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ABSTRACT

The North American Regional Reanalysis (NARR) is a state-of-the-art land–atmosphere reanalysis product

that provides improved representation of the terrestrial hydrologic cycle compared to previous global

reanalyses, having the potential to provide an enhanced picture of hydrologic extremes such as floods and

droughts and their driving mechanisms. This is partly because of the novel assimilation of observed pre-

cipitation, state-of-the-art land surface scheme, and higher spatial resolution. NARR is evaluated in terms of

the terrestrial water budget and its depiction of drought at monthly to annual time scales against two offline

land surface model [Noah v2.7.1 and Variable Infiltration Capacity (VIC)] simulations and observation-based

runoff estimates over the continental United States for 1979–2003. An earlier version of the Noah model

forms the land component of NARR and so the offline simulation provides an opportunity to diagnose NARR

land surface variables independently of atmospheric feedbacks. The VIC model has been calibrated against

measured streamflow and so provides a reasonable estimate of large-scale evapotranspiration. Despite similar

precipitation, there are large differences in the partitioning of precipitation into evapotranspiration and

runoff. Relative to VIC, NARR and Noah annual evapotranspiration is biased high by 28% and 24%, re-

spectively, and the runoff ratios are 50% and 40% lower. This is confirmed by comparison with observation-

based runoff estimates from 1130 small, relatively unmanaged basins across the continental United States.

The overestimation of evapotranspiration by NARR is largely attributed to the evapotranspiration compo-

nent of the Noah model, whereas other factors such as atmospheric forcings or biases induced by precipitation

assimilation into NARR play only a minor role. A combination of differences in the parameterization of

evapotranspiration and in particular low stomatal resistance values in NARR, the seasonality of vegetation

characteristics, the near-surface radiation and meteorology, and the representation of soil moisture dynamics,

including high infiltration rates and the relative coupling of soil moisture with baseflow in NARR, are

responsible for the differences in the water budgets. Large-scale drought as quantified by soil moisture

percentiles covaries closely over the continental United States between the three datasets, despite large

differences in the seasonal water budgets. However, there are large regional differences, especially in the

eastern United States where the VIC model shows higher variability in drought dynamics. This is mostly due

to increased frequency of completely dry conditions in NARR that result from differences in soil depth,

higher evapotranspiration, early snowmelt, and early peak runoff. In the western United States, differences in

the precipitation forcing contribute to large discrepancies between NARR and Noah/VIC simulations in the

representation of the early 2000s drought.

1. Introduction

Quantifying the temporal variability of the terrestrial

water budget from subdaily to annual scales is central

to understanding the mechanisms and predictability of
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hydrological hazards. In particular, improved estimates

are necessary for evaluating the risk of extreme events,

such as flood and droughts (e.g., Zehe and Blöschl 2004;

Sheffield and Wood 2007), determining the requirements

of water resources operations (e.g., Georgakakos et al.

1998), and providing the basis for prediction of future

states (Mitchell et al. 2004; Koster et al. 2010). However,

estimating the terrestrial water budget at large scales is

difficult because of the lack of large-scale, long-term

observations of relevant variables. Although remote

sensing of hydrologic variables offers much promise

(Alsdorf and Lettenmaier 2003), modeled data from re-

analysis and offline land surface modeling are a practical

alternative and can provide consistent and continuous

fields of relevant variables (Mesinger et al. 2006; Sheffield

and Wood 2007). Nevertheless, model estimates are not

without error. Comparisons of global reanalyses have

shown large errors in the water budgets (Maurer et al.

2001; Leung et al. 2003), although this is improving (e.g.,

Betts et al. 2009), and evaluations of land surface models

(LSMs) have revealed large differences among models in

the representation of the water budget even when forced

by the same meteorological data (Sheffield et al. 2003;

Lohmann et al. 2004; Guo et al. 2006).

The North American Regional Reanalysis (NARR)

(Mesinger et al. 2006) is a relatively recent reanalysis

product of modeled atmospheric and land variables for

the North American continent and adjacent oceans over

the past 30 yr. It is an improvement on global reanalyses

because of its higher resolution (32 km, compared to 50–

200 km of global reanalyses), state-of-the-art LSM, and

most importantly, the assimilation of observed precipita-

tion. The NARR is therefore expected to provide a more

accurate picture of the land surface water budget (Mesinger

et al. 2006). This has been shown to be the case relative to

existing global reanalyses (e.g., Nigam and Ruiz-Barradas

2006) over the United States. However, a comprehensive

evaluation of its terrestrial hydrology at regional scales

has yet to be done and it is uncertain whether it is suitable

for understanding the occurrence and mechanisms of

extreme hydrological events such as droughts.

