
Identification of dominant source of errors in developing
streamflow and groundwater projections under
near-term climate change
S. B. Seo1, T. Sinha2, G. Mahinthakumar1, A. Sankarasubramanian1, and M. Kumar3

1Department of Civil, Construction, and Environmental Engineering, North Carolina State University, Raleigh, North
Carolina, USA, 2Department of Environmental Engineering, Texas A&M University–Kingsville, Kingsville, Texas, USA,
3Nicholas School of Environment, Duke University, Durham, North Carolina, USA

Abstract Uncertainties in projecting the changes in hydroclimatic variables (i.e., temperature and
precipitation) under climate change partly arises from the inability of global circulation models (GCMs) in
explaining the observed changes in hydrologic variables. Apart from the unexplained changes by GCMs, the
process of customizing GCM projections to watershed scale through a model chain—spatial downscaling,
temporal disaggregation, and hydrologic model—also introduces errors, thereby limiting the ability to
explain the observed changes in hydrologic variability. Toward this, we first propose metrics for quantifying
the errors arising from different steps in the model chain in explaining the observed changes in hydrologic
variables (streamflow and groundwater). The proposed metrics are then evaluated using a detailed
retrospective analyses in projecting the changes in streamflow and groundwater attributes in four target
basins that span across a diverse hydroclimatic regimes over the U.S. Sunbelt. Our analyses focused on
quantifying the dominant sources of errors in projecting the changes in eight hydrologic variables—mean
and variability of seasonal streamflow, mean and variability of 3 day peak seasonal streamflow, mean and
variability of 7 day low seasonal streamflow, and mean and standard deviation of groundwater depth—over
four target basins using an Penn state Integrated Hydrologic Model (PIHM) between the period 1956–1980
and 1981–2005. Retrospective analyses show that small/humid (large/arid) basins show increased (reduced)
uncertainty in projecting the changes in hydrologic attributes. Further, changes in error due to GCMs
primarily account for the unexplained changes in mean and variability of seasonal streamflow. On the other
hand, the changes in error due to temporal disaggregation and hydrologic model account for the inability to
explain the observed changes in mean and variability of seasonal extremes. Thus, the proposed metrics
provide insights on how the error in explaining the observed changes being propagated through the model
under different hydroclimatic regimes.

1. Introduction

Potential impacts of climate change on water resources management have received considerable attention
in recent decades due to continually increasing global temperature. Consequently, many studies have focused
on assessment of climate change impacts on hydrologic variables [Cherkauer and Sinha, 2010; Vano et al., 2010;
Cheng et al., 2012; Harding et al., 2012; Ficklin et al., 2013; Koutroulis et al., 2013; Yang et al., 2014]. Mostly, pre-
cipitation and temperature projections that are simulated by global circulation models (GCMs) forced with
hydrologic models to quantify the potential changes in hydrologic variables as well as the impacts on water
resources [Cherkauer and Sinha, 2010; Cheng et al., 2012; Harding et al., 2012; Ficklin et al., 2013; Yang et al.,
2014]. Nevertheless, it is well known that there is considerable uncertainty in developing hydroclimatic projec-
tions using GCM outputs [Maurer and Duffy, 2005]. Hence, studies have focused on reducing and quantifying
the uncertainty in hydroclimatic projections [Maurer and Duffy, 2005; Hawkins and Sutton, 2009; Woldemeskel
et al., 2012; Katz et al., 2013]. Apart from uncertainty arising from GCMs, efforts have also focused on uncertain-
ties arising from the model chain—the suite of physical and statistical models by which large-scale climate
change information is translated to local/regional impacts—in developing hydroclimatic projections [Najafi
et al., 2011; Yip et al., 2011; Bosshard et al., 2013; Thompson et al., 2013; Woldemeskel et al., 2014]. For instance,
Wilby and Harris [2006] have considered uncertainties in low-flow scenarios for Thames River basin due to
emission scenarios, GCMs, statistical downscaling, and hydrologic model structure. These studies, however,
have primarily employed analysis of variance (ANOVA) techniques on quantifying the uncertainties contributed
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by the model chain on the-end-of-the-century projections, which of course does not consider the uncertainty
in estimating observed estimates. Besides, Woldemeskel et al. [2014] addressed how GCM uncertainties affect
hydrologic impact assessment models by quantifying and accounting for GCM uncertainties in drought assess-
ment model. On the contrary, this study focuses on decomposing the sources of errors in developing hydrocli-
matic projections using GCM forcings of CMIP5 (Coupled Model Intercomparison Project Phase 5) through a
detailed retrospective analysis by comparing with the observed hydroclimatic data.

CMIP5 projections provide multiple GCM simulations under different climate change scenarios until the end
of the century (~2100) [Taylor et al., 2012a]. CMIP5 also includes decadal hindcasts that were developed by
initializing GCMs with SSTs (sea surface temperatures) over various time periods to develop 10 year and
30 year hindcasts [Taylor et al., 2012a]. Hawkins and Sutton [2009] showed that emission scenarios represent
most uncertainty when it comes to the end-of-the-century projections, but for near-term (10–30 years) climate
change projections, uncertainty due to climatemodels is expected to be significant. Sincemost water resources
planning typically focuses on 10–30 year time scales, one could utilize near-term hydroclimatic projections
for supporting basin-wide planning and water allocation decisions [Singh et al., 2015]. Another advantage
in focusing over 10–30 year time scales stems from the reduced uncertainty induced by emission scenarios
in near-term climate change scenarios [Hawkins and Sutton, 2009]. Hence, we focused on the relative contri-
bution of errors frommultiple steps in the model chain in developing near-term hydroclimatic projections by
comparing with the eight observed changes in hydrologic variables.

Themain intent of this study is to decompose different sources of errors that arise in themodel chain—spatially
downscaled GCM forcings, temporal disaggregation, and hydrologic model—in estimating the changes in
hydrologic variables fromnear-term climate change projections. For this purpose, we performed a retrospective
analysis over four target basins from the U.S. Sunbelt (Figure 1) and compare the observed changes in stream-
flow and groundwater depth from the target period (1956–1980) to the control period (1981–2005) with the
estimated changes using Penn State Integrated Hydrologic Model (PIHM) forced with CMIP5 projections.
Errors in estimating the changes in streamflow and groundwater depth are then attributed to various steps
in the model chain using a unique experimental design. Emission scenarios were not considered since GCM
historic simulations were used for decomposing different sources of errors in estimating the observed changes

Figure 1. Selected four target basins across the U.S. Sunbelt.
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in hydrologic attributes. Given that our retrospective analyses compares the estimated changes from GCM
projections with the observed changes in various hydrologic attributes, it provides a baseline for addressing
the following science questions: (1) how can we attribute the errors in estimating the changes in seasonal
streamflow and groundwater projections to different sources—spatially downscaled GCM forcings, temporal
disaggregation, and hydrologic model—in the model chain? (2) what are the metrics that can systematically
decompose and identify the sources of errors in projecting the changes in hydrologic attributes arising from
the model chain in using climate change information? (3) what is the dominant source of error in the model
chain and how does that dominant source vary in estimating the changes in seasonal hydrologic attributes
as opposed to estimating the changes in seasonal extremes? and (4) how does each source of error vary under
different seasons (e.g., winter versus summer) and four watersheds under different hydroclimatic regimes (e.g.,
arid versus humid)?

