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[1] A daily stochastic streamflow generation model is presented, which successfully
replicates statistics of the historical streamflow record and can produce climate-adjusted
daily time series. A monthly climate model relates general circulation model (GCM)-scale
climate indicators to discrete climate-streamflow states, which in turn control parameters in
a daily streamflow generation model. Daily flow is generated by a two-state (increasing/
decreasing) Markov chain, with rising limb increments randomly sampled from a Weibull
distribution and the falling limb modeled as exponential recession. When applied to the
Potomac River, a 38,000 km2 basin in the Mid-Atlantic United States, the model reproduces
the daily, monthly, and annual distribution and dynamics of the historical streamflow
record, including extreme low flows. This method can be used as part of water resources
planning, vulnerability, and adaptation studies and offers the advantage of a parsimonious
model, requiring only a sufficiently long historical streamflow record and large-scale
climate data. Simulation of Potomac streamflows subject to the Special Report on
Emissions Scenarios (SRES) A1b, A2, and B1 emission scenarios predict a slight increase
in mean annual flows over the next century, with the majority of this increase occurring
during the winter and early spring. Conversely, mean summer flows are projected to
decrease due to climate change, caused by a shift to shorter, more sporadic rain events. Date
of the minimum annual flow is projected to shift 2–5 days earlier by the 2070–2099 period.
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1. Introduction

[2] Water resources planners and engineers are currently
attempting to reconcile two competing concepts : that water
management policy must adapt to address the nonstationary
nature of hydrologic systems and that estimates of stream-
flow effects due to climate change often have greater uncer-
tainty than climatic variables, such as temperature,
precipitation, and evapotranspiration [Matalas, 1997]. As
stated by Srikanthan and McMahon [2001], one of the
major gaps in the design and operation of hydrological sys-
tems is the quantification of uncertainty as a result of cli-
matic variability.

[3] This paper presents a novel extension of existing
daily stochastic streamflow models [Sargent, 1979; Aksoy
and Bayazit, 2000; Szilagyi et al., 2006] to generate an infi-
nite set of long climate-adjusted streamflow time series.
This is accomplished by linking parameters of a daily
streamflow generation model to discrete climate-

streamflow states in a monthly Markov-chain climate
model. Climate-streamflow states are classified using his-
torical general circulation model (GCM)-scale climate indi-
cators and state transition probabilities are modified to
simulate nonstationarity.

[4] The method is designed as a means to extend the his-
torical record and expand the set of feasible streamflow
time series for use in water resources planning, vulnerabil-
ity, and adaptation studies. This procedure uses a physi-
cally based statistical model to generate streamflow traces
that reproduce historical flow distributions at multiple tem-
poral scales (daily, monthly, and annual), while also repro-
ducing watershed dynamics, including extreme low flows,
hydrograph shape, and serial correlation. Parameters are
linked to climate predictors so that the effects of climate
change on daily streamflow may be simulated using water-
shed response to historical climatic variability.

[5] The model was originally developed to generate long
sequences of feasible streamflow time series in the Poto-
mac River to simulate, analyze, and optimize water man-
agement policies. The 38,000 km2 Potomac River basin is
located in the Mid-Atlantic United States, along the borders
of Maryland, Virginia, and West Virginia. The Potomac
River is vital for supplying water to the Washington, D. C.,
metropolitan area, accounting for approximately 78% of
the region’s annual water demand [Ahmed et al., 2010]. In
light of this importance, a quantitative evaluation of the
effects of climate change on the Potomac River was needed
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to ensure that water management plans are sufficiently ro-
bust to satisfy future requirements.

[6] Attempts to use the existing HSPF-based Chesapeake
Bay Watershed Phase 5.3 Model [U.S. Environmental Pro-
tection Agency, 2010] for this purpose produced unrealisti-
cally low drought flows in the Potomac River, prompting
attempts to develop alternative means to reproduce stream-
flow dynamics and statistics. At the Little Falls Station
(USGS gauge 01646500), used as a case study herein, the
Chesapeake Bay Model underpredicts the annual 7 day low
flow during each year of its calibration period 1984–2005,
with a mean bias of 2.26 � 106 m3/day, or 57.1%, and pro-
duces only a moderate Nash-Sutcliffe efficiency of 0.508
when viewed on a continuous, daily basis. Errors in mod-
eled low flows are likely related to an emphasis during
model development by the EPA on pollutant fluxes, which
depend more highly on typical and high flows. While not as
physically comprehensive as a rainfall-runoff model such
as the Chesapeake Bay Model, the proposed method is
more capable of generating random streamflow time series
that reproduce the historical distribution and dynamics of
the Potomac River, while also allowing for relatively sim-
ple evaluation of climate change scenarios in the region.

[7] This paper first presents the analysis and streamflow
generation procedure of the proposed method in detail.
This method is an extensible framework, which can be
expanded and modified to meet particular modeling needs.
Details of the Potomac River basin case study are then pre-
sented. The model and its application in the Potomac River
are validated by generating streamflow traces that repro-
duce the distribution of the historical streamflow record.
The model is further tested using GCM simulations of the
20th century to determine which GCMs perform best and if
there are consistent biases among the GCM results. Finally,
climate change scenarios are simulated using the developed
models and compared to other projections of climate
change effects on the region’s water resources.

2. Background

2.1. Stochastic Streamflow Models

[8] Stochastic streamflow methods originally focused on
long-term water planning and tended to operate at the
monthly or annual time scale, typically employing some
form of the autoregressive (AR) model. One of the first
autoregressive models used for streamflow generation, the
Thomas-Fiering model [Thomas and Fiering, 1962] is, in
essence, a periodic lag-one AR(1) process. Though still
employed, the Thomas-Fiering model has generally been
supplanted by the Box-Jenkins set of autoregressive-
moving average (ARMA) functional forms [Box and Jen-
kins, 1970]. ARMA(1,1) models have generally been
shown to be more effective at generating monthly stream-
flow time series [Bartolini and Salas, 1993; Stedinger
et al., 1985]. These models are sometimes classified as per-
iodic autoregressive moving average (PARMA) models,
referring to their periodic structure, with seasonally varying
means, standard deviations, and lag coefficients.

[9] In their most basic form, autoregressive models
assume normality, which is rare in natural streams. Flows
tend to be positively skewed, with a lower bound related to
baseflow, and an unbounded upper tail, corresponding to

extreme flood events. To effectively use autoregressive
models, raw flows must be transformed to approximate a
normal distribution, using several available methods
including differencing, logarithm transforms, the gamma
distribution [Hirsch, 1979], or the Box-Cox transformation
[Box and Cox, 1964]. Without these transformations, autor-
egressive models can produce anomalous results, such as
negative flows.