A number of studies have analyzed the depiction of

drought by the NARR (Mo and Chelliah 2006; Karnauskas

et al. 2008; Weaver et al. 2009). Nevertheless, these anal-

yses mostly rely on the Palmer drought severity index

(PDSI) to quantify drought, rather than explicitly con-

sidering surface water budgets and their covariabilities,

which ultimately drive the development of drought. Mo

and Chelliah (2006) calculated the PDSI using water

budget components taken directly from the NARR, in lieu

of values predicted internally by the PDSI from input

precipitation and temperature and subject to its biases

and simplifications. They found that it was capable of

simulating historic drought events in a reasonable manner.

They also suggested that the NARR provides better esti-

mates than the official U.S. National Climate Data Center

(NCDC) PDSI because of its higher resolution, oro-

graphic precipitation adjustment, and perceived better

hydrology that includes the response to variation in soil

moisture. Karnauskas et al. (2008) similarly calculated

the PDSI using NARR output and compared it with PDSI

derived from the European Centre for Medium-Range

Weather Forecasts (ECMWF) Re-Analysis (ERA-40)

product and the PDSI dataset of Dai et al. (2004). The

latter was driven by precipitation and temperature only.

They found that the NARR-based dataset identified

major drought events but with some major differences

when compared to the alternate PDSI datasets and to

NCDC PDSI data, with large differences in the space–

time characteristics of individual events.

The direct use of NARR data in the calculation of the

PDSI avoids some of the known problems with the PDSI

(Sheffield and Wood 2007; Roderick et al. 2009), such as

its lack of snow physics, simplified hydrology, and use of

a temperature-based algorithm for potential evapora-

tion (PE; Alley 1984). However, the NARR-based PDSI

still relies on the accuracy of the NARR data. This re-

mains questionable, despite indirect supporting evidence

that the NARR is reasonable from an atmospheric view-

point (Mo et al. 2005) and localized evaluations of the

NARR’s LSM (Noah) in offline mode (e.g., Fan et al.

2006). One key finding of Karnauskas et al. (2008) was

that evaporation was a major contributor to the depiction

of drought, and hence evaporation must be accurately

portrayed; something that the PDSI is not renowned

for in its original form (Sheffield and Wood 2007).

However, compared with global reanalyses, climate

model simulations, and offline modeling over the cen-

tral United States, Nigam and Ruiz-Barradas (2006)

note that the evaporation in the NARR is not neces-

sarily realistic either, despite its inclusion of observed

precipitation.

The objectives of this study are twofold. First, to

quantify the long-term land surface water budgets over

the United States derived from the NARR and evaluate

these against two offline LSM simulations and observed

streamflow measurements, and secondly, to use these

datasets to characterize and compare the occurrence of

drought and its propagation through the hydrological

system. We use data from reanalysis and offline model-

ing to help distinguish differences arising from each mod-

eling approach—that is, a coupled land–atmosphere

assimilation system versus observation-driven offline

hydrological modeling, respectively. The offline simu-

lations were run with the Noah model (Chen et al.

1997), which is the LSM of the NARR, and the Variable
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Infiltration Capacity (VIC) LSM (Liang et al. 1994),

which is used as an alternate dataset. The VIC dataset has

been calibrated against large basin streamflow and well

validated against available hydrological observations. It

therefore provides arguably our best estimate of the long-

term variation of the terrestrial water budgets over the

United States and forms a benchmark against which to

evaluate the other datasets.