The manuscript is arranged as follows: section 2 details the selected pilot basins, models, and data used in this
study. Section 3 describes the experimental design of the proposed error decomposition from the model chain
along with associated performance metrics. Following that, results and analyses on error decomposition from
the retrospective analyses are presented in section 4. Finally, the findings from the study are summarized
followed by a discussion.

2. Hydroclimatic Data and Integrated SurfaceWater andGroundwaterModel Setting
2.1. Study Area

We considered four different watersheds from the U.S. Sunbelt having both surface water and groundwater
data over a long period of time. We selected four target basins—Haw River in NC, Deep River in NC, Guadalupe
River in TX, and Verde River in AZ—which are located in varied hydroclimatic settings ranging from humid east
to arid west (Figure 1). The Haw and Deep River basins together form the upper Cape Fear River basin, NC, that
is located in the eastern part of the U.S. Sunbelt. The headwaters of the Haw River run 177 km into the Jordan
Lake reservoir and the drainage area of the basin is 3959 km2. The Deep River is approximately 201 km long and
flows into the Haw River just downstream of Jordan Lake that supplies water for the Triangle area in NC [Li et al.,
2014; Singh et al., 2015]. Both the Haw and the Deep River basins receivemean annual precipitation of 1137 and
1153mm, respectively. The Guadalupe River, a semiarid basin located in Texas, flows to the San Antonio Bay
which drains into the Gulf of Mexico. The drainage area of the Guadalupe River basin is 11,860 km2, and it
receives a mean annual precipitation of 858mm. Recharge from the Guadalupe River partly goes into the
Edwards aquifer, which supplies water to the city of San Antonio [Clark et al., 2014]. Observed streamflow
in the Guadalupe River does not exhibit seasonality with monthly flows being uniformly distributed over the
year. The Verde River, an arid basin, covers approximately 14,115 km2 of north-central Arizona, which receives
mean annual precipitation of 474mm. The Verde River supplies water to the Phoenix metro area and is a part
of the lower Colorado River basin.

2.2. Penn State Integrated Hydrologic Model (PIHM)

Many hydrologicmodels have been applied for quantitative projections of streamflow in studies that addressed
climate change impact. However, most studies considered only the surfacewater or groundwater for quantifying
the change projections [e.g., Christensen et al., 2004; Fowler et al., 2007; Vicuna et al., 2007; Minville et al., 2010;
Zhu and Ringler, 2012; Taylor et al., 2012b; Aich et al., 2013; Kløve et al., 2014]. Even though several studies have
developed a model of streamflow and groundwater coupling for simulating surface water, groundwater, and
stream-aquifer interactions on a continuous basis (e.g., SWAT-MODFLOW model by Kim et al. [2008]), such
couplings are primarily one way along the topographic gradient and do not capture water transfer in both direc-
tions. An integrated surface water and groundwater model, PIHM (Penn State Integrated Hydrologic Model),
was used for ensuing analyses. PIHM is a fully coupledmultiprocessmodel inwhich surfacewater, groundwater,
and land surface components are fully coupled using a semidiscrete finite volume approach [Qu and Duffy,
2007]. Readers are referred to Kumar [2009] for more details about the individual process equations. The model
has been successfully applied at multiple scales and in diverse hydroclimatological settings in both North
America and Europe [Shi et al., 2013; Wang et al., 2013; Yu et al., 2014; Chen et al., 2015]. Since PIHM is a fully
distributed model, it requires intensive data development and topology definitions. All physiographic and
hydroclimatic data and other topological relations needed to perform model simulations are automatically
mapped using PIHMgis [Bhatt et al., 2014].
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2.3. Data
2.3.1. Observed Precipitation, Temperature, Streamflow, and Groundwater Data Sets
Gridded observed precipitation and temperature data were downloaded from the following data link
(http://www.engr.scu.edu/~emaurer/gridded_obs/index_gridded_obs.html) which is originally from Hydro
| Computational Hydrology group in University of Washington (http://uw-hydro.github.io/). Monthly or
daily gridded observations at 1/8° spatial resolution, roughly 12 km×12 km, are now available up to 2010
and details regarding these data are described in Maurer et al. [2002]. Streamflow and groundwater data
for four target basins are obtained from USGS (United States Geological Survey) Water Data webpage
(http://waterdata.usgs.gov/nwis/) and Water Data for Texas webpage (http://www.waterdatafortexas.org/
groundwater/). All streamflow gauges are HCDN (Hydroclimatic Data Network) stations which are located

Table 1. StreamGauges and GroundwaterWells Selected for the Error Decomposition Analyses Over the Four Target Basins

Watershed Station Name/Number Longitude Latitude Data Availability Aquifer Type/Depth

Streamflow
Haw River At Haw River 79.366111 36.087222 1929–present
Deep River At Moncure 79.116111 35.626944 1931–present
Guadalupe River At Victoria 97.012778 28.792778 1934–present
Verde River Above Horseshoe dam 111.715556 34.073056 1946–present

Groundwater
Haw River USGS 355522079043001 79.058056 35.908611 1949–present unconfined/ 48.0 ft
Guadalupe River TWDBa 8017502 96.948888 28.684166 1993–present unconfined/ 1026 ft
Verde River USGS 341408111212901 111.358056 34.235556 1976–1988 unconfined/ 44.5 ft

aTWDB: Texas Water Development Board.

Table 2. Seasonal Statistics of the six Observed Hydrologic Variables of Streamflow for the Target Basins During the
Control Perioda

DJF MAN JJA SON

Seasonal Mean Streamflow
Seasonal mean streamflow Haw 23.1 21.0 9.8 10.9

Deep 65.8 60.9 24.2 20.7
Guadalupe 61.2 65.1 51.6 68.8

Verde 27.2 25.7 5.7 10.1

Seasonal Mean 3 Day Peak Flow
Seasonal mean 3-day peak flow Haw 125.4 103.6 67.1 82.1

Deep 374.7 339.2 203.6 174.8
Guadalupe 279.5 315.0 285.6 318.6

Verde 261.0 160.4 19.4 89.7

Seasonal Mean 7 Day Low Flow
Seasonal mean 7-day low flow Haw 6.7 5.9 2.7 2.7

Deep 11.7 12.4 3.4 3.2
Guadalupe 21.2 20.8 18.3 18.8

Verde 6.9 4.1 2.8 3.9

Standard Deviation of Seasonal Streamflow
Standard deviation of seasonal streamflow Haw 9.5 9.0 5.6 8.9

Deep 23.5 21.3 14.7 17.3
Guadalupe 45.4 50.3 40.4 55.0

Verde 27.8 28.2 1.8 9.6

Standard Deviation of 3 Day Peak Flow
Standard deviation of 3-day peak flow Haw 75.5 68.3 71.4 103.3