[10] Daily streamflow generation models originally
employed the AR model as well, typically with a lag-1 or
lag-2 process [Beard, 1967; Quimpo, 1968; Quimpo and
Yevjevich, 1967; Payne et al., 1969]. However, the charac-
teristic hydrograph shape, with its intermittent, highly
skewed storm pulses and gradual recession, is difficult to
reproduce using autoregressive models without significant
modifications [Sharma et al., 1997]. Several methods have
since been proposed which maintain historical distributions
while better approximating natural hydrograph shapes,
including disaggregation schemes and shot noise (SN)/
Markov Chain models.

[11] Disaggregation schemes begin with monthly or an-
nual models, such as ARMA, and then apportion flows to
create daily or weekly series. Original parametric disaggre-
gation models used statistical parameters from historic time
series to temporally disaggregate annual flows [Valencia
and Schakke, 1973; Stedinger and Vogel, 1984; Mahee-
pala and Perera, 1996]. In large systems, this type of
model can quickly become over-parameterized [Grygier
and Stedinger, 1988]. More recent approaches to disaggre-
gation operate on the principle of resampling. The method
of fragments, originally proposed by Harms and Campbell
[1967], resamples short duration fragments of the historical
record [Srikanthan and McMahon, 1982] or synthetically
generated hydrographs [Porter and Pink, 1991] and scales
them to match monthly or annual sums. Nonparametric
techniques such as moving block bootstrapping [Vogel and
Shallcross, 1996] or K-Nearest Neighbor models [Lall and
Sharma, 1996; Prairie et al., 2006; Buishand and
Brandsma, 2001] have been applied more recently to iden-
tify appropriate fragments.

[12] SN models were introduced to produce a more real-
istic daily hydrograph by modeling the in-stream response
produced by a pulse, corresponding to a storm event. In the
original SN streamflow models, Weiss [1977] modeled
rainfall occurrences as a Poisson process, with intensities
following an exponential distribution. Watershed response
is also modeled exponentially, with separate transfer func-
tions for base flow and direct runoff. Treiber and Plate
[1975] extended this model using transition (Markov) prob-
abilities to control pulse and recession days and a transfer
function which convolved pulses to generate runoff. Sar-
gent [1979] condensed this method, focusing on a more
conceptual model of runoff generation, using a modified
exponential distribution for pulse heights and an exponen-
tial decay for recession curves.

[13] The SN-Markov chain model is more physically
consistent with hydrologic processes, is capable of main-
taining flow characteristics at the monthly and annual
aggregated scale, and performs favorably when compared
to other models [Chapman, 1997]. This general model for-
mulation has since been used to generate synthetic daily
streamflows in a wide range of hydrologic scenarios

STAGGE AND MOGLEN: A STOCHASTIC METHOD FOR DAILY CLIMATE-ADJUSTED STREAMFLOWS

6180



[Kottegoda, 1980] including intermittent streams [Aksoy
and Bayazit, 2000; Aksoy, 2003] and multiple sites
[Szilagyi et al., 2006].

2.2. Climate Change and Streamflows in the Mid-
Atlantic

[14] Climate research suggests that the Earth’s climate is
changing due to human activities, which alter the composi-
tion of the global atmosphere, increasing levels of carbon
dioxide and other greenhouse gases [Meehl et al., 2007b].
All scenarios assessed by the Intergovernmental Panel on
Climate Change (IPCC) project increases in global mean
surface air temperature, with scenarios beginning to
diverge by the end of the next century (2090–2100) [Meehl
et al., 2007b].

[15] Climate projections in the Mid-Atlantic region pre-
dict moderate increases in mean annual temperature, precip-
itation, and streamflow over the next century [Najjar et al.,
2009; Pyke et al., 2008; Hayhoe et al., 2008; Meehl et al.,
2007b]. An evaluation of the four best performing GCMs
in the Chesapeake Bay watershed suggests an increase in
mean annual temperature of 3.9 6 1.1�C and an increase in
precipitation of 9 6 12% by the end of the century under the
most severe A2 scenario [Najjar et al., 2009]. This contin-
ues the historical trend of precipitation increases throughout
the northeast United States during the 20th century [Grois-
man et al., 2001, 2004]. Milly et al. [2005] predict a 3.6%
increase in mean annual streamflow (SRES A1B) for the
2041–2060 period in the Mid-Atlantic, with 55–70% of
GCM models showing an increase in flow by this time pe-
riod. Variability in these results follows the pattern outlined
in Matalas [1997], with the greatest confidence in tempera-
ture models, followed by precipitation and ultimately
streamflow, which shows the highest uncertainty.

[16] Despite projected increases in mean annual precipi-
tation and flow for the Mid-Atlantic, variation in the distri-
bution and seasonality of precipitation and runoff is
potentially more important for water resources manage-
ment. Storm events in the region are projected to become
both more severe and intermittent, with precipitation inten-
sity expected to increase by one standard deviation along
the east coast of the United States by the end of the 21st
century, concurrent with a decrease in the total number of
storm events [Meehl et al., 2007b]. The annual number of
dry days in the region is projected to increase by 0.25–0.5

standard deviations by 2100 [Tebaldi et al., 2006]. This
increase in dry days, combined with an increase in heat
waves, defined as consecutive days with temperatures at
least 5�C higher than daily norms, will likely produce lon-
ger and more pronounced droughts for the region [Meehl
et al., 2007b].

[17] These projections suggest a moderate increase in
mean flows, with greater likelihood of both flooding, due to
storm intensity, and drought, due to prolonged dry periods.
Seasonality is also expected to shift, with the greatest
increase in precipitation occurring during the winter and
spring [Najjar et al., 2009]. Similar seasonal trends were
noted in Mccabe and Ayers [1989], Moore et al. [1997],
and Hayhoe et al. [2008].

3. Model Definition

3.1. Model Overview

[18] The proposed model is designed to simulate daily
streamflows under both current and potential future climate
conditions. It is a combination of a monthly climate model,
which generates climate based on the likelihood of discrete
climate-streamflow states, and a daily streamflow model,
which generates hydrographs based on parameters tied to
the climate-streamflow state.