2. Datasets

a. NARR

Mesinger et al. (2006) describe the development of

the NARR, including an overview of the improvements

relative to the National Centers for Environmental Pre-

diction (NCEP)–National Center for Atmospheric

Research (NCAR) global reanalysis and initial evalua-

tions. The NARR period is 1979 to present for the

North American continent and surrounding ocean at

32 km with 45 atmospheric levels. The largest im-

provement is deemed to be the assimilation of pre-

cipitation and its impact on land–atmosphere coupling

and terrestrial hydrology, which also benefited from im-

provements to the LSM, Noah (Mitchell et al. 2004; Ek

et al. 2003). The version of Noah used in the NARR was

v2.6, which is similar to that used in coupled and un-

coupled studies (Ek et al. 2003; Mitchell et al. 2004). The

improvements were also expected to give good rep-

resentation of extreme events, such as droughts and

floods (Mesinger et al. 2006). The precipitation is as-

similated by altering the latent heating profiles that then

force precipitation in the atmospheric model. For the

conterminous United States (CONUS), a 1/88 daily rain

gauge data analysis from the U.S. Climate Prediction

Center (CPC)/Office of Hydrology (OHD) is used

(Shafran et al. 2004), which is orographically adjusted

using the Parameter-Elevation Regressions on In-

dependent Slopes Model (PRISM) approach (Daly

et al. 1994). The daily analysis is based on the Unified

Rain gauge Database (URD), which includes data

from approximately 12 000 gauges per day including

NCDC Co-op stations, River Forecast Center (RFC)

stations, and accumulated from the Hourly Precipitation

Data (HPD) product (Higgins et al. 1999). Between 1999

and 2002, only the RFC observations were available.

NARR also updates the modeled snowpack using the

daily global snow analysis (SNODEP) of the U.S. Air

Force (USAF) Weather Agency (Kopp and Kiess 1996).

Because of the assimilation of precipitation and snow,

there is a nonclosure term in the moisture budget that is

estimated to be less than 0.5 mm day21 over the central

Great Plains but can exceed 1.5 mm day21 over the more

complex terrain of the West (Mesinger et al. 2006). This

has potential impacts on water budget components and

the depiction of drought.

b. Noah LSM

The Noah model (Chen et al. 1997) has been developed

over the last two decades for use in NCEP operational

weather and climate models. Evapotranspiration is cal-

culated using a Penman–Monteith approach (Monteith

1965) with a Jarvis-type canopy resistance scheme (Jarvis

1976). Infiltration is as a nonlinear function of soil satu-

ration, bounded above by precipitation and below by soil

hydraulic conductivity (Schaake et al. 1996). The balance

of the water and energy fluxes are represented by soil

temperature and soil moisture, and simulated at four soil

layers (0–10, 10–40, 40–100, and 100–200 cm). Upgrades

to the model at NCEP include the addition of frozen

soils and subgrid variability in snow (Koren et al. 1999;

Mitchell et al. 2002; Ek et al. 2003), improved formu-

lations of canopy conductance, bare soil evaporation,

vegetation phenology, ground heat flux, surface runoff

and infiltration, thermal roughness lengths, surface ex-

change coefficients, and snowpack physics (Ek et al. 2003;

Mitchell et al. 2004). The model has been evaluated in

several coupled and uncoupled studies and has been

shown to reproduce observed land surface energy and

water budgets reasonably well (Mitchell et al. 2004; Ek

et al. 2003). Noah v2.7.1 was used for the offline sim-

ulation, which is similar to the version used in NARR

(v2.6). The main difference between the versions is the

inclusion of a separate calculation of snow sublimation

and evaporation from the non-snow-covered surface

(other differences are only applicable when the model

is run in coupled mode).

c. VIC LSM

The VIC model (Liang et al. 1994; Cherkauer et al.

2002) represents subgrid variability in soil storage ca-

pacity as a spatial probability distribution, and param-

eterizes baseflow as a nonlinear recession from the lower

soil moisture zone. The land surface is represented by

a number of subgrid tiles for each land cover class.

Evapotranspiration is calculated similarly to the Noah

model. The soil column is divided in three layers and

water movement between them is modeled as gravity

drainage. The top layer is 10 cm thick. The thicknesses

of the bottom two layers are adjusted through calibration

and range between 50–150 and 10–25 cm, respectively,

depending on the location. The total depth ranges from

80 to 300 cm across the domain with a mean depth of

about 150 cm. Cold season processes are modeled, in-

cluding seasonal and permanently frozen soils, canopy

and ground snowpack, and subgrid distribution of snow
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based on elevation banding (Cherkauer and Lettenmaier