Deep 142.6 138.1 138.1 157.5 157.3
Guadalupe 216.8 267.1 240.5 260.9

Verde 313.4 340.8 17.0 169.6

Standard Deviation of 7 Day Low Flow
Standard deviation of 7-low low flow Haw 2.8 2.2 0.9 1.1

Deep 7.4 5.6 1.3 2.0
Guadalupe 10.1 9.1 9.2 8.2

Verde 1.3 1.3 0.7 0.8

aCorresponding station names and numbers are in Table 1. (Unit: cubic meters per second)
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in streams subjected to minimal anthropogenic influences such as pumping and upstream storage
[Sankarasubramanian and Vogel, 2002; Vogel and Sankarasubramanian, 2000]. Groundwater depth are pro-
cured from the USGS climate-groundwater response network, which comprises wells that are minimally
influenced by pumping and storage. Station locations and periods of streamflow and groundwater data sets
considered for this study are given in Table 1. Six seasonal statistics of the observed streamflow during the
control period are shown in Table 2, and two seasonal statistics of the observed groundwater depth (GW
depth) during the control period are shown in Table 3. Guadalupe River basin is the only watershed that
has no significant seasonality on observed streamflow variables unlike the other basins that have clear
seasonality. The changes in these eight hydrologic variables are projected to be decomposed by the different
sources of errors in this study. The details on these eight variables are described in section 3.1.
2.3.2. GCM Precipitation and Temperature
Historic simulations of monthly precipitation and temperature series for 56 years (1950–2005) were obtained
from a suite of 32 ensemblemembers from 11 GCMmodels of CMIP5 (shown in Table 4). Large spatial scale out-
puts fromGCMswhich were bias corrected to 1/8° by BCSD (monthly bias correction and spatial disaggregation)
by Bureau of Reclamation (BOR) [Reclamation, 2014] were obtained for the four target basins. This ensured
both observed and GCM climate projections having the same spatial resolution for forcings into PIHM.
2.3.3. GIS Data Sets
PIHM also requires GIS information regarding heterogeneity in hydrogeology, topography, and land use.
Watershed boundary of eight-digit hydrologic unit code, terrain data on digital elevation, and land cover
classification data were downloaded from the USGS national map viewer and download platform webpage
(http://nationalmap.gov/viewer.html/). Soil classification data were obtained through the geospatial data gate-
way webpage of Natural Resources Conservation Service (NRCS) (http://datagateway.nrcs.usda.gov/). In absence
of a more reliable data set, distributed hydrogeological properties were assumed to mirror spatial distribution
of soil types. All spatially distributed data sets were converted into raster files for loading into the PIHMgis.

2.4. Calibration and Validation of PIHM

PIHM parameters were calibrated for the four target basins using observed precipitation and temperature
time series at 1/8° for the control period (1956–1980). Manual calibration of hydrogeologic parameters such

Table 3. Seasonal Statistics of two Observed Hydrologic Variables of GW Depth for the Target Basins During the
Control Perioda

DJF MAN JJA SON

Seasonal GW Depth
Haw 13.22 17.61 5.82 13.03
Guadalupe 17.61 17.32 17.07 16.78
Verde 5.82 5.49 5.98 6.13

Standard Deviation of Seasonal GW Depth
Haw 0.60 0.71 0.69 0.61
Guadalupe 0.94 0.79 0.87 0.91
Verde 0.48 0.70 0.47 0.26

aCorresponding station names and numbers are in Table 1. (Unit: meters)

Table 4. Details of the Selected 11 GCMs From the CMIP5 Historical Simulations [Taylor et al., 2012a]

IPCC Model ID Modeling Agency # of Ensemble Reference

CNRM_cm5 Centre National de Recherches Meteorologiques, France 1 Voldoire et al. [2013]
CSIRO_mk3_6 Commonwealth Scientific and Industrial Research Organization, Australia 10 Jeffrey et al. [2013]
GFDL_cm5 Geophysical Fluid Dynamics Laboratory, USA 5 Yang et al. [2013]
GFDL_esm2g Geophysical Fluid Dynamics Laboratory, USA 1 Yang et al. [2013]
GISS_e2_r NASA Goddard Institute for Space Studies, USA 1 Chandler et al. [2013]
IPSL_cm5a_lr Institute Pierre-Simon Laplace, France 4 Dufresne et al. [2013]
MIROC_esm Japan Agency for Marine-Earth Science and Technology, Atmosphere

and Ocean Research Institute (The University of Tokyo), Japan
1 Watanabe et al. [2011]

MPI_esm_lr Max Planck Institute for Meteorology, Germany 3 Giorgetta et al. [2013]
MRI_cgcm3 Meteorological Research Institute, Japan 1 Yukimoto et al. [2012]
NCAR_ccsm4 National Center for Atmospheric Research, USA 4 Gent et al. [2011]
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as soil hydraulic conductivity, macroporosity, and soil retention parameters was performed uniformly across
the model domain to ensure modeled streamflow and groundwater variations were captured well. The simu-
lated streamflow and groundwater were compared with the monthly observed streamflow and groundwater
depth available at specific stations over the target basins. Figure 2 shows comparison of monthly time series
of observed and PIHM simulated streamflow and groundwater depth. While the PIHMwas able to capture the
variability in GW depth extremely well (most relevant to this study), it had difficulty matching the observed
mean values representing the equilibrium state of GW depth. Thus, constant bias corrections were applied
to the simulated mean-monthly GW depth values. Delta values, i.e., mean GW depth correction factors, for
Haw, Verde, and Guadalupe River were 12.24, 4.45, and 16.47 (m), respectively. Readers refer to Figure S2
in the supporting information for the bias correction of the groundwater depth in Haw River basin. For
evaluating the model performance, correlation coefficient (CC) and Nash-Sutcliffe efficiency (NSE) values of
monthly streamflow and GW depth were computed for each target basin (shown in Table 5). In spite of using
manual calibration procedure, PIHM simulations of streamflow and GW depth were reasonably good in all the

Figure 2. Performance of PIHM in simulating observedmonthly (a–c) streamflow and (d–f) groundwater over the selected target basins (Haw River: (Figures 2a and 2d);
Verde River: (Figures 2b and 2e); Guadalupe River: (Figures 2c and 2f)). Correlation coefficient (CC) and Nash-Sutcliffe efficiency (NSE) between the observed and the
simulated time series are provided under each figure.