3.2. Daily Streamflow Model

[19] The daily streamflow generation model consists of
two parts: (i) determination of the river’s state, i.e.,
increasing or decreasing streamflow and (ii) calculation of
the ascension or recession curve based on this state. A two-
state Markov chain is employed to determine whether flow
is increasing (wet) or decreasing (dry) on a given day. The
Markov chain is assumed to be first order, depending only
on whether the previous day was ‘‘wet’’ or ‘‘dry,’’ and can
be represented by the transition probability matrix:

P ¼ Pdd Pdw

Pwd Pww

� �

[20] where Pdd is the probability of a dry day provided
that the previous day was dry, Pdw is the probability of a
wet day given the previous day was dry, Pwd is the proba-
bility of a wet day following a dry day, and Pww is the prob-
ability of a wet day following a dry day (Figure 1a).

Figure 1. (a) Daily Markov state transition, (b) increasing limb, and (c) decreasing limb.
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[21] The ascension limb of the daily hydrograph, occur-
ring on wet days, is simulated by randomly generating daily
flow increases, DQ, from a Weibull distribution (Figure
1b). The Weibull distribution was found to provide the best
fit to flow increments in the Potomac data set (Figure 2),
mirroring results in Szilagyi et al. [2006]. Goodness of fit
was determined based on log likelihood and the Bayesian
information criterion. The two-parameter gamma distribu-
tion used in Aksoy [2003] was also tested but was found to
provide a poor fit to the data (Figure 2). Selection of the
Weibull distribution is reasonable, given its success in sim-
ilar studies [Szilagyi et al., 2006] and its use in many other
hydrologic applications as an extreme value distribution
with a relatively flexible shape parameter. Randomly gen-
erated increment values are then ranked in increasing order
from smallest to largest increment, which occurs at the
hydrograph peak. This preserves the correlation structure
of the ascension curve and the characteristic shape of daily
hydrographs [Aksoy, 2003].

[22] The recession curve, occurring on dry days, is mod-
eled as exponential decay, which is a simple, yet generally
accepted form for baseflow recession [Tallaksen, 1995]
(Figure 1c):

Q ¼ Qoe�bt ð1Þ

[23] Previous studies have separated streamflow reces-
sion into two portions (upper and lower) with unique reces-
sion coefficients [Sargent, 1979; Aksoy, 2003; Szilagyi
et al., 2006]. These recession equations take the form,

Q ¼ Qoe�bupper t ð2Þ

Q ¼ Q�e�blower t�t�ð Þ ð3Þ

where bupper is the upper recession coefficient, blower is the
lower recession coefficient, Qo is the preceding peak flow,
Q
�

is the initial flow in the lower recession, t is the number
of days after the peak, and t� is the time from the start of
the lower recession. Conceptually, the upper coefficient
describes recession following a large storm event, which is
primarily influenced by channel storage, while the lower

coefficient models baseflow recession, which is influenced
by groundwater storage. Rather than employing an arbi-
trary splitting criterion, like the monthly mean flow [Aksoy,
2003] or the 90% ratio [Sargent, 1979], breakpoints were
selected iteratively to minimize the sum of squared error
for the upper and lower recession curves.

[24] Because the purpose of this model is to generate
daily streamflow scenarios for use in water resources plan-
ning and drought management, greater attention was paid to
low flow modeling. With this in mind, a third recession
coefficient was added to model extreme low flow recession:

Q ¼ Qdrought e�bdrought t�tdroughtð Þ ð4Þ

where bdrought is the drought recession coefficient, Qdrought

is the initial flow during drought recession, and tdrought rep-
resents time from the start of the drought recession. This
addition considerably improved low flow accuracy, pre-
venting flows from approaching zero during extreme low
flow events. Inclusion of an additional term is reasonable in
the Potomac River application given that previous uses of
the model focused on intermittent streams, where zero flow
is expected [Aksoy, 2003]. The extreme low flow criteria
point was set at the 5% low flow exceedance level by maxi-
mizing goodness of fit and confirmed visually using flow-
duration curves. The drought recession coefficient is
assumed to be equal for all climate states, as it depends
only on baseflow and river stage. The low flow drought
condition is experienced very rarely, with only 56% of
years in the historical record (1931–2007) falling below
this level at any point, typically only for 1–5 days.

3.3. Monthly Climate Model

[25] Simulation of the monthly climate-streamflow states
is governed by a first-order Markov chain, with transition
probabilities derived from the historical record. Monthly
climate-streamflow states may be tied to temperature, geopo-
tential heights, precipitation, humidity, or any number of cli-
mate indices. Classifying monthly climate into discrete states
is common in synoptic atmospheric research and has been
used to correlate global climate indicators with local weather
cycles [Kalkstein et al., 1987; Yarnal and Draves, 1993;

Figure 2. Example P-P (left) and Q-Q (right) plots for the increasing limb in the Potomac River during
May. The two-parameter gamma distribution is shown as a solid line, while the Weibull distribution is
shown as a dashed line.
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Michelangeli et al., 1995; Huth, 1999]. Several climate gen-
eration models use Markov chains to describe climatic pat-
terns, either explicitly through circulation typing or implicitly
using hidden Markov models [Hughes and Guttorp, 1994;
Bellone et al., 2000; Thyer and Kuczera, 2003; Sansom and
Thomson, 2007]. In this manner, the proposed method is sim-
ilar to statistical downscaling and uses common statistical
techniques to link GCM-scale climate to finer resolution phe-
nomena. While the mathematical principles are similar, there
are important differences in their purposes. Statistical down-
scaling relates a particular GCM simulation to climate at a
finer resolution and/or corrects for model bias. The proposed
method instead uses GCM output to classify months into dis-
crete states and then calculates the transition probability
between these states. The effects of climate change are then
simulated by adjusting the Markov transition probabilities
based on future GCM scenarios, mirroring shifts in monthly
climate patterns. In this way, the original GCM simulation
time series is not used directly to generate streamflow.

[26] During the analysis process (Figure 3), principal
component analysis (PCA) [Hotelling, 1933] is used (i) to
investigate patterns in variation within the daily streamflow
model parameters and (ii) to condense these parameters
into a smaller set of components that are mutually orthogo-
nal. PCA is commonly used in climatology in this manner
to condense and normalize multivariate climate data prior
to clustering [Corte-Real et al., 1999]. It is particularly use-
ful when variables are highly correlated, as is the case with
streamflow parameters Pdw, Pww, shape, scale, blower, bupper,
and the recession breakpoint.

[27] The resulting normalized and orthogonal compo-
nents are grouped using a hierarchical [Ward, 1963] clus-
tering algorithm in JMP statistical software (JMP, version
7, SAS Institute Inc., Cary, NC, 1989–2007). Ward’s
method minimizes the within-cluster sum of squares at
each cluster step, while merging clusters based on the
squared distance between the new centroid and the two
original centroids, weighted by the number of observations
[Ward, 1963]. Ward’s clustering was selected after initial
comparisons with K-means clustering showed that Ward’s
clustering was more capable of handling outliers and
allowed for better interpretation and selection of optimal
clusters through the dendrogram.