1999). The VIC dataset and prior simulations (Maurer

et al. 2002) have been used to analyze the water budgets

of the United States (Maurer et al. 2001, 2002) and the

occurrence of drought (Sheffield et al. 2004; Andreadis

et al. 2005; Wang et al. 2009).

d. Noah and VIC offline simulations

The Noah and VIC offline simulations are taken from

Wang et al. (2009), who developed a multimodel re-

construction of drought over the continental United

States for 1920–2003. We also use data up to 2007 from

the real-time extension of the VIC simulation from the

University of Washington Surface Water Monitor. These

simulations were forced with the meteorological dataset

of Andreadis et al. (2005) and are an extension of the

VIC offline simulation of Maurer et al. (2002). The

models were run on a regular 0.58 grid over the conti-

nental United States using observation-based forcings

derived from National Oceanic and Atmospheric Ad-

ministration (NOAA) Cooperative (Co-op) Observer

station meteorological daily data. Daily precipitation,

maximum–minimum air temperature, and average wind

speed were gridded following Maurer et al. (2002).

Temporal heterogeneities in the data were corrected

for using the methods of Hamlet and Lettenmaier (2005),

which projects the decadal variability from 2130 high-

climate quality stations onto the gridded data at a

monthly time scale. The climate quality stations are

from the U.S. Historical Climatology Network (HCN)

(Karl et al. 1990) and the Historical Canadian Climate

Database (HCCD) (Vincent and Gullett 1999). The

precipitation is corrected for topographic effects using

PRISM. Further details of the forcings, parameters,

and simulation details can be found in Maurer et al.

(2002), Andreadis et al. (2005), and Wang et al. (2009).

e. Data preparation and drought analysis

Relevant land and atmospheric variables for NARR

were bilinearly interpolated to ½8 resolution to match

the VIC and Noah data. The time scale of the analysis is

monthly for 1979–2007 (1979–2003 for the Noah data)

and so all variables were averaged to monthly means,

except for changes in water storage, which were calcu-

lated as the difference between the values at the end and

start of the month. Following Sheffield et al. (2004),

Andreadis et al. (2005), and Sheffield and Wood (2007),

we define drought in terms of soil moisture, which is

most closely aligned with agricultural-type drought, but

reflects all aspects of the hydrological system. Monthly

mean soil moisture values are first converted into per-

centiles based on the 1979–2003 climatology for each

dataset. For a model pixel, a drought is then identified

as a run of percentile values below a given threshold—

in this case 20%, which is in line with the aforemen-

tioned studies and the U.S. National Drought Monitor

(Svoboda et al. 2002).

3. Results

a. Annual water budgets

At annual time scales the land surface water budget

can be simplified to P 5 E 1 Q (where P, E, and Q are

the mean annual values of precipitation, evapotranspi-

ration, and runoff, respectively, and runoff consists of

surface runoff plus subsurface baseflow) by assuming

that changes in water storage, S, are negligible in the long

term. Figure 1 shows the mean annual budget terms P, E,

and Q for the three datasets for 1979–2003. There is little

difference in precipitation between the datasets at large

scales, which is expected as they use similar gauge data

sources. The Noah and VIC simulations use the same

precipitation forcing (referred to as PVIC,Noah; NARR

precipitation is referred to as PNARR). Both PVIC,Noah and

PNARR employ the PRISM adjustments for orographic

effects. However, difference maps (not shown) reveal

significant disparities, especially in the mountains and

Gulf coast during spring, which exceed 1 mm day21.

This is likely because of differences in the contributing

gauges and the interpolation of gauge measurements to

gridded values across complex terrain. During the sum-

mer, differences are generally less than 0.2 mm day21,

with the largest differences in the East. Overall, PNARR is

biased dry relative to PVIC,Noah by about 7% (Table 1).