Table 5. Evaluation of the Model Performance for Each Season: Correlation Coefficient and Nash-Sutcliffe Efficiency Values of Monthly Streamflow and GW Depth
for Each Target Basin

Calibration (1956–1980) Validation (1981–2005)

CC NSE CC NSE

Watershed Station Name/Number DJF MAM JJA SON DJF MAM JJA SON DJF MAM JJA SON DJF MAM JJA SON

Streamflow
Haw River At Haw River 0.95 0.93 0.94 0.97 0.84 0.82 0.86 0.92 0.94 0.86 0.88 0.94 0.77 0.74 0.73 0.86
Deep River At Moncure 0.94 0.96 0.97 0.96 0.83 0.87 0.93 0.90 0.93 0.97 0.93 0.96 0.53 0.84 0.76 0.83
Guadalupe River At Victoria 0.91 0.69 0.80 0.76 0.81 0.45 0.60 0.51 0.82 0.70 0.69 0.82 0.65 0.42 0.47 0.65
Verde River Above Horseshoe dam 0.89 0.79 0.89 0.89 0.74 0.61 0.73 0.78 0.80 0.92 0.90 0.92 0.53 0.65 0.80 0.85

Groundwater
Haw River USGS 355522079043001 0.82 0.80 0.77 0.77 0.63 0.59 0.56 0.57 0.70 0.69 0.68 0.67 0.48 0.47 0.45 0.45
Guadalupe Rivera TWDB 8017502 0.82 0.48
Verde Rivera USGS 341408111212901 0.79 0.54

aCalibration periods of Guadalupe and Verde River groundwater depth are 1993–1998 and 1978–1985, respectively. And correlation coefficient (CC) andNash-Sutcliffe
efficiency (NSE) for each season are not shown due to lack of observed data period.
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target basins. Overall, performance of streamflow simulations was better than that of GW depth (shown in
Table 5). PIHM simulations in Haw and Deep River watersheds, located in humid climate, showed better
performance than the other two basins.

3. Methodology
3.1. Experimental Design for Error Decomposition

Our primary focus is in quantifying various sources of errors arising from the model chain by comparing the
observed changes in hydrologic variables with the estimated changes in hydrologic variables based on a
retrospective analyses. For this purpose, we obtained projections of streamflow and groundwater from
PIHM forced with CMIP5 BCSD projections disaggregated to daily series for the 55 year period (1951–2005).
Excluding first 5 years simulation as a spin-up period, we considered 1956–1980 as the control period and
1981–2005 as the target period for estimating the changes in streamflow and groundwater depth. Future
projections were not analyzed in this study since our interest is in decomposing the errors in estimating
the changes in hydrologic attributes with the observed changes in hydrologic attributes between the control
period and target period. PIHM parameters for all four target basins were calibrated with observed stream-
flow and groundwater depth for the control period (1956–1980) and then streamflow and groundwater
depth were simulated for the target period (1981–2005). Target period is considered as the retrospective
“projection” for quantifying the errors arising from the model chain. Hereafter, “projection” in this study
represents PIHM estimates of streamflow and groundwater for the target period (1981–2005). Figure 3 illus-
trates an overall experimental design for out analyses on the different sources of errors that arise in projecting
streamflow and groundwater depth using GCM forcing data. Three different model chains having different
daily precipitation and temperature forcings were used to run the PIHM over the target period for quantifying
the errors due to different modelling steps that matches the spatiotemporal resolution of the climate data to
the required spatial (1/8°) and temporal (daily) scales for PIHM (Figure 3):

1. Error due to hydrologic model (PIHM) (Model chain (a)):Observed gridded daily precipitation and temperature
series at 1/8° scale [Maurer et al., 2002] were forced with PIHM.

2. Error due to disaggregation and hydrologic model (Model chain (b)): Temporally disaggregated daily precipi-
tation and temperature series from observed monthly data at 1/8° based on the approach by Prairie et al.
[2007] were used as forcings. In order to estimate the errors in projection due to the temporal disaggregation
scheme alone, daily observed precipitation and temperature series at 1/8° were first aggregated to monthly
time step and then temporally disaggregated back to the daily time step. Thus, errors in the disaggregated
observed time series primarily arise from the disaggregation scheme, and it gets transferred during the
hydrologic simulation. Statistical disaggregation based on k-nearest neighbors (k-NN) algorithm [Prairie
et al., 2007] was employed in this study. By considering observed monthly precipitation and temperature
on the conditioning variable, k nearest neighbors were selected out of the entire historical time series based
on the estimated distance between the conditioning variable and the historical time series over the entire
period 1956 to 2005 in a leave-one-out cross validation. For instance, in order to select “k” nearest neighbors
for January 1956, monthly precipitation for the remaining 49 years were considered—leaving out the
conditioning point January 1956—for developing an ensemble. Then the daily series corresponding to the
monthly series identified from k neighbors were resampled by assigning different weights based on
Lall and Sharma kernel [Lall and Sharma, 1996]. For further details of the temporal disaggregation based
on k-NN approach, see Prairie et al. [2007] and Sinha and Sankarasubramanian [2013].

3. Error due to GCM downscaling, disaggregation, and hydrologic model (Model chain (c)): Temporally disaggre-
gated daily precipitation and temperature series from 32 ensemble members of monthly GCM series at 1/8°
were used as forcings. It is noted that the GCM forcing data used in this study naturally contain the part of
downscaling error in the model chain since the CMIP5 climate projections were downloaded to 1°× 1°,
which are further interpolated to 1/8° × 1/8° by BOR. Reclamation [2014] considered simple quantile mapping
for downscaling large-scale climate variable to watershed scale. Readers are referred to Reclamation [2014]
for more details about the spatially downscaled CMIP5 climate projections.

Other forcing series such as wind speed, relative humidity, vapor pressure, and solar radiation were kept
same as daily mean series of model-simulated daily series driven by observed precipitation, and temperature
across all three model configurations.
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Each model chain projects eight hydrologic variables: (1) seasonal mean streamflow, (2) seasonal mean
GW depth, (3) standard deviation of seasonal streamflow, (4) standard deviation of GW depth, (5)
seasonal mean 3 day peak streamflow, (6) standard deviation of seasonal 3 day peak streamflow, (7)
seasonal mean 7 day low streamflow, and (8) standard deviation of seasonal 7 day low streamflow.
For obtaining the changes in the above eight attributes between the control period and the target per-
iod, we considered the changes in the respective statistics obtained from observed streamflow/GW
depth as the baseline for comparison. Since observed GW depth is not available continuously for
Verde and Guadalupe River basins, we considered simulated GW depth series from PIHM as the base-
line. Hence, we obtained the changes in groundwater attributes from the simulated daily groundwater
series for the two basins.

The eight hydrologic variables simulated by PIHM using observed daily forcings (Figure 3a) are denoted as

QSim
i
j (Figure 3e) where i = c, t with “c” denoting the control period (1956–1980), and “t” denoting target

period (1981–2005) and j =DJF (December, January, and February), MAM (March, April, and May), JJA
(June, July, and August), and SON (September, October, and November)—representing four different
seasons. From these simulated values, the bias in estimating these variables was calculated by comparing

with the observed values. Next, the eight different hydrologic variables, QTS
i
j , (Figure 3f) were obtained

from streamflow and groundwater estimates from PIHM forced with daily disaggregated time series
from observed monthly precipitation (Figure 3b). Thus, the difference between Figures 3e and 3f is consid-
ered as the error added due to temporal disaggregation scheme. Finally, we also estimated the projections

of eight variables, QGTS
i
j , (Figure 3g) were obtained from streamflow and groundwater estimates from

PIHM forced with daily GCM forcings which were disaggregated from monthly GCM forcings from the
BOR site (Figure 3c). The difference between Figure 3f and 3g provides the errors due to GCM forcings
alone. Thus, the proposed experimental design helps us to quantify the errors arising from different
steps in the model chain in translating the large-scale climate information to basin-scale changes in
hydrologic variables.