[28] Clustered streamflow parameters are then related to
large-scale climate indices using historical GCM data. This

analysis is performed using discriminant function analysis
(DFA), a statistical method used to determine the set of
continuous variables that best assigns observations to pre-
determined groups. In this instance, DFA is used to identify
the combination of 15 potential climate measures that best
classifies membership to the monthly climate states deter-
mined through clustering. Variables are tested for inclusion
in a stepwise manner based on Wilk’s lambda, a measure
of separation between the centroids. The resulting predic-
tive equation uses the Mahalanobis distance of each obser-
vation to the cluster centroid. This distance is of the form:

D2 ¼ x� xj

� �0
V̂j
�1

x� xj

� �
ð5Þ

where D2 represents the Mahalanobis distance, x represents
the point in question, xj is the jth centroid, and V̂j is the co-
variance matrix. The resulting discriminant equation uses
the Mahalanobis distances to calculate the probability of
membership to a particular class based on the sum of the
negative exponentials of the distances. For instance, the dis-
criminant function for membership to class 1 is as follows:

P 1=xð Þ ¼ 1

1þ e�
1
2 D2

2�D2
1ð Þ þ e�

1
2 D2

3�D2
1ð Þ þ � � �

ð6Þ

3.4. Generating Historical and Climate-Adjusted
Streamflows

[29] To generate historical or climate-adjusted daily
streamflows based on GCM simulations, the analysis pro-
cess is reversed: (i) discriminant functions obtained
through historical analysis are used to classify future GCM
realizations into monthly climate-streamflow states, (ii)
new climate state transition probabilities are calculated,
and (iii) the daily flow model is executed using the newly
adjusted climate-streamflow state transition probabilities
and historical flow parameters associated with each state.

[30] Accuracy of this process may be validated by ana-
lyzing and simulating flows based on the historical record.
In this case, the discriminant functions are used to reclas-
sify historical months into climate states, allowing for mis-
classification due to errors in the discriminant functions.
Transition probabilities are then obtained, daily stream-
flows generated, and results compared with the true

Figure 3. Streamflow analysis and model-fitting procedure.
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historical time series at daily, monthly, and annual scales.
This step provides both validation of the model and gener-
ates a baseline model, against which the climate-adjusted
results can be compared (Figure 4).

4. Results

4.1. Data Preparation

[31] The Potomac River was used as a case study to dem-
onstrate the capabilities of the proposed stochastic stream-
flow generation method. Flows were analyzed and
simulated for USGS stream gauge 01646500, located on
the Potomac River near the Little Falls pumping station in
Washington, D. C. A daily record of streamflows between
1 October 1929 and 30 November 2007 was obtained from
the Interstate Commission on the Potomac River Basin
(ICPRB). This dataset was adjusted by the ICPRB to reflect
historic flows in the Potomac River without the effects of
human interaction, calculated by adding daily river with-
drawals and mathematically removing reservoir releases
from the historical record [Ahmed et al., 2010]. This adjust-
ment compensates for the effects of increasing population
and development, allowing for more accurate comparisons
across a long time series. The effects of land-use change on
streamflow were initially considered; however, this impact
was found to be minor [Stagge and Moglen, 2011] in rela-
tion to uncertainty in streamflow simulation and was there-
fore not included in this study. The small effect of land-use
change on Potomac flows is attributed to the watershed’s
large size and the offsetting trends of urban and suburban
development and agriculture to forest conversion [Stagge
and Moglen, 2011]. The effect of land-use change could be
more significant for smaller, more flashy watersheds.

[32] Both monthly and daily historical climate data were
obtained from the NOAA-CIRES 20th Century Reanalysis

(V2) data set, made available by NOAA and the U.S.
Department of Energy [Compo et al., 2011]. Grid dimen-
sions (2.0� latitude � 2.0� longitude) are comparable to
available climate-adjusted GCM datasets, which reduces
the likelihood of scaling effects.

[33] Five GCMs (Table 1) were used to simulate
climate-adjusted streamflows. Each GCM is based on the
IPCC’s AR 4 round of climate models and was accessed
via the WCRP CMIP3 Multi-Model data portal [Meehl
et al., 2007a]. For all GCMs, climate variables identical to
the historical climate data set were used, with historical cli-
mate represented by the Climate of the 20th century
(20C3M) scenario, and potential future climate simulated
by the SRES A1b, A2, and B1 emission scenarios. Current
conditions were simulated based on the 1961–2000 time
period, while future climate scenarios were separated into
three segments of equal duration: 2010–2039, 2040–2069,
and 2070–2099.

4.2. Fitting the Daily Streamflow Model

[34] Parameters of the daily streamflow model were fit to
each month in the historical record individually, with each
day classified as either increasing, ‘‘wet state’’ or decreas-
ing, ‘‘dry state.’’ State transition probabilities were calcu-
lated as:

Pij ¼
nijX

j

nij

; i; j ¼ w; d ð7Þ

where nij represents the number of observed transitions
from state i to j. Wet day increments for each month were
fit using the Weibull distribution based on maximum likeli-
hood estimation by the ‘‘fitdistrplus’’ package in R (version
2.12.0) [Delignette-Muller et al., 2010]. Goodness of fit
was summarized using the Bayesian information criterion.
Dry day recession coefficients were calculated using non-
linear least-squares estimation (R-‘‘nls’’ package). Flows
were then ranked and all potential breakpoints tested itera-
tively to determine the optimal splitting criterion between
the upper and lower recession curves.

[35] The two transition probabilities of the daily flow
model operate in tandem to describe the frequency and du-
ration of the increasing limb, with Pdw analogous to storm
frequency and Pww analogous to storm duration. As would
be expected for the region, the winter and early spring is
characterized by low frequency, long duration events (low
Pdw, high Pww), while the summer and early fall months are
characterized by high frequency and short duration events
(high Pdw, low Pww) (Figure 5a).

