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[1] Understanding the uncertainty in the projected impacts
of climate change on hydrology will help decision-makers
interpret the confidence in different projected future
hydrologic impacts. We focus on California, which is
vulnerable to hydrologic impacts of climate change. We
statistically bias correct and downscale temperature and
precipitation projections from 10 GCMs participating in the
Coupled Model Intercomparison Project. These GCM
simulations include a control period (unchanging CO2 and
other forcing) and perturbed period (1%/year CO2 increase).
We force a hydrologic model with the downscaled GCM
data to generate streamflow at strategic points. While the
different GCMs predict significantly different regional
climate responses to increasing atmospheric CO2,
hydrological responses are robust across models:
decreases in summer low flows and increases in winter
flows, and a shift of flow to earlier in the year. Summer flow
decreases become consistent across models at lower levels
of greenhouse gases than increases in winter flows do.
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1. Introduction

[2] Global climate change, largely human induced in
recent decades [e.g., Meehl et al., 2004], will result in a
warmer environment, with associated regional impacts
[Karl and Trenberth, 2003]. Changes in the hydrologic
cycle will provide both positive feedback to warming trends
and a principal avenue for humans to tangibly experience
the regional effects of global climate change [Houghton et
al., 2001]. Considerable uncertainty remains in estimating
the impacts due to projected climate changes, which is
attributed to both uncertainty in the future emissions path-
way (related to policy decisions and public response) and
uncertainties in model projections (due to differing model
sensitivities to perturbations in atmospheric composition);
the latter is the focus of this study. These uncertainties are
of comparable magnitude on a global scale [Karl and
Trenberth, 2003; Wigley and Raper, 2001], though for any
particular region they may not be. While there is a need to
explore the probabilistic character of future climate states by
developing multiple ensembles of projected climate

[Houghton et al., 2001], only recently have these differing
sources of uncertainty been examined separately [Hayhoe et
al., 2004].
[3] California is an interesting case study for examining

the hydrologic impacts of climate change, being highly
dependent on both the amount and timing of seasonal snow
accumulation and melt [VanRheenan et al., 2004], and thus
vulnerable to changes in either temperature (T) or precip-
itation (P). California has been the focus of many previous
studies on hydrologic effects of climate change, using
different techniques to ingest global climate model
(GCM) data into hydrologic models. Recent examples
include statistical downscaling of multiple emissions sce-
narios with one GCM [VanRheenan et al., 2004;
Dettinger et al., 2004] or two GCMs [Hayhoe et al.,
2004], perturbing historical climate with plausible shifts
[Miller et al., 2003], dynamically downscaling a GCM
[Kim, 2005] and using a regional climate model under a
mean state of doubled CO2 [Snyder et al., 2002]. While
these provide valuable information on the range of possible
hydrologic impacts of climate change on California, none
can adequately assess the uncertainty in the estimates. What
this study presents is a quantification of the uncertainty
due to using different GCMs (and to sampling 20-year
periods of their output) to estimate streamflow impacts in
California.

2. Methods

[4] The GCMs selected for this study are the 10 models
that participated in the most recent phase of the Coupled
Model Intercomparison Project (CMIP) [Covey et al., 2003;
Meehl et al., 2000] and that provided atmospheric data.
These are listed in Table 1, and are described further in the
CMIP web site (www-pcmdi.llnl.gov/projects/cmip/).
[5] GCM P and T output was bias-corrected and statisti-

cally downscaled to a 1/8� grid (�150 km2). Downscaling
to the 1/8� grid used an empirical statistical technique that
maps the probability density functions for the monthly
GCM P and T for the first 40 years of the GCM control
simulation (in which CO2 and other external control forcing
are kept constant) onto those of gridded historical observed
data for 1960–1999, so the mean and higher moments of
observations are reproduced by the control climate model
data. This same mapping is applied to an additional 20 years
(years 41–60) of control simulation, and then to 70 years of
‘‘perturbed’’ GCM simulations, where CO2 increases by 1%
per year. (At 70 years, a 1%/year increase doubles the
control level CO2). This allows the mean and variability
of each GCM to evolve in accordance with the simulation,
while matching all statistical moments between the GCM
control period and the 1960–1999 observed period. The
bias correction (and spatial disaggregation) technique is one
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originally developed for adjusting GCM output for long-
range streamflow forecasting [Wood et al., 2002] that was
later adapted for use in studies examining the hydrologic
impacts of climate change [VanRheenan et al., 2004]. While
the technique does not account for changes in the statistics
of climate variability at scales less than monthly, it has
compared favorably to different statistical and dynamic
downscaling techniques [Wood et al., 2004] in the context
of hydrologic impact studies. The downscaled data is used
to force the Variable Infiltration Capacity model using the
identical parameterization as VanRheenan et al. [2004] to be
able to isolate the hydrologic response of a suite of GCMs
under identical CO2 concentrations.
[6] A second experiment is performed using the T forcing

from the 10 GCMs, but for all GCMs replacing the P with
the (bias corrected, downscaled) P from the PCM run,
which shows the greatest correspondence each season to
climatological P and is the least sensitive to increasing CO2.
The fraction of the streamflow variability attributable to
differing GCM P is computed according to equation (1).