Figure 3. Experimental design for quantifying the sources of errors in developing seasonal streamflow and groundwater
depth projections using near-term climate change information.

Journal of Geophysical Research: Atmospheres 10.1002/2016JD025138

SEO ET AL. IDENTIFICATION OF DOMINANT SOURCE OF ERR 8



3.2. Error Decomposition Metrics
3.2.1. Decomposition of Projection Errors
Following the decomposition procedures suggested by Sinha et al. [2014] and Mazrooei et al. [2015] for
understanding the dominant sources of error in seasonal streamflow forecasts, the difference between
observed and projected hydrologic variables could be linearly decomposed into three different sources of
errors based on equation (1). Readers refer to Text S1 and Figure S1 in the supporting information for the
validation of the linear decomposition.

QOBS
i
j ¼ QGTS

i
j þ εGCM i

j þ εTD ij þ εSim i
j (1)

where εSim i
j , εTD

i
j , and εGCM

i
j are errors due to PIHM simulation, temporal disaggregation, and GCM forcings for

j season in i period, respectively. Each of these errors on the selected hydrologic variables could be obtained
sequentially as follows (equations (2)–(4)):

QOBS
i
j ¼ QSim

i
j þ εSim i

j (2)

QSim
i
j ¼ QTS

i
j þ εTD ij (3)

QTD
i
j ¼ QGTS

i
j þ εGCM i

j (4)

In other words, QGTS is the streamflow/GW depth attributes having the error due to GCM forcings, temporal
disaggregation, and hydrologic model all together. QTS is the streamflow/GW depth attributes having
the error due to both temporal disaggregation and hydrologic model. QSim is the streamflow/GW depth
attributes having the error due to hydrologic model alone. With regard to error terms, εGCM is the error
due to GCM forcings alone, εTD is the error due to temporal disaggregation alone, and εSim is the error due
to hydrologic model alone. Thus, the sum of these errors, εGCM + εTD + εSim, is the total error from the model
chain in projecting changes in hydrologic variables using GCM forcings.
3.2.2. Decomposition of Errors in Projecting the Changes in Hydrologic Variables
As discussed earlier, studies have addressed uncertainty embedded on GCM-driven hydroclimate projections
arising from the model chain based on ANOVA techniques. Our study, however, is aimed at analyzing how
different sources of errors from the model chain propagate by comparing the observed hydrologic variables
with the projected estimates. Given that all model estimates have inherent bias in estimating the observed
values, climate change studies typically focus on the projected changes in hydrologic variables, which could
provide the potential change from the observed period [Harding et al., 2012; Aich et al., 2013; Ficklin et al.,
2013; Yang et al., 2014]. Hence, we addressed how the errors from the model chain propagate in estimating
the change in projections of the considered eight hydrologic variables. Thus, we also quantified how three
different sources of errors—GCM forcings, temporal disaggregation, and PIHM simulation—propagate along
the model chain and affect the projected changes in hydrologic variables. Observed changes of the hydrologic
variables, δOBSj, for season j between the target and the control period can be written as

δOBS j ¼ QOBS
target
j � QOBS

control
j (5)

Similarly, changes in the hydrologic variables estimated by the hydrologic model using (1) observed forcings
(δSimj), (2) temporally disaggregated observed forcings (δTDj), and (3) temporally disaggregated GCM forcings
(δGCMj) are calculated by substituting equation (1) into equation (5), we get

δOBSj ¼ QGTS
target
j þ εGCM

target
j þ εGCM

target
j þ εGCM

target
j

� �
� QGTS

control
j þ εGCMcontrol

j þ εGCMcontrol
j þ εGCMcontrol

j

� �
(6)

δOBS j ¼ δGTS j þ δεGCM þ δεTD þ δεSim (7)

where δGTS ¼ QGTS
target
j � QGTS

control
j , δεGCM ¼ εGCM

target
j � εGCMcontrol

j , δεTD ¼ εTD
target
j � εTDcontrolj , and

δεSim ¼ εSim
target
j � εSimcontrol

j .

Thus, the change in the observation (δOBSj) between the two periods can be explained by the change in GCM
projections (δGTSj) and the sum of the changes in errors that arise in the model chain (δεGCM þ δεTD þ δεSim ).
Hereinafter, we define the change in error (CIE) as the difference in the error (δε) due to a particular modeling
step between the control period and the target period. Thus, using the metrics defined in section 3.2, we
decomposed both the errors as well as how the errors change between the two time periods in translating
large-scale information to local scale.
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4. Results and Analysis

Daily streamflow and GWdepth series for the control and target periods were obtained by using three different
forcings (as discussed in section 3) for all the four target basins. In total, eight seasonal hydrologic attributes
were derived from the estimated daily streamflow and GW depth series under three different model chains,

QSim
i
j , QTS

i
j , and QGTS

i
j , for each target basin. Since climate change studies typically focus on the estimation of

changes in hydrologic variables (δ), we first present projection errors with the decompositionmetrics defined in
section 3.2.1. Following that, we discuss how errors in the estimation under target and control periods are
decomposed based on the metrics defined in section 3.2.2.

4.1. Errors in the Estimation of Changes in Hydrologic Variables

Figure 4 shows how the ensemble of GCM projections (δGTSj) captures the observed changes in each seasonal
streamflow attribute. With respect to mean seasonal streamflow (Figure 4a), GCM projections were not able
to capture the observed changes. Especially, in the case of Haw River basin, GCM projections cannot even get
the direction of the observed change correctly for any season. It is also important to note that projection
range—distance between first and third quartile values—of the ensemble members in small watersheds, Haw
andDeep River basins, aremuchwider compared to Guadalupe and Verde River basins, which are relatively large
watersheds. This indicates that projection driven by GCM forcings may induce larger uncertainty, particularly in
smaller watersheds. This is consistent with other studies focusing on climate change impacts [Christensen et al.,
2007; Foley, 2010; Corney et al., 2013]. Of all the basins, the projected and observed changes in mean seasonal
flow agree reasonably well for the Verde River basin even though the observed change is very small in the basin.
Similarly, the observed and projected changes in mean seasonal flow are in line during all the seasons except
summer. Further, ensemble mean of projected changes underestimated the observed change in all the seasons
except fall (i.e., ensemble mean of the projected changes did not imply significant changes in projection regard-
less of its predictability). On estimating the seasonal streamflow variability (Figure 4b), projections show similar
pattern as that of seasonal mean projection. In general, information from GCM projections underestimates the
observed variability of seasonal streamflow. For Verde River basin, since there is no noticeable change in the
observed streamflow series as well as in the GCM streamflow projections, it is hard to evaluate the performance
of the GCM projections on both mean seasonal streamflow and variability in seasonal streamflow.