Despite the general consistency in annual P, there are

large differences in E and Q between the VIC and

NARR in the East where E is much larger in the NARR

dataset. Noah E is very similar to that in NARR. Not

surprisingly, the NARR and Noah Q is lower than VIC

given the higher E, although NARR and Noah differ

quite substantially in Q in many regions. The phase di-

agram in Fig. 2 summarizes the partitioning of pre-

cipitation between runoff and evapotranspiration on

a regional basis. Mean annual P, E, and Q are averaged

over the 12 RFC regions of the continental United

States (Fig. 3). The long-term average annual budget

values are given in Table 1. The diagonal lines in Fig. 2

represent the mean annual precipitation. Depending on

how a model partitions P into E and Q, a symbol will

lie somewhere along this line, provided that the water

budget is closed and there is no change in storage over the

averaging period. There is a slight offset of the symbols

from the line, which indicates a change in storage over the

time period. For Noah and VIC, these are small. How-

ever, NARR offsets are quite substantial. For example, in
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the Colorado basin there is a loss of storage to evapo-

transpiration and runoff over this region if there is budget

closure. As the discrepancies are highest in the northern

and mountainous regions, they are likely associated with

budget nonclosure because of assimilation of precipitation

over complex topography and SNODEP data.

In every region, the partitioning in VIC is biased to-

ward runoff relative to the NARR and Noah. The U.S.

average runoff ratio is almost two times higher in VIC

than in NARR (Table 1). The VIC model was calibrated

to observations of large basin streamflow across the

United States by Maurer et al. (2002), who argued that

VIC estimates of Q and therefore E are reasonable, at

least at the scale of these basins. Comparison by Maurer

et al. (2002) against observations from multiple flux

tower sites over Kansas (Betts and Ball 1998) showed

that the VIC latent heat was low by 19% (21 W m22 or

0.73 mm day21), bearing in mind that the energy budget

nonclosure at the tower sites was 0.14–0.28 mm day21.

Sheffield et al. (2009) showed that the VIC E from the

updated North American Land Data Assimilation Sys-

tem (NLDAS; Mitchell et al. 2004) dataset of Troy et al.

(2008) for the Mississippi basin was comparable to re-

mote sensing–derived estimates and inferred from the

NARR atmospheric water balance (which is more reli-

able because of the assimilation of upper-air observa-

tions). This argument was backed up by evaluations of

TABLE 1. Annual budgets of P, E, Q (mm), and runoff ratio (Q/P)

for 1979–2003.

NARR Noah v2.7.1 VIC

P 731 783 783

E 670 677 525

Q 117 112 228

Q/P 16.0% 14.3% 29.1%

FIG. 1. (top to bottom) Mean (1979–2003) annual precipitation, evapotranspiration, runoff (mm day21), and runoff ratio (%) for

(left to right) the NARR, Noah, and VIC datasets.
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other components of the water budget (e.g., soil mois-

ture and snow cover) with observations (Maurer et al.

2002). The evidence thus indicates that the NARR E

is biased high relative to VIC and to other estimates

from offline modeling and inferred values from the

atmospheric budget (Nigam and Ruiz-Barradas 2006;

Sheffield et al. 2009). This is corroborated by Weaver

et al. (2009), who deemed the NARR E to be unresponsive

to changes in soil moisture, and to be too high in wet

periods. A consistent opposite bias is seen in the NARR

runoff (also highlighted by Weaver et al. 2009).

b. Seasonal water budgets

Figure 4 shows the mean monthly terrestrial water

budget for the NARR and VIC datasets averaged over

the 12 RFC regions (the budgets for Noah could not

be calculated because only monthly average data were

available). The values are calculated for 1979–2007 and

are normalized by the regionally averaged annual pre-

cipitation. The quantity Q is divided into surface run-

off and subsurface baseflow. Precipitation is the source

of water to the system. E and Q are sinks, effectively

FIG. 2. Partitioning of annual precipitation between runoff and evapotranspiration for 1979–

2003 for the 12 RFC regions. The symbols indicate the dataset: NARR (R), Noah v2.7.1 (N),

and VIC (V). The colors indicate the RFC region. The diagonal lines represent mean annual

precipitation.

FIG. 3. Map of RFC regions.
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removing water from the system back to the atmosphere

and through the stream network, respectively. Water is

also stored in liquid (soil moisture, vegetation canopy

interception, lakes, surface water, rivers, wetlands, and

groundwater) and frozen states (snow, ice, lake, and

river ice). In NARR (and Noah) and VIC, only soil

moisture, soil ice, snow, and canopy interception are

simulated. These stores change over the year, adding or

removing water to and from the system. In Fig. 4, these

storage changes are shown in green, with positive values

indicating an increase in storage (accumulation of the

snowpack or wetting of the soil column) and negative

values indicating a decrease in storage (snowmelt, soil

water drainage, or loss through evapotranspiration).