[36] Recession coefficients control the streamflow reces-
sion rate for three distinct flow zones, with bupper related to
recession following large storm events, blower baseflow

Table 1. Evaluated Global Climate Models (IPCC-AR4)

Model Institution Location Reference

CCSM3 National Center for Atmospheric Research (NCAR) USA Collins et al. [2006]
CGM_3.1 Canadian Centre for Climate Modeling and Analysis Canada Flato [2005]
CSIRO_MK3 CSIRO Atmospheric Research Australia Gordon et al. [2002]
MIROC_3.2 Center for Climate System Research Japan Watanabe et al. [2011]
PCM1 National Center for Atmospheric Research (NCAR) USA Washington et al. [2000]

Figure 4. Streamflow generation procedure. Mean refers
to the area-weighted mean, N/S refers to the North/South
trend, and E/W refers to the East/West trend.
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recession, and bdrought related to recession during extreme
low flows. As expected, the recession coefficients affiliated
with groundwater storage show considerably less variabili-
ty than bupper (Figure 5b). Recession coefficients decrease
during the spring recharge period as more groundwater is
available for baseflow, slowing recession rates. Alterna-
tively, the large peak in bupper during the fall coincides with
the lowest annual groundwater levels.

[37] The scale and shape parameters of the Weibull dis-
tribution control the magnitude and flashiness of the
increasing limb, respectively. Low shape parameter values
correspond to a more flashy flow distribution, with more
extreme high flow increments and also more increments
near zero. These low shape values occur during the summer
and early fall, when rain events tend to be convective,
short, and severe (Figure 5c). In contrast, the late winter
and spring are characterized by high shape parameters, cor-
responding to more frontal storm events. The scale parame-
ter is related to the magnitude of storm events and, as such,
mirrors the general shape of monthly flows in the Potomac
River, with peaks in March and April and lowest values in
September and October (Figure 5d).

4.3. Extracting Principal Components from Model
Parameters

[38] Because of scaling issues and the potential for corre-
lation among the streamflow parameters (Pdw, Pww, shape,
scale, blower, bupper, and recession breakpoint), PCA was

used to calculate a smaller set of normalized, orthogonal
summary statistics. The scale parameter and the breakpoint
between upper and lower recession curves were adjusted
using a logarithmic transform prior to being normalized
because of their highly skewed nature.

[39] Three stopping criteria were used for PCA: the
Kaiser-Guttman criteria (eigenvalues �> 1) [Guttman,
1954; Kaiser, 1960], the Scree plot [Cattell, 1966], and
Parallel Analysis [Horn, 1965]. Agreement among these
tests was typical and resulted in 2–3 components being
retained for each month. Approximately 60–81% of the
standardized variance was explained by these components.
Across most months, the first eigenvector explained 38–
50% of the variance, with predominant loadings from the
recession coefficients, breakpoint, and scale parameters,
each in the same direction. The second component gener-
ally explained 17–31% of the variance and typically took
loadings from the state transition probabilities, Pdw and
Pww, in opposing directions. Where present, the third com-
ponent explained 15–17% of the overall variance, with
loading solely from either Pww or the shape factor. There
was no discernible temporal pattern in loading or in var-
iance explained.

4.4. Clustering Monthly Climate-Streamflow States

[40] Following PCA, the resulting normalized, orthogo-
nal components were grouped using a hierarchical [Ward,
1963] clustering algorithm in JMP statistical software

Figure 5. Daily streamflow model parameters. Line represents mean parameter, while errors bars sig-
nify standard deviation. (a) Transition probability, (b) recession coefficient, (c) increasing limb shape,
and (d) increasing limb scale.
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(JMP, version 7). Clustering showed a slight temporal
trend, with the winter and spring months tending toward
more (5–6) distinct clusters and the summer tending
towards fewer (4) clusters. Greater variability in flow
regimes during the winter and spring months may be
caused by a wider variety of complicating climate factors,
including snowmelt and long-term groundwater storage.

4.5. Creating Predictors of Climate-Streamflow States

[41] Clusters of historical streamflow regimes were then
related to historical climate using DFA. Potential climate
variables considered in this study include mean monthly
surface temperature (K), mean monthly surface pressure
(Pa), mean monthly precipitation rate (kg m�2 s�1),
monthly wet day frequency (%), and individual storm fre-
quency (%). Wet day frequency is the ratio of days with
measurable (>0.25 cm) rainfall to total days in a month,
while individual storm frequency is the ratio of unique rain-
fall events to total days in a month. These two measures
describe the frequency and duration of rainfall events in a
given month. To avoid issues at monthly boundaries,
ongoing storm events that began prior to the first day of a
month are considered a unique storm event.

[42] Variables involving precipitation were chosen based
on their direct relevance to surface hydrology. This is in
contrast to statistical downscaling techniques, which simi-
larly relate coarse GCM output to finer resolution climate
and most often rely on circulation-based predictors, such as
geopotential height [Bardossy and Plate, 1992; Wilby and
Wigley, 2000]. Use of GCM precipitation has been avoided
as a downscaling predictor because it is derived based on
parameterizations of other GCM simulated variables [Dai,
2006] and because validation studies have shown only
moderate predictive skill when compared with other mod-
eled GCM variables [Lau et al., 1996; Mearns et al.,
1995]. However, recent research has proposed that while
precipitation may be modeled less accurately, the use of
GCM precipitation has the advantage of integrating the

complex physical precipitation processes that use of circu-
lation indices alone may not [Maurer and Hidalgo, 2008;
Widmann et al., 2003]. Parameterization of GCM precipita-
tion is most reliable when considered at the monthly scale,
coarse spatial resolution (�500 km), and normalized [Eden
et al., 2012; Widmann and Bretherton, 2000] as in this
study, further supporting the use of normalized monthly
precipitation as a potential discriminating variable. Future
research may explore the value of also including tropo-
spheric circulation variables as discriminating variables.

[43] For each of these five climate variables, three
measures were used to summarize climate across the 3 � 3
spatial grid: watershed area-weighted mean, north to south
(N-S) gradient, and east to west (E-W) gradient. This sim-
plification resulted in 15 potential discriminating variables.