Even though we calibrated and validated model using historic observed data set, there were some differences
in PIHM performance between the control and the target period. If there are large differences in hydrologic
model performances between the control and target (future) period, we can say current climate regime is not
same to the future period (from hydrologic model performance points of view). By comparing the seasonal
NSE values between control and target periods in Table 4 along with Figure 5, we found that estimation of
changes in variables are affected by the changes in hydrologic model performance between control and target
period at some extent. In other words, when there was larger difference between NSE values of control and target
period (regardless of the values of NSE for each control or target period), themodel performance for estimation of
changes in variables was poorer at some extent. For instance, NSE values of spring/summer season in control and
target period for Guadalupe basin were 0.45/0.60 and 0.42/0.47, respectively. Thus, the changes in NSE values are
�0.03/�0.13. Even though model performance was quite poor in spring season for both period, changes in NSE
value was low and themodel performance for estimation of changes inmean streamflow and variability in spring
season was very good (Figures 4a and 4b). On the contrary, the performance in summer season was poor given
that the changes in NSE values was much larger than spring season. Even though we used historic data sets for
near-term climate change, the changes in climate regime would be intensified in the future as discussed in
Wasko and Sharma [2015] when it comes to long-term future. In this regard, model configuration for the future
period would be one of the challenges in climate change studies up to the end of 21st century.

With respect to capturing the changes in the statistics of hydrologic extremes such as 3 day peak and 7 day
low seasonal streamflow (Figures 4c to 4f), information from GCM were not able to project the observed
change. Comparing Figures 4a and 4b with 4c–4f in Figure 4, we infer the bias in estimating the observed
change in hydrologic extremes being much larger than the bias in estimating the observed mean seasonal
and interannual variability in streamflow. Ensemble mean values of GCM projections of hydrologic extremes
were generally close to the horizontal axes which implies no change. Thus, no significant change was esti-
mated even though observed changes being exhibited in the mean and standard deviation of 3 day peak
flows.We also considered how the climate information captures the observed change in low-flow characteristics.
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Figure 4. Comparison between observed change (x axes) and the estimated changes (y axes, δGTSj) from PIHM forced with
32-ensemble BCSD GCM projections (changes between 1956–1980 and 1981–2005): (a) mean and (b) standard deviation
of seasonal streamflow, (c) mean and (d) standard deviation of 3 day maximum seasonal streamflow, and (e) mean and
(f) standard deviation of 7 day minimum flows over the four seasons. Dotted line represents the observed change being
equal to the estimated change.
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For this purpose, we compared the mean and standard deviation of 7 day low flows projected by the GCMs
with the observed statistics of 7 day low flows for each season. Given the observedmean and standard deviation
of 7 day low flows were small, the projected range from 32member ensemble was also very small. Comparing
the ability to project across different seasons, the projected 7- day low-flow statistics correspond slightly better
during the spring and summer seasons.

Similar to streamflow projections, the changes in GW depth projected by GCM were not able to capture the
observed changes (shown in Figure 5). Mean seasonal GW depth (Figure 5a) of Verde River basin increased by
around 0.1m for all the seasons, but GCM projections do not show any change. Moreover, the mean seasonal
GW depth projections for Haw and Guadalupe River basin were not even able to get the direction of the
observed change correctly. The projected mean GW depth showed an increase, while the observed mean
GW depth showed a decrease. Further, GCM projections also were not able to predict the direction of the
observed change of GW depth variability (Figure 5b). Fall season in Verde River is the only season that
GCM projections capture the direction in the observed change of GW depth variability correctly.

It is important that the projected changes in hydrologic variables provide the ability of GCM projections (δGTSj
in equation (7)) in explaining the observed change considering all the errors introduced through the model
chain. Our analysis shows that GCM projections show large errors in capturing the change in small humid
basins, Haw and Deep, from the Sunbelt east. Since these two watersheds are relatively smaller, the ensemble
spreads of Haw and Deep River basins were generally wider than the other two basins. For the semiarid
Guadalupe River basin, GCM projections relatively capture both the direction and magnitude of the observed
changes in mean seasonal streamflow and the variability of seasonal streamflow. However, the GCM projec-
tions of GW depth for Guadalupe River were not as good as streamflow projections. The Verde River basin, an
arid basin from the Sunbelt west, exhibits the smallest ensemble spread in the projected change for almost all
variables. This could be partly due to larger catchment area and also due to arid hydroclimatic conditions,
which critically depends on temperature (as opposed to precipitation) in estimating streamflow, leading

Figure 5. Comparison between observed change (x axes) and the estimated change (y axes, δGTSj) from PIHM forced with
32-ensemble BCSD GCM projections (changes between 1956–1980 and 1981–2005): (a) mean and (b) standard deviation of
seasonal GW depth over the four seasons.

Journal of Geophysical Research: Atmospheres 10.1002/2016JD025138

SEO ET AL. IDENTIFICATION OF DOMINANT SOURCE OF ERR 12



to reduced uncertainty in projections. Studies have shown that temperature predicted by GCMs has less
uncertainty compared to the precipitation [e.g., Devineni and Sankarasubramanian, 2010; Goddard et al., 2013;
Gonçalves et al., 2014]. Hence, projected changes in various hydrologic attributes exhibit smaller ensemble
spread for the Verde River basin compared to other basins.

4.2. Decomposition of Sources of Errors in Projecting the Changes in Hydrologic Variables

The unexplained change by GCM projections is equal to the sum of the changes in three different sources of
error (equation (7)). Thus, GCM’s inability in estimating the observed change can be explained by the sum of
the CIE from different sources in the model chain between control and target periods. Error decomposition
results of seasonal streamflow change projections are presented in Figure 6. The solid line in each plot
denotes the value of unexplained change by GCM projections (δOBSj� δGTSj). Each bar chart represents the

change value in errors from different sources (e.g.,δεSim ¼ εSim
target
j � εSimcontrol

j ). For mean seasonal streamflow

and variability of seasonal streamflow (Figures 6a and 6b), the primary source of error arises from the changes
in error due to GCM forcing, hereinafter CIE-GCM (δεGCM) for three seasons—winter, spring, and summer—over
Haw, Guadalupe, and Verde River basins. In these three basins, the changes in error due to hydrologic model
(PIHM) simulation, hereinafter CIE-SIM (δεSim) dominates during the fall season. In the case of Deep River basin,
CIE-GCM (δεGCM ) is high during the spring season, but the CIE-SIM (δεSim ) dominates during the rest of the
season. Overall, the changes in error due to temporal disaggregation, hereinafter CIE-TD (δεTD) are smaller than
the other sources except in winter for Guadalupe River basin. This is to be expected as the mean and variance
of seasonal streamflow primarily depend on the mean and variance of seasonal forcings as opposed to their
interseasonal variability, which usually associates with the disaggregation error. Thus, the observed change in
mean seasonal streamflow and variability in seasonal streamflow (Figures 6a and 6b) primarily arise from the
CIE-GCM (δεGCM) which includes both the error from the climate change projections as well as from the spatial
downscaling scheme in the model chain since we use the downscaled climate information for forcing the
PIHM. Following that, the next source of error arise from the inability of the hydrologic model to capture
the observed change in mean and variance of seasonal streamflow.

