–13.9
–20.7
13.1
16.3
–27.1
–18

alone to the baseline climate scenario. Temperature
change was found to have a substantially greater impact
on median changes, whereas precipitation change had
important consequences for extremes for low and high
elevations (Fig. 4). Precipitation is responsible for more
complex changes, being multi-modal. With precipitation
change alone streamflow shows an overall decline with
an over-time median decrease rate of 2.7% and 2.0% at
low and high elevations respectively. With temperature
FKDQJHDORQJVWUHDPÀRZVKRZVDODUJHUGHFUHDVHLQRYHU
time median rates of 8.3% and 6.9% at low and high
elevations, respectively. Despite relatively lower sensitivity
to precipitation change, in terms of these median changes
of streamflow, extreme flows are most affected by
precipitation change. At low elevations the 95% credible
LQWHUYDO RI SHUFHQW VWUHDPÀRZFKDQJHLV ± 
with precipitation changes alone, larger than the 95%
credible interval of (–17.4%, 0.559%) predicted with the
temperature change alone. At the high elevations, the
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95% credible interval is (–36.9%, 51.6%) when there is
only precipitation change and (–26.1%, 39.8%) when
there is only temperature change. Whether streamflow is
more sensitive to precipitation or to temperature depends
on the soils, vegetation, and most importantly, climatic
regime of the region. In a high-rainfall climate like
Coweeta basin, small changes in precipitation may not have
VXEVWDQWLDO LPSDFW EH\RQG PRUH IUHTXHQW ÀRRGLQJ ,Q FRRO
regions increased temperature may have a large impact.
For example, streamflow could be substantially more
sensitive to temperature than to precipitation in Hudson
%D\ LQ &DQDGD :DJJRQHU  +RZHYHUVWUHDPÀRZ
is expected to be more sensitive to precipitation than
temperature in some d r y areas in Australia, China and
Japan (Chiew et al. 1995; Guo et al. 2002; Tanakamaru
and Kadoya 1993).
Reduced stream flows and more frequent drought have
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been predicted in many parts of the world (Fowler et al.
2007). In our study region, low flows associated with
drought will be more frequent in summer and fall. At low
HOHYDWLRQVVWUHDPÀRZLVEHORZPPGD\RIWKHWLPH
(median) for the baseline climate scenario, and 21% of the
time for the doubled CO2 scenario; at high elevations, the
SHUFHQWDJHRIWLPHZKHQVWUHDPÀRZLVOHVVWKDQPPGD\
will increase from 14% at baseline climate scenario to 20%
under the doubled CO2 climate scenario. Moreover, the 30quantile of the medians of streamflow under the baseline
climate scenario for low elevations becomes 37-quantile
under the changing climate scenario, indicating that the
VWUHDPÀRZZLOOEHEHORZDFHUWDLQYDOXHRIWLPHXQGHU
the baseline scenario, and it will be below that same value
37% of time under the changing climate scenario. The same
is for high elevations, 30-quantile of the medians of the
VWUHDPÀRZXQGHUWKHEDVHOLQHFOLPDWHVFHQDULREHFRPHV

10 100 1000

10

20

Retum period (years)

30

40

x

(KI#6JGFKCIPQUVKERNQVUQHVJG)'8FKUVTKDWVKQP NGHVHQWT CPF)2FKUVTKDWVKQP TKIJVHQWT HQTNQYGNGXCVKQPUCVEWTTGPV
ENKOCVGUEGPCTKQUJQYKPICIQQFſV

0.0 0.2 0.4 0.6 0.8 1.0

20

30

40

50

Empirical

0.0 0.2 0.4 0.6 0.8 1.0

10

20

30

40

Model

Returm level plot

Density plot

Returm level plot

Density plot

100 1000

10 20 30 40 50
z

f(x)

20 40 60 80 100

Returm level

f(z)

10

0.00 0.02 0.04

80
60

1

Retum period (years)

0.1 1

10 100 1000

Retum period (years)

0.0 0.1 0.2 0.3 0.4

Empirical

0.06

Model

40
0.1

10 20 30 5040

Model

10

Quantile plot

Empirical

20

Returm level

Probability plot

0.0 0.2 0.4 0.6 0.8 1.0

Empirical

Quantile plot

10 20 30 40 50

Model

0.0 0.2 0.4 0.6 0.8 1.0

Probability plot

10

20 30 40 50
x

(KI$6JGFKCIPQUVKERNQVUQHVJG)'8FKUVTKDWVKQP NGHVHQWT CPF)2FKUVTKDWVKQP TKIJVHQWT HQTNQYGNGXCVKQPUCVVJG
doubled CO2UEGPCTKQUJQYKPICIQQFſV