[44] All climate predictor variables were based on nor-
malized anomalies relative to each GCM’s historical rean-
alysis (20C3M), accounting for consistent model bias.
While variables such as monthly wet day frequency or
storm event frequency tend to have more uncertainty in
GCM simulations than atmospheric circulation, their use as
predictor variables in this model is related to their direct
impact on streamflow regime. These predictor variables
satisfy the assumption of normality in DFA, although viola-
tions of this assumption do not tend to affect results signifi-
cantly [Tabachnick and Fidell, 2007]. This was confirmed
using the Shapiro-Wilk test for normality, which produced
p values ranging from 0.17 to 0.78. The largest deviations
from normality occurred for the directional variables (N/S,
E/W) at seasonal transitions. Climate predictor variables
were selected in a stepwise fashion, evaluating the entire
model at each step against Wilks’ lambda (�) (F test) and
the relative percent misclassified. Percent misclassified
data were used to confirm the discriminating power of the
climate variables and ranged from 14% to 42% (Table 2).
To check against overfitting, cross validation was run via
repeated random subsampling, using a 10% holdout valida-
tion set randomly selected across 500 iterations. Results of

Table 2. Climate Variable Discriminating Powera

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

Misclassified (%) 33.8 31.0 32.4 39.4 42.3 33.8 14.1 26.8 19.7 19.4 22.2 31.9
Cross-Val (%) 42.0 42.6 41.3 31.0 42.0 41.2 37.1 29.3 22.3 41.7 29.5 27.4
Number of Variables 5 5 5 5 5 5 5 6 7 7 6 5

STemp Mean 3 4 2
N-S 3 7
E-W 5 5 6

SPress Mean 2 5 5
N-S 4 4 2 4 3 4
E-W 1 2 4 1

Precip Mean 2 1 1 1 1 1 1 1 1 1 1
N-S 5 5 3
E-W 4 3 6 6 2 3 5

WetDay Mean 3 3 3 3 3 2
N-S 2 2 4 4 3 6 2
E-W 5 5 4

StormFrq Mean 5 4 2 4
N-S 7 5
E-W 2 5

aNumbers refer to the rank order in which the variables enter the discriminating equation. Underlined values represent a climate predictor variable that
has statistically significant discriminating power (p < 0.05) in the final discriminant functions. Percent misclassified is shown as a percent for the entire
model and the 10% holdout cross-validation set with 500 iterations.
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this cross validation are also presented in Table 2 and do
not differ significantly from the fit miscalculation rate,
implying a robust discriminant model. Press’s Q goodness
of fit is statistically significant (p< 0.05) for all discrimi-
nant functions, suggesting that they are capable of classify-
ing months based on the given climate predictors. The most
accurate discriminant functions occur during the summer
months, while the worst fit occurred in the winter and
spring. This trend suggests that streamflow during the win-
ter and spring is partially related to variables other than the
immediate climate, such as snowmelt or groundwater
recharge. Flow regime during the summer is less dependent
on these extraneous variables and is more readily explained
by more recent climate.

[45] Other trends are apparent among the discriminating
power of the climate variables (Table 2). Mean monthly
precipitation rate is significant for nearly all months and
typically explains the most variability for each month.
Area-weighted mean monthly precipitation is important
during winter and spring, when most precipitation occurs
as large, frontal events; however, the directional compo-
nents (N-S, E-W) become significant in late summer and
early fall as storm events become more spatially frag-
mented. Number of days with measurable rainfall (Wet-
Day) is the second most consistent climate indicator,
present in the majority of discriminant functions and fol-
lowing a similar pattern as total precipitation, with the
area-weighted mean dominating winter and spring and
directional components dominating during summer.
Atmospheric pressure is a significant climate indicator both
during the mid-winter and summer. Atmospheric pressure
during the summer likely functions as an indicator of con-
vective storm events. Temperature and unique storm events
(StormFrq) tend to have the least discriminating power;

however, mean monthly temperature becomes significant
during the summer months.

4.6. Simulation of Historical Streamflow

[46] Historical flow sequences were generated using the
Climate of the 20th Century (20C3m) scenarios for each
GCM and compared against the observed historical record
in order to validate the streamflow generation method and
to identify any bias introduced by the climate models.
Streamflow simulated using this method successfully repro-
duced the observed historical record closely at the daily,
monthly, and annual time steps. Simulation using the
MIROC, CSIRO, and NCAR CCSM models was consis-
tently the best across all metrics, while the NCAR PCM1
and CCC models generally produced poorer statistical
agreement. As a general rule, agreement was best during
months with consistent climate, whereas months at the sea-
sonal transitions produced greater errors.
4.6.1. Seasonal Trends

[47] The model successfully reproduces the monthly sea-
sonal pattern of the Potomac River when run using transi-
tional probabilities calculated directly from the true
historical record, the HistValid set (Figure 6). This model
validation set suggests that the model itself does not have
any systematic seasonal biases. When flows are instead
simulated using transition probabilities calculated from
20th century GCM realizations, each GCM also adequately
reproduces historical seasonality among monthly aggre-
gated flows on the Potomac River (Figure 6). Across all
months, the GCM with the most consistent agreement is
the MIROC model. The CSIRO and NCAR CCSM models
were also capable of reproducing the central tendency and
distribution of monthly means (Table 3). The PCM1 and
CCC models perform adequately for the majority of

Figure 6. Monthly mean flows for the historical scenario (1961–2000). Median values are displayed as
central lines, with black representing the historical record and colored lines representing the various
models. The 25th and 75th percentiles are represented by the shaded area for the historical record and
thin lines for model simulations.
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months, with some deviation occurring due to an underesti-
mate of median and high flows. Variance among months
with low flows was the most successfully modeled monthly
parameter, likely due to the emphasis on drought modeling
in the model’s development.

[48] Monthly agreement is best for mid-seasonal months
across all GCM models, with greater error at seasonal tran-
sitions. Agreement during summer and early fall (June to
October) is best, with Mann-Whitney p values between
0.168 and 0.990, suggesting no statistical difference in
mean monthly flows (Table 3). All GCMs underestimate
the median for February (p¼ 0.039–0.384) but match the
distribution well (Kolmogorov-Smirnov p¼ 0.042–0.343)
(Figure 6). Likewise, the distribution of monthly flows in
May agree well with the historical record but tend to under-
estimate the median. November and December have good
agreement with regards to the median and low flows, with
some underestimates of the upper limb of the distribution
(Figure 6).
4.6.2. Annual Statistics

[49] At the annual time step, several statistics are repro-
duced successfully, including the annual mean, coefficient
of variation (CV), date of minimum flow, and date of maxi-
mum flow. The validation set, HistValid, using the true his-
torical transition probabilities, showed no statistical
difference between the distribution of annual mean flows
and the historical (p¼ 0.103). Additionally, no statistical
difference exists for the MIROC, CSIRO, and CCSM mod-
els (p¼ 0.151–0.301) between the GCM-generated distri-
bution of annual mean flows and the observed historical,
while the CCC and PCM1 models exhibit a slight statistical
difference (p¼ 0.023–0.039), attributed to underprediction
(Table 3). The distribution of annual CV is also reproduced
well for all GCMs (p> 0.05), except for the CCC model
(p¼ 0.024) (Table 3).