On the other hand, decomposing the errors in projecting the changes in hydrologic extremes (shown in
Figures 6c–6f), we infer that the CIE-SIM (δεSim ), followed by CIE-TD (δεTD ), account for the most unexplained
change in hydrologic extremes in almost all the four seasons over all the basins except the Guadalupe
River basin. This does not imply that the errors arising from the GCM projections are relatively small. It only
implies that the CIE-GCM (δεGCM ) between the two periods is relatively small in explaining the change in
hydrologic extremes. One possible reason for the dominant source being hydrologic model is because the
calibration of PIHM parameters primarily focused on evaluating the skill in predicting monthly streamflow and
groundwater. Changes in R bias (shown in equation (8) for season j) of all the six seasonal streamflow variables
are presented in Table 6. The values of the changes in R bias represent the ability of PIHM in estimating the
changes in the hydrologic variables. For instance, lower value of changes in R bias represents that model skill
is quite constant between the control and target periods, which means that the model is reliable to estimate
the changes between the two periods. We found that the values of hydrologic extremes are mostly larger than
the values of seasonal mean flow in terms of the changes in R bias. Thus, it infers that changes in errors arising
from PIHM are relatively large in explaining the changes in hydrologic extremes. Further, it is logical to expect
that the disaggregation being a significant source in predicting the extremes since disaggregation scheme
develops the required daily forcings, which primarily account for the skill in predicting extremes. In the case
of Guadalupe River basin, the CIE-GCM (δεGCM ) dominates across the most seasons. Following that, we also
infer that CIE-TD (δεTD ) being the significant source in accounting for the unexplained changes in predicting
the extremes. The primary reason behind this is that the ability of PIHM in predicting the observed hydrologic
extremes beingmuch better compared to other basins. As shown in Table 6, the values of changes in R bias of
Guadalupe River basin are mostly smaller than the other three basins over all the seasons. Hence, the CIE-
GCM (δεGCM) account for the most unexplained change in projecting the hydrologic extremes (Figures 6c–6f).

δR-bias j ¼ QSim
target
j � QOBS

target
j

� �
=QOBS

target
j

n o
� QSim

control
j � QOBS

control
j

� �
=QOBS

control
j

n o
(8)

Decomposing the errors in projecting the changes in mean and variability of seasonal GW depth (Figure 7)
clearly show that CIE-GCM (δεGCM ) account for the most unexplained observed changes in groundwater
attributes over all the seasons and all the basins except for the Verde River basin. This is similar to the
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streamflow indicating that CIE-GCM (δεGCM) play a critical role for explaining the observed change in mean sea-
sonal attributes. Since there is no significant seasonality on streamflow and GW depth in the Guadalupe River
basin, a similar pattern of CIE from different sources is exhibited across all the seasons. In the case of Verde
River basin, both CIE-GCM ( δεGCM ) and CIE-TD ( δεTD ) account for the unexplained change in seasonal

Figure 6. Decomposition of different sources of errors in projecting (a) mean and (b) standard deviation of seasonal streamflow, (c) mean and (d) standard deviation
of 3 day peak seasonal streamflow, and (e) mean and (f) standard deviation of 7 day low flows over the four seasons using near-term climate change information.
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groundwater attributes. This is partly due to the significant seasonality in both streamflow and groundwater
exhibited at the Verde River basin. Deep River basin is not shown since observed time series of GW depth was
not available for the basin.

Table 6. Changes in R Bias of the Six Seasonal Streamflow Variables Between the Control and the Target Periodsa

DJF MAN JJA SON

Seasonal Mean Streamflow
Haw �0.045 �0.021 �0.117 �0.218
Deep 0.102 0.115 0.219 �0.008
Guadalupe �0.007 0.012 0.001 �0.015
Verde 0.004 0.140 0.099 0.210

Seasonal Mean 3 Day Peak Flow
Haw 0.010 �0.154 �0.186 �0.233
Deep 0.064 �0.040 0.219 0.012
Guadalupe �0.003 0.026 �0.015 �0.040
Verde 0.197 0.242 �0.010 0.654

Seasonal Mean 7 Day Low Flow
Haw 0.007 0.052 �0.294 �0.286
Deep 0.040 0.186 �0.029 0.001
Guadalupe 0.004 0.006 0.002 �0.006
Verde 0.008 0.043 �0.030 �0.074

Standard Deviation of Seasonal Streamflow
Haw �0.073 �0.027 0.002 �0.136
Deep 0.019 0.143 0.603 0.104
Guadalupe �0.002 0.014 0.013 0.002
Verde 0.031 0.131 �0.107 0.965

Standard Deviation of 3 Day Peak Flow
Haw 0.025 �0.103 �0.050 �0.310
Deep 0.044 �0.079 0.641 0.119
Guadalupe �0.055 0.050 �0.010 0.031
Verde 0.060 0.398 �0.257 0.418

Standard Deviation of 7 Day Low Flow
Haw 0.021 0.157 �0.376 0.097
Deep �0.083 0.068 �0.555 �0.212
Guadalupe 0.002 0.028 �0.002 0.064
Verde 0.068 0.252 0.022 �0.045

aCorresponding station names and numbers are in Table 1.

(a)

(b)

Figure 7. Decomposition of different sources of errors in projecting (a) mean and (b) standard deviation of seasonal
groundwater depth over the four seasons using near-term climate change information.
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To summarize the findings on decomposing various sources of errors that impact the estimation of changes
in hydrologic attributes, we infer the following: (1) CIE-GCM (δεGCM ) is the main source of error accounting
for the unexplained changes in mean and variability of seasonal hydrologic attributes, since climate forcings
being the primary information to explain the changes; (2) CIE-SIM (δεSim ) and CIE-TD (δεTD ) play an important
role in predicting the changes in hydrologic extremes, since daily forcings are critical for predicting extremes;
and (3) the sources of error also vary significantly depending on the seasonality and the hydroclimatic regime
(i.e., arid/humid) of the basin.

4.3. Discussion—Dominant Sources of Errors in Projecting the Changes in Hydrologic Variables

The main motivation of this study is to develop a framework for decomposing the various sources of errors
arising from the model chain in projecting the changes in hydrologic attributes using climate change infor-
mation. Given climate change impacts are typically estimated by downscaling large-scale information to local
scale through a series of model chain, we proposed metrics that systematically decomposes different sources
of errors in projecting the changes in seasonal hydrologic attributes arising from the model chain. The
proposed metrics basically assume that the errors from different steps in the model chain are independent
and could be systematically decomposed to obtain the errors due to different sources (equations (1)-(4)).
Given our interest under near-term climate change is in projecting the changes in hydrologic attributes,
we used the decomposed errors (in equation (1)) to estimate the changes in error characteristics from differ-
ent sources (equations (5)–(7)) by comparing with the observed changes in the respective attributes. This
provides us the basic framework and a general set of equations for understanding the magnitude and direc-
tion of errors arising from the model chain. In this analysis, we considered the error due to GCM and down-
scaling into one single source, but one could estimate the downscaling error alone, following the approach of
Sinha et al. [2014] andMazrooei et al. [2015], by upscaling the observed precipitation and temperature to the
spatial resolution of BCSD (i.e., 1° × 1°) and then applying the downscaling procedure, quantile mapping,
adapted by BOR. We did not estimate the downscaling error separately here, since we expect it to be very
small as found by Sinha et al. [2014] and Mazrooei et al. [2015]. Though we applied the proposed equations
(1)–(7) for four test basins, in principle it can be applied to quantify the errors in estimating the observed
flows and in estimating the changes in hydrologic attributes for any given watershed. Further, one could also
apply these equations for any type of model chain including dynamic downscaling.