WU Wei, et al$SSOLFDWLRQRID)XOO+LHUDUFKLFDO%D\HVLDQ0RGHOLQ$VVHVVLQJ6WUHDPÀRZ¶V5HVSRQVHWRD&OLPDWH&KDQJH6FHQDULRDWWKH&RZHHWD%DVLQ1&86$

quantile under the changing climate.
2QWKHRWKHUKDQGDQDO\VLVRIV\QRSWLFÀRRGJHQHUDWLRQ
suggests that any future increase in storm frequency and
intensity might result in a higher frequency of extreme
floods (Longfield and Macklin 1999). Even though
precipitation has decreased over the last decade in some
areas, there has been no concurrent decrease in the
frequency in the extreme flows (Yu and Neil 1993).
$W WKH&RZHHWD %DVLQ WKH IUHTXHQF\ RI ÀRRG HYHQWV ZLOO
increase under the doubled CO2 scenario at both low and
high elevations. Specifically, exceedance probabilities of
peak events are substantially larger under the doubled CO2
VFHQDULRDQGVWUHDPÀRZLVKLJKHUXQGHUGRXEOHG&22 at the
same exceedance probabilities, suggesting more frequent
ÀRRGHYHQWVLQWKHGRXEOHG&22 scenario. GEV distribution
DQG*3GLVWULEXWLRQDUHJHQHUDOO\JRRG¿WWREORFNPD[LPD
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maximum likelihood estimator. The following two tables
(Tables 2 and 3) summarized the parameters and return
OHYHO HVWLPDWHVIRU GLIIHUHQW UHWXUQ SHULRGVIURPERWK¿WWHG
distributions at low and high elevations.
The lower the return period, the more precise the
estimate of the return level. GP distribution shows
more precise estimate (smaller 95% CI) than the
GEV distribution since more data are used to fit the
distribution. Maximum likelihood estimates for the return
level for a particular return period is higher under doubled
CO2 scenario than the baseline climate scenario, and there
is no overlapping between the 95% confidence intervals
for the estimates of the return level under the two climate
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6CDNG  6JG UVCVKUVKEU QH VJG HKVVKPI FKUVTKDWVKQPU CV NQY GNGXCVKQPU HQT HNQQF HTGSWGPE[ CPCN[UKU 0QVG %+ JGTG TGRTGUGPVU
EQPſFGPEGKPVGTXCNPQVETGFKDNGKPVGTXCNUKPEGKVKUPQV$C[GUKCPCNVJQWIJVJGCPCN[UKUKUDCUGFQPVJG$C[GUKCPRQUVGTKQTU
%+KUHTQOSWCPVKNGVQSWCPVKNG6JGUCOGCRRNKGUVQ6CDNG 
Return period
(years)
50
50
50
50
25
25
25
25
10
10
10
10
5
5
5
5

Model
GEV
GEV
GP
GP
GEV
GEV
GP
GP
GEV
GEV
GP
GP
GEV
GEV
GP
GP

Current /
Doubled CO2
D*
C**
D
C
D
C
D
C
D
C
D
C
D
C
D
C

Estimate of return
level (mm d-1)
46.48
34.77
45.29
33.72
39.59
31.01
39.69
30.29
31.34
26
33.13
26.09
25.57
22.08
28.72
23.16

95% CI of the
estimate (mm d-1)
(36.77, 69.38)
(29.71, 45.96)
(42.67, 47.90)
(31.84, 35.61)
(32.78, 54.52)
(27.10, 38.99)
(37.43, 41.94)
(28.62, 31.95)
(27.16, 39.33)
(23.24, 30.64)
(31.30, 34.95)
(24.70, 27.47)
(22.62, 29.80)
(19.92, 24.89)
(27.18, 30.27)
(21.97, 24.35)

Shape parameter
0.144
0.014
0.149
0.099
0.144
0.014
0.149
0.099
0.144
0.014
0.149
0.099
0.144
0.014
0.149
0.099

95% CI of the shape
parameter
(–0.0613, 0.419)
(–0.143, 0.833)
(0.118, 0.183)
(0.0685, 0.133)
(–0.0613, 0.419)
(–0.143, 0.833)
(0.118, 0.183)
(0.0685, 0.133)
(–0.0613, 0.419)
(–0.143, 0.833)
(0.118, 0.183)
(0.0685, 0.133)
(–0.0613, 0.419)
(–0.143, 0.833)
(0.118, 0.183)
(0.0685, 0.133)

* D represents doubled CO2 scenario; ** C represents the current climate scenario.

6CDNG6JGUVCVKUVKEUQHVJGſVVKPIFKUVTKDWVKQPUCVJKIJGNGXCVKQPUHQTƀQQFHTGSWGPE[CPCN[UKU
Return period
(years)
50
50
50
50
25
25
25
25
10
10
10
10
5
5
5
5

Model
GEV
GEV
GP
GP
GEV
GEV
GP
GP
GEV
GEV
GP
GP
GEV
GEV
GP
GP

Current /
Doubled CO2
D
C
D
C
D
C
D
C
D
C
D
C
D
C
D
C

Estimate of return
level (mm d-1)
160.09
135.58
180.41
154.63
128.43
109
142.34
121.76
93.9
79.81
103.65
88.48
71.97
61.13
81.22
69.28