Fraction ¼ sTP � sT
sTP

ð1Þ

where s is the standard deviation (SD) of streamflow
produced by the GCMs, T and TP indicate T or both T and
P, respectively, vary between all GCMs. While the resulting
sequences of P and T fail to preserve the physical
relationship between them in a GCM, this P substitution
allows the estimation of the amount of inter-model
variability in hydrologic impacts attributable to P and T
individually.

3. Results and Discussion

[7] We focus on the Sacramento-San Joaquin Basin,
shown in Figure 1. The three northern gauges are consid-
ered together, as are the four southern gauges, all of
which are inflows to major reservoirs and which together
account for most of the Sacramento-San Joaquin stream-
flow originating from the Sierra Nevada mountains. In
general, the southern area drains a greater proportion of
higher elevation area than the North, and thus has been
shown to respond differently to climate change [Knowles
and Cayan, 2004].
[8] Figure 2 shows the simulated streamflow for the

North and South, showing the characteristic snowmelt-
driven annual hydrograph, and the later melt and hydro-
graph peak for the South. Figures 2a and 2d show for the
control period years 41–60 the inter-model variability

introduced by sampling a 20-year slice of time not used
in the bias correction, with variability being due to longer
time-scale departures of models occurring at different times.
Though not shown, using years 21–40 of the control period
(included in the bias correction training) produces about
half the variability of years 41–60. For July–November
variability is small and close to the variability in perturbed
years. During winter months the variability is substantially
smaller than during the perturbed period, showing inter-
model variability in winter is largely due to differing GCM
responses to future forcing, especially in later years.
[9] The changes in flow are driven by an average

increase, across GCMs, in annual P of 2% and 7% for
perturbed years 21–40 and 51–70, respectively, with
sharpest increases in winter, at 6% and 13%. The accom-
panying average T rises 1.1 and 2.2�C for the earlier and
later perturbed periods, respectively, with summer T rising
slightly more than winter, at 1.3 and 2.7�C. These basin-
wide changes are nearly identical in the North and South.
[10] Figures 2b and 2e show that inter-model variation

appears within the first few decades, and Figures 2c and 2f
show that uncertainty increases somewhat during later

Table 1. GCM Simulations Used in This Study

Abbrev. Model, Year Sponsor

CCCMA CCCMA, 2001 Canadian Centre for Climate Modelling and Analysis
CSIRO CSIRO_Mk2, 1997 Commonwealth Scientific & Industrial Research Organization
GFDL GFDL_R30_c, 1996 Geophysical Fluid Dynamics Laboratory
HadCM2 HadCM2, 1995 UK Meteorological Office
HadCM3 HadCM3, 1997 UK Meteorological Office
MD ECHO-G, 1999 Model & Data Group (Germany)
MPI ECHAM4_OPYC3, 1996 Max Planck Institut fur Meteorologie
MRI MRI_CGCM2.3, 2002 Meteorological Research Institute (Japan)
NCAR CCSM2.0, 2002 National Center for Atmospheric Research
PCM PCM, 1999 Department of Energy (USA)

Figure 1. Sacramento-San Joaquin basin, the region
included in this study, with 3 northern and 4 southern
stream gauges.
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periods, in months at and before the annual hydrograph
peak. Table 2 shows that by years 21–40 the decrease in late
spring and early summer flows in the North is significant,
with the change in mean flow exceeding the inter-model
variability at greater than a 90% confidence level. By years
51–70, the increase in winter and decrease in summer flows
are both significant. November, January, and May are least
significant, which, for November and May shows higher
uncertainty during transition periods (at the beginning and
end of the rainy season).
[11] Table 3 shows for the South uncertainty in changes

in spring flows remains low (except in May). The increase
in March–April flows is more highly significant than
in North, and reaches significance levels over 90% earlier,
by years 21–40. This shows the greater influence in the
higher altitude (hence more snow dominated) South of
projected temperature changes, which are more consistent
between GCMs (as will be demonstrated below). As in the
North, November and May, as transition months, show low
significance in change in streamflow from control period,
indicating greater inter-model variation relative to change in
mean.
[12] Table 4 shows the high confidence in the shift

to earlier dates for the peak in the annual hydrograph

(calculated using the center-of-mass approach of Stewart
et al. [2004]). This shows that 51–70 years into the
perturbed run, the annual hydrograph will shift 11 days
earlier in the North and 18 days earlier in the South, and that
this is very robust across models.
[13] Table 5 shows the results of the second experiment,