[50] The date of the annual minimum and maximum,
with medians of 28 September and 7 March, respectively,
is well simulated by all GCMs and the validation set. Dates

were adjusted based on water year (1 October to 30 Sep-
tember) for maximum flow and low flow year (1 April to
31 March) to prevent discontinuities. In the historical re-
cord and simulations, the date of the minimum flow has
significantly less variation than the date of the maximum
flow.

[51] While the various GCM-based models produce a
slight bias in the distribution of annual minimum flow for
the wettest years, all models reproduce extreme low flows
(recurrence interval <3 years) very well. While this limita-
tion should be considered when using the model, it is im-
portant to note that years with greater than average low
flows are of less consequence for low flow modeling, and
the 7Q10 is a much more useful measure for simulating
drought operations. All GCMs have similar performance
with respect to extreme low flows, except for the PCM1
model, which tends to predict more severe low flows than
the true historical record.
4.6.3. Daily Flow Distribution

[52] Daily streamflow distributions and dynamics, typi-
cally the most difficult to replicate in streamflow generation
models, are reproduced well by the proposed stochastic
model. The model captures much of the daily variability,
successfully simulates the distribution of daily flows, and
replicates the daily streamflow autocorrelation structure.
As with monthly aggregated flows, the best agreement
occurs during months with relatively stable climate, rather
than during transitional seasons, hence the distribution of
daily flows is most consistent for January and the summer
months (June, July, and August).

[53] The MIROC and CSIRO GCMs produce the most
consistent agreement for the daily flow distribution (Ta-
ble 4). The remaining models perform well for most
months, while some isolated months exhibit a slight bias
across the flow duration curve. The CCSM model agree-
ment is good in all aspects, except for predicting high flow
events occurring in September and October (hydraulic
alteration> 10%). The PCM1 and CCC GCMs both

Table 4. Percent Hydrologic Alteration of 20th Century GCM Flow Distributions Using 5 Percentile Flow Bins

Model Annual Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec Mean

HistValid 1.0 2.6 7.3 10.4 9.9 6.6 3.4 3.5 4.7 3.5 7.4 10.7 9.8 6.6
CCC 1.7 3.9 6.5 8.4 8.9 8.3 2.9 3.9 5.0 10.8 8.3 12.9 10.3 7.5
CSIRO 1.5 3.6 5.4 8.8 9.7 7.7 4.6 4.4 5.4 5.4 9.3 12.2 9.9 7.2
MIROC 0.8 4.1 7.6 8.1 8.4 6.5 4.8 2.7 3.6 6.4 7.2 9.5 7.3 6.3
CCSM 1.1 4.8 6.5 6.7 8.3 6.6 5.4 2.4 4.9 10.6 10.0 9.8 6.4 6.9
PCM1 1.1 4.1 7.4 9.2 9.6 7.9 3.1 2.1 4.3 9.2 7.7 12.3 10.7 7.3
Mean 1.2 3.9 6.8 8.6 9.1 7.3 4.0 3.2 4.7 7.7 8.3 11.2 9.1

Table 3. Mann-Whitney Test for Historical Validation of GCM Meansa

Annual Monthly

Mean CV Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

HistValid 0.10 0.078 0.37 0.04 0.09 0.20 0.11 0.40 0.46 0.72 0.25 0.92 0.72 0.11
CCC 0.02 0.02 0.23 0.07 0.15 0.27 0.10 0.17 0.57 0.25 0.96 0.54 0.20 0.05
CSIRO 0.15 0.05 0.52 0.31 0.19 0.94 0.07 0.17 0.67 0.43 0.63 0.70 0.43 0.06
MIROC 0.20 0.12 0.35 0.38 0.43 0.50 0.25 0.41 0.87 0.29 0.65 0.54 0.50 0.08
CCSM 0.30 0.05 0.38 0.26 0.80 0.67 0.09 0.76 0.47 0.20 0.59 0.72 0.52 0.10
PCM1 0.04 0.06 0.19 0.09 0.27 0.42 0.06 0.52 0.60 0.70 0.99 0.57 0.45 0.09

aTest statistic is the Mann-Whitney p value. Underlined values indicate a statistically significant difference from the historical.
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successfully reproduce the daily flow distribution for all
months, except for winter, where they underpredict the
middle of the flow duration curve (50–75% exceedance
probability). Across all months, the CCSM model tends to
be the ‘‘wettest’’ model, producing consistently higher flow

Table 5. Percent Change in Mean Annual Flow for Climate
Change Realizations

Model 2010–2039 2040–2069 2070–2099

CCC 3.73 (2.62–4.37) 3.34 (�0.11 to 5.98) 5.04 (3.20–7.47)
CCSM 0.50 (�2.29 to 2.50) 3.54 (1.86–5.08) 3.89 (0.70–6.49)
CSIRO 0.19 (�3.09 to 6.47) 2.35 (1.15–4.03) 0.68 (�4.88 to 9.64)
MIROC 2.23 (1.37–3.25) 3.10 (�1.13 to 6.88)
PCM1 6.23 (5.66–6.79) 8.58 (7.42–9.59) 8.60 (7.78–9.27)

Figure 7. Correlogram of daily streamflow.

Figure 8. Variation in monthly mean due to climate change (CCC). Median values are displayed as
central lines, with black representing the historical record and colored lines representing climate change
time steps. The 25th and 75th percentiles are represented by the shaded area for the historical record and
thin lines for climate change simulations.
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distributions, while the PCM1 model tends to be the ‘‘dri-
est’’ model, producing consistently low daily flow
distributions.

[54] Slight seasonal trends exist within the daily flow
distributions. Daily flows during the winter months are
reproduced well across the entire flow distribution, while
the model tends to overpredict low flows during the spring
(March and April). Summer flows are captured well,
though all GCMs tend to underpredict high (<15% exceed-
ance) flows during the fall, with the remainder of the distri-
bution reproduced very well. Fall storm events may prove
difficult to model because they occur during a time period
when precipitation events are transitioning from convective
to frontal behavior and when hurricanes or tropical storms
may impact the region.

[55] The underlying structure of the daily Markov
streamflow model adequately reproduces the autocorrela-
tion structure of the daily streamflows (Figure 7), agreeing
with similar Markov chain-based streamflow generation
models [Xu et al., 2001]. Daily streamflow autocorrelation
is assumed to be controlled primarily by the model struc-
ture, with exponential recession and storm pulses sampled
and sorted from the Weibull distribution. Because this
example is designed as a case study, the relative influence
of the model structure and the potential for higher order
Markov chains was not evaluated but could be the subject
of further research.