VFHQDULRVE\¿WWLQJ *3 GLVWULEXWLRQLQGLFDWLQJUHWXUQOHYHO
is significantly larger under the doubled CO 2 scenario
WKDQ WKH EDVHOLQH FOLPDWH VFHQDULRDQG WKHUHIRUHWKH ÀRRG
frequency is larger. It is not possible to determine the block
maxima follow a Fréchet (ȟ>0), Gumbel (ȟ=0), or Weibull
(ȟ<0) distribution since the shape parameter (ȟ) ranges
IURP QHJDWLYH WR SRVLWLYH6LQFH ZH KDYH RQO\  \HDUV¶
VWUHDPÀRZGDWD IRU KLJK HOHYDWLRQVDQG  \HDUV¶GDWD IRU
ORZHOHYDWLRQV DQG WKH VWUHDPÀRZ DW KLJKHU HOHYDWLRQV LV
larger than at low elevations (also see the results by Wu et
al. 2010), the estimate of the return level are involved with
more uncertainties (larger 95% CI range) at high elevations,
especially for a return period of 50 years.

95% CI of the
estimate (mm d-1)
(112.67, 277.21)
(94.80, 240.09)
(167.87, 192.96)
(143.60, 165.67)
(96.72, 201.38)
(81.86, 173.33)
(132.51, 152.16)
(113.15, 130.37)
(75.85, 130.40)
(64.40, 111.28)
(96.59, 110.70)
(82.33, 94.64)
(60.21, 91.34)
(50.99, 77.90)
(75.77, 86.67)
(64.54, 74.02)

Shape parameter
0.258
0.25
0.329
0.334
0.258
0.25
0.329
0.334
0.258
0.25
0.329
0.334
0.258
0.25
0.329
0.334

95% CI of the shape
parameter
(–0.119, 0.635)
(–0.218, 0.985)
(0.291, 0.369)
(0.295, 0.376)
(–0.119, 0.635)
(–0.218, 0.985)
(0.291, 0.369)
(0.295, 0.376)
(–0.119, 0.635)
(–0.218, 0.985)
(0.291, 0.369)
(0.295, 0.376)
(–0.119, 0.635)
(–0.218, 0.985)
(0.291, 0.369)
(0.295, 0.376)

The Little Tennessee Basin (1797 square mile) where
RXUVWXG\DUHDVGUDLQKDVH[SHULHQFHGVLJQL¿FDQW SRSXODWLRQ
growth and increased demand of freshwater resources
for municipal- industrial- recreational- agricultural
uses. Changes in streamflow generation in headwater
catchments can have potentially devastating implications
downstream. The prediction of both increased drought
and flood events, together with lower streamflow in the
summer and fall as early as 2100 when CO2 concentration
in the atmosphere is likely to double (Watson and Core
Writing T eam 2001) suggests that water resource
managers will be challenged to meet the demands of a
rapidly growing population for drinking water and flood

WU Wei, et al$SSOLFDWLRQRID)XOO+LHUDUFKLFDO%D\HVLDQ0RGHOLQ$VVHVVLQJ6WUHDPÀRZ¶V5HVSRQVHWRD&OLPDWH&KDQJH6FHQDULRDWWKH&RZHHWD%DVLQ1&86$

protection. According to the USGS (available at http://
ga.water.usgs.gov/edu/qa-home-percapita.html, last access
on April 26, 2012), the average American generally uses
from 80–100 gallons of water each day. 79 493 population
lived in Little Tennessee Basin from 2000 Census and it
is expected to be more now. The study areas only occupy
RIWKHZKROHEDVLQEXWWKHVXPPHUPHGLDQÀRZV
(assuming the flow can totally be used for water supply)
can support 1.2% to 3.1% of the population of the whole
EDVLQLQZDWHUXVHDQGWKHIDOOPHGLDQÀRZVFDQVXSSRUW
WRRIWKHSRSXODWLRQRIWKHVWUHDPÀRZUHGXFWLRQ
at low elevations and 29% reduction at high elevations in
the summer under the doubled CO2 climate scenario will
reduce the population the watersheds can support to 0.9% to
2.2%, a reduction of 25% to 29% from the current climate
scenario. 23% reduction in streamflow at low elevations
and 18% reduction at high elevations in the fall under the
doubled CO2 climate scenario will reduce the population
the watersheds can support to 1.4%–3.5%, a reduction of
17%–18% from the current climate scenario. The impact of
possible climate change will be likely to couple with land
use change in the basin to affect water supply even further.

4 Conclusions
Analysis shows that doubled CO 2 in atmosphere may
exaggerates extremes in both soil moisture and runoff,
with more frequent, intense droughts and floods from
the analysis at both low and high-elevation watersheds.
Informed management decisions will require accurate
and reliable predictions of future conditions. Hierarchical
Bayesian models integrating multiple long term data sets
with scenarios of future change provide full predictive
distributions with uncertainties from different sources
accounted for. Compared to deterministic point estimates,
the richer information from full distributions can be reliable
basis for a more informed sustainable water resource
management, helping resource managers anticipate
hydrological extremes under climate change and adapt more
effectively to climate change to ensure water security.
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