where an identical P sequence was used for all GCMs. Inter-
model variation in projected P accounts for 72–90% of
the total inter-model variation in October–February flow
increases. Inter-model P variability is substantially more
dominant than T variability for streamflow uncertainty
except during May–July in the North and June–August
in the South, especially for the earlier years 21–40 of
the perturbed run, reflecting lessened impact during the
dry season. While rising T drives the pattern of earlier
snowmelt and the shifting of the annual hydrograph to
earlier in the year (hence low uncertainty in these impacts),
P largely determines the magnitude of monthly streamflow
change outside of the summer low flow periods. In June,
uncertainty in streamflow projections due to inter-model
P variability grows later in the perturbed period, indicating a
divergence of the GCMs. Table 5 shows the distinction
between North and South, especially in March–April where
the influence of P is less in the South, thus greater T-driven

Figure 2. Streamflow simulations forced by the 10 GCMs for the North 3 gauges (top 3 panels) and the South 4 gauges
(bottom 3 panels). a) and d) Control years 41–60, b) and e) Perturbed years 21–40, c) and f) Perturbed years 51–70. The
‘‘obs’’ line, repeated for reference on all panels, shows the hydrograph for the 1960–1999 period, which is the benchmark
period to which the control period GCM output was bias-corrected.

Table 2. Streamflow Statistics for the Composite Hydrograph of the Three North Gauges, Calculated Across

Different GCMs, Quantifying the Degree of Consistency Between GCM Resultsa

Control 1–40 Perturbed 21–40 Perturbed 51–70

Month Mean Mean SD CV 1-tprob % Mean SD CV 1-tprob %

1 717 777 197 0.25 63.9 855 296 0.35 75.1
2 861 1008 259 0.26 89.1 1118 285 0.25 93.7
3 875 947 132 0.14 87.4 1059 193 0.18 96.5
4 764 795 112 0.14 58.9 842 120 0.14 83.6
5 609 572 73 0.13 84.4 554 90 0.16 83.8
6 436 373 44 0.12 99.8 342 52 0.15 99.8
7 246 220 18 0.08 99.8 213 23 0.11 99.5
8 169 161 8 0.05 99.1 157 10 0.06 98.3
9 142 141 8 0.05 44.2 139 5 0.04 77.5
10 156 145 17 0.12 93.1 143 11 0.08 92.7
11 287 299 32 0.11 73.0 276 58 0.21 36.3
12 508 650 244 0.38 89.9 775 229 0.3 96.7
aMean and standard deviation (SD) are in m3/s, tprob is the probability (according to a 2-tailed t-test for differences in mean) of

claiming the perturbed mean is different from the control mean when they are actually the same. Thus, 1-tprob is the confidence level
that the perturbed mean is different from the control. (Note that the probability of the perturbed distribution containing the control
mean would be lower). CV is the coefficient of variation, (standard deviation over the mean).
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impacts in the South. For September streamflows, inter-
model P variability is generally less important in the later
period than in the early period, suggesting that as T
continues to rise, the differences in GCM projected P have
less of an effect on late dry season streamflow. One
explanation would be that as snowmelt occurs earlier and
P falls more frequently as rain than snow due to rising T, the
ability of the lagging effects of water storage in snow (and
soil moisture) to carry P anomalies late into the wet season
may decline.

4. Conclusions

[14] We examined the effects of variability of GCM
output on simulated streamflow in the Sacramento-San
Joaquin basin in California. Uncertainty in streamflow
impacts due to inter-model variability between the 10 GCMs
considered here does not prevent significant detection of
decreases in summer flows even after 21–40 years of
1% per year increasing CO2. Both increases in winter and
decreases in summer streamflows are robust by years 51–
70, with the projected changes significantly exceeding the
inter-model variability. The retreat of the midpoint of annual
runoff volume to earlier in the season is also very robust
across GCMs. The inter-model variability produces the
greatest uncertainty in transition months at beginning and
end of rainy season, where the projected streamflows using
different GCMs show greater variability.
[15] Uncertainty due to sampling of a 20-year period in

an extended GCM simulation accounts for the majority of
inter-model variability for summer and fall months, while
varying GCM responses to T and P forcing add to the
variability in the winter. Inter-model variation in projected

P accounts for most of the uncertainty in winter and spring
flow increases in both the North and South regions, with a
greater influence in the North. Thus, streamflow impacts in
the higher elevation (and more snow dominated) South tend
to be more T-driven, and hence to have less uncertainty. The
influence of inter-model P variability on late summer
streamflow decreases in later years, as higher Ts dominate
the hydrologic response, and melting snowpack has less
influence. Conversely, the contribution of GCM P variabil-
ity to early summer streamflow uncertainty increases later in
the perturbed period.
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