To understand the dominant source of error over the four selected basins, we plot the fractions of each sources
of errors for seasonal streamflow attributes (Figure 8) and for seasonal hydrologic extremes of streamflow
(Figure 9). Figures 8 and 9 obtain the fraction (fψ) due to a particular source, ψ (i.e., GCM or TD or SIM), using
the following expression:

fψ ¼ δεψ
�� ��

δεGCMj j þ δεTDj j þ δεSimj j (9)

The main idea of this analysis is to look at the magnitude of CIE from a particular source in relation to the com-
bined CIE from all the sources and also compare their relative magnitudes across the basins. Deep river is not
plotted in Figures 8 and 9 due to similarity of results with Haw River. From Figure 8, CIE-GCM (δεGCM) (blue color)
dominate in the most basins except during the fall season, which is the low-flow season in most basins.
Specifically, Haw River basin, located under humid hydroclimatic regime, shows greater portion of CIE-GCM
(δεGCM)—i.e., larger fraction of blue color—in comparison to Verde River basin, which is located in arid hydrocli-
matic regime, in all the seasons except fall during which CIE-SIM (δεSim ) dominates. In general, contribution of
CIE-GCM (δεGCM ) tends to decrease under low-flow season (i.e., fall season) and arid hydroclimatic regime. This
is partly due to the reason that humid (arid) basins rely more on precipitation (temperature), which is poorly
(relatively well) estimated by both historical and hindcasts of GCM [Goddard et al., 2013; Gonçalves et al., 2014].

With regard to estimating the changes in hydrologic extremes, contributions of CIE-SIM (δεSim) and CIE-TD (δεTD)
were increased especially for 3 day peak flow as shown in Figure 9 (increased fractions of dotted gray and
lined red pies that represent CIE-SIM (δεSim ) and CIE-TD (δεTD ), respectively). Given that PIHM is driven by daily
forcings, estimation of changes in hydrologic extremes is much more affected by the skill of temporal disag-
gregation and hydrologic model performance on daily series simulation. For instance, disaggregated climate
forcings frommonthly to daily are unable to capture the relevant peaks in precipitation resulting in increased
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CIE-TD (δεTD ) in capturing the changes in the hydrologic extremes. Further, the reason for the increased
CIE-SIM (δεSim) is partly due to the reason that most hydrologic models are calibrated for monthly performance
not based on their ability to simulate the hydrologic extremes. In the context of seasonal projections, changes
in errors arising from hydrologic model simulation and temporal disaggregation scheme are typically
cancelled out upon aggregation of daily series to seasonal time scale. Thus, in the context of predicting changes
in hydrologic extremes, particularly peak flow characteristics, it may be desirable to consider alternate
approaches such as stochastic models that directly relate the climate information with the observed seasonal
peaks [Sankarasubramanian and Lall, 2003].

Figure 8. Fraction of three different sources of errors in projecting changes in (a) mean and (b) standard deviation of seasonal
streamflow over the four seasons using near-term climate change information: Haw, Guadalupe, and Verde River basins.
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In addition, a particular modeling (e.g., temporal disaggregation and GCM data sets) in the chain can be alter-
nated by state-of-the-art schemes, while we applied k-NN resampling for temporal disaggregation and BCSD
for GCM date sets that have been widely used. For example, Johnson and Sharma [2012] proposed nesting
bias correction (NBC) method that corrects means, standard deviations, and lag-1 autocorrelations so that it
was able to improve representation of distributional and persistence attributes. While Johnson and Sharma
[2015] found that the both bias correction methods, NBC and quantile mapping which is a basis of BCSD,
reduced the prediction errors in GCM simulations, they discussed that quantile mapping method can result
in distortion of persistence attributes such as drought. Thus, NBC approach should be considered for an appro-
priate bias correction method for climate change impact studies. In this study, however, we retained GCM data

Figure 9. Fraction of three different sources of errors in projecting changes in mean seasonal (a) 3 day peak and (b) 7 day low
streamflow over the four seasons using near-term climate change information: Haw, Guadalupe, and Verde River basins.
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sets which were bias corrected based on quantile mapping since we used only historic simulation data sets of
GCMs under consideration of near-term climate change.

Given that we are considering near-term climate change under an assumption that there is no significant changes
in climate regime, we did not consider climate nonstationarity. Thus, we assumed calibrated parameters using
control period are valid for the target period. For reference, if there is drastic difference in climatic conditions in
the future, choice of calibration length should be carefully considered [Vaze et al., 2010]. Plus, if this study is
extended to the long-term climate change such as up to the end of 21st century, temporal disaggregation
scheme used in this study would have a critical limitation that cannot sample potential extremes which are
beyond the observations. Thus, as Wasko et al. [2015] discussed, potential extremes in the future should be
deliberately considered for the long-term climate change studies. Besides, Sharma and Mehrotra [2014] intro-
duced partial information-partial weighting (PI-PW) framework as an alternative formulating prediction models
for natural system so that overcome current limitations of k-NN algorithm. Readers refer to Sharma andMehrotra
[2014] for details on the PI-PW framework.

5. Conclusions

This study proposed a systematic decomposition procedure for quantifying the errors arising from various
sources in themodel chain in projecting the changes in hydrologic attributes using near-term climate change
projections. The motivation is to understand errors from different sources so that a particular modeling (e.g.,
temporal disaggregation) in the chain could be improved. The findings from the application of the decom-
position procedure over four target basins could be summarized as follows: (1) changes in the observed
hydrologic attributes were not captured well by the change in GCM projections, (2) projected changes in
hydrologic variables forced by a set of multiple GCMs generally underestimate observed changes of hydrologic
attributes, (3) changes in error due to GCM forcing (temporal disaggregation scheme and hydrologic model
simulation) play an important role in capturing the changes in mean and variability of seasonal streamflow
(hydrologic extremes of streamflow), (4) comparing across the watersheds, the smaller watersheds lead to
larger GCM ensemble spreads indicating higher uncertainty in projecting the changes in hydrologic attributes,
and (5) semiarid/arid (humid) basins show reduced (enlarged) uncertainty with narrower (wider) ensemble
spread in projecting the changes in hydrologic attributes as arid (humid) basins rely more on temperature
(precipitation), which is better (poorly) simulated by GCMs.
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