4.7. Predicted Climate Change Effects on Streamflow

[56] The effect of climate change on streamflow in the
Potomac River was evaluated by generating daily stream-
flow time series subject to three climate change emission
scenarios (SRES A1b, A2, and B1) for three future time
periods (2010–2039, 2040–2069, and 2070–2099).
4.7.1. Annual Flows

[57] Simulation of climate-adjusted streamflows under
these emission scenarios suggests an increase in mean an-
nual flow between 1% and 7% by 2070–2099 (Table 5). A
consistent increase of 2–4% by 2040–2069 matches closely
with Milly et al.’s [2005] prediction of a 3.6% increase in
mean annual flow. The greatest increase in mean annual
flow occurs in the CCC and PCM1 models, while the
remaining GCMs show greater variability and only a mod-
erate increase in mean annual flow. In addition to this slight
increase in mean annual flow, the CV among annual flows
is predicted to increase significantly, suggesting a wider
distribution of flows. As expected, these trends continue
throughout the century and are most evident for the severe
A2 scenario and less detectable for the more moderate B1
scenario.

[58] There is little projected change in the date of the an-
nual maximum flow; however, the date of the minimum
annual flow is predicted to occur 2–5 days earlier by the
2070–2099 time period, on average. This shift is consistent
across all GCM models and scenarios.
4.7.2. Seasonal Trends

[59] Nearly all GCM simulations show an increase in
mean monthly flows for the Potomac River between De-
cember and April, with this increase growing throughout
the next century (Figure 8). As expected, this increase is
greatest for the highest emission scenario, A2. In addition
to an increase in the mean winter flows, the distribution of

monthly flow is projected to increase in variability, particu-
larly for high flows. This trend of increased flow during the
winter and early spring corresponds well with studies by
Najjar et al. [2009], Mccabe and Ayers [1989], and Hayhoe
et al. [2008], which project similar seasonal shifts.

[60] In contrast, the model realizations predict a decrease
in summer flows, particularly for the months of July and
August (Figure 8). This seasonal trend is evident for all
GCMs except for PCM1.

[61] The months of October and November show the
greatest uncertainty in predictions for monthly flows. This
is not a surprising result, given the difficulty in modeling
these months during validation. The NCAR models
(CCSM and PCM1) and CSIRO all predict a significant
increase in flow during these months in the future, poten-
tially attributable to tropical storm events or other long du-
ration, high precipitation events, while a similar trend is
not evident in other GCM realizations.
4.7.3. Extreme Low Flows

[62] Model estimates of future extreme low flows show a
slight decrease in the 7Q10 minimum flow given the mod-
eled emission scenarios. A notable decrease was detected
for all GCMs, except for the NCAR CCSM model, which
produces mixed results, and the PCM1 model, which
showed a consistent increase. For those models with a
decrease in extreme low flows, the 7Q10 minimum flow is

Figure 9. Flow duration curve for July subject to climate
change (CCSM). (top) The entire distribution of July flows
and (bottom) the percent change relative to the historical.
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predicted to decrease by 0–10.1%, with the greatest
decrease attributable to the A2 emission scenario (Table 6).
This trend suggests that droughts will continue to increase
in severity over the modeled time period.
4.7.4. Daily Flows

[63] The apparent increase in winter flows is attributable
to an increase across the entire streamflow distribution,
rather than an increase in a particular range. This trend con-
tinues until the transitional months of March and April,
where the increase occurs predominantly in the low and
middle flows (60–90% exceedance), with little change in
extreme low or high flows. The decrease in July and August
flow is explained by a consistent decrease across the entire
flow distribution, except for extreme low flows (90–99%
exceedance) which remain consistent with the historical re-
cord (Figure 9).

[64] As in the case of monthly means, the fall months ex-
hibit mixed trends across the projected future climatic con-
ditions. The CCSM, CSIRO, and PCM1 models, which
project a significant increase in mean flow during the
months of September and October, attribute this to an
increase in high streamflow events (exceedance <40%),
which further points to an increase in large, sustained rain-
fall events.

5. Conclusions

[65] A stochastic streamflow method was developed that
links a monthly climate model with a daily streamflow gen-
eration model. Using discriminant functions, GCM-scale
climate data may be related to discrete streamflow states,
which in turn control the generation of daily streamflow
time series. With engineers and planners increasingly
focused on the potential effects of climate change on water
resources, this model allows the generation of an infinite
set of daily streamflow traces, which can be used for simu-
lation or adaptation studies.

[66] A case study was presented using the Potomac River
to evaluate the method. Historical streamflow statistics are
reproduced successfully at daily, monthly, and annual time
steps, greatly improving on the existing regional HSPF
rainfall-runoff model. In addition, daily streamflow dynam-
ics, such as autocorrelation structure, are maintained.

[67] Extending this model to evaluate the effect of cli-
mate change on streamflow in the Potomac produced
results comparable to other streamflow projections for the
Mid-Atlantic. Mean annual streamflow is projected to
increase by 1–7% by 2100, with the majority of this
increase occurring during the winter and early spring. Con-
versely, summer flows are projected to decrease, particu-
larly during July and August, caused by a decrease in
runoff from large, sustained storm events. This change in
summer flow is projected to increase the severity of

extreme low flows slightly and to shift the date of the an-
nual minimum flow, which historically occurs in mid-
September, 2–5 days earlier by the 2070–2099 time period.
The models diverge in their predictions for the fall, sug-
gesting a need for further research and potentially addi-
tional climate predictors. Some GCMs predict a large
increase in monthly mean flows during September and Oc-
tober, which may point to an increase in tropical storm
events.

[68] The included case study presents the streamflow
analysis and simulation process as applied to an individual
streamflow station; however, this model may be expanded
to simulate climate-adjusted streamflow at multiple loca-
tions within a watershed using spatial disaggregation tech-
niques such as the method of fragments [Porter and Pink,
1991] or by simulating at each location simultaneously
using a covariate term. The proposed method offers an al-
ternative to rainfall-runoff modeling for generating
climate-adjusted streamflow time series. This method is not
universally applicable. In particular, it does not provide
detailed, physical output on water balance within the water-
shed and assumes a stationary hydrologic system (i.e., no
land-cover changes). However, for the purposes of generat-
ing long series of realistic current and climate-adjusted
streamflow, the method has great utility and should be
expanded with additional research. Future studies may test
the models applicability in a wider range of climates,
expand the set of climate predictors to include atmospheric
circulation or periodic indices (ENSO), and evaluate the
use of Bayesian approaches to defining the parameter val-
ues in the streamflow generation model.
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