According to mass balance at seasonal time scales, P 2 E 2

Q 5 dS/dt, where dS/dt is the change in total water storage

over the month. If there is no net decrease in storage,

then precipitation will match the accumulation of E, Q,

and positive storage change (represented by the bars in

Fig. 4). If there is a decrease in storage, then P will be

less than the bar height.

In general, the seasonal cycles in the NARR and VIC

are similar, and differences in monthly precipitation are

indistinguishable. In southeastern regions (lower Mis-

sissippi and Southeast), there is negligible snowpack

and relatively uniform precipitation across the year.

The peak in E during late spring–early summer coincides

with the largest soil moisture depletion. VIC surface

runoff and baseflow are much larger during the cooler

months, at the expense of evaporation and soil moisture

recharge, which is much smaller. During the summer,

E exceeds P in some months in the NARR (also noted by

Nigam and Ruiz-Barradas 2006). In the northeastern

regions (Ohio, Northeast, and mid-Atlantic), the pre-

cipitation cycle is also fairly uniform, but the seasonal

cycle of other components is larger, especially for the

NARR. Again, evaporation is higher in the NARR

during the summer, exceeding precipitation by over

50% for some months, with the excess source drawing

from soil moisture. Similar to the southeast regions, VIC

has much larger runoff at the expense of evaporation.

Notable features in the Northeast include the peak in

springtime runoff in both datasets, but this is made up

of a greater proportion of surface (subsurface) runoff in

the NARR (VIC).

There are strong seasonal cycles in precipitation in

central regions (Arkansas–Red Rivers, north-central,

and Missouri basin) as driven by the North American

monsoon (Higgins et al. 1999) and the differences be-

tween the two datasets are small. The E follows the cycle

of P, and exceeds it in the summer months, when it

draws on soil moisture for the difference. There is

slightly more E in the NARR in the Arkansas–Red and

north-central regions and more Q in VIC in these re-

gions. Similar to the Northeast, the NARR shows a no-

table peak in surface runoff during the spring melt. In

FIG. 4. Monthly mean water budgets for (a) NARR and (b) VIC datasets for the 12 RFC regions. The budget components are normalized

by the regional mean annual precipitation.
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the mountainous and drier West (Northwest, Cal-

ifornia–Nevada, and Colorado), there is again a strong

seasonal cycle of P, although the absolute values are

lower in the driest southwestern regions (California–

Nevada and Colorado). The budget partitioning in the

Northwest is similar between the two datasets, although

VIC partitions more surface runoff and baseflow in the

warmer months and the NARR has an earlier and larger

spring-melt peak. In the California–Nevada region,

which contains a variety of climates from dry to humid to

mountainous, the two datasets show similar seasonal

cycles of surface runoff generation and differ most in

cool season baseflow (VIC is higher) and springtime E

(NARR is higher). Again, this is typical of the NARR

dataset and results in earlier drawdown of the warm

season soil moisture. The Colorado River basin region

has a more complex and drier seasonal cycle of P, being

influenced by midlatitudinal and subtropical atmospheric

circulation with moisture sources from the Pacific Ocean

and the gulfs of California and Mexico. Similar to the

Northwest region, the spring-melt peak in the NARR is

earlier (March) and larger than the VIC dataset (May).

Observed stream discharge from the Colorado River

(e.g., Fassnacht 2006) shows a peak in the snow-dominated

upper basin occurring in May or June, which again in-

dicates that the NARR may be melting snow too early

(discussed further below in relation to observations and

previous evaluations).

c. Seasonal cycle of snow

We further diagnose the differences in Fig. 5, which

shows the seasonal cycle of the individual budget com-

ponents plus near-surface air temperature for the RFCs

for the three datasets. Generally, ENARR . ENoah .

EVIC and QNARR , QNoah , QVIC. The differences in

the phase of the seasonal cycle highlighted previously

are more evident in Fig. 5, with Q tending to peak earlier

in the NARR, especially in the Northwest. This is gen-

erally because of the differences in snow, with NARR

underestimating snow water equivalent (SWE) in nearly

all regions. The maximum difference is in the Northwest

(mean VIC SWE 5 150 mm; NARR , 25 mm). This is

reflected in the phase of the runoff, which is delayed by

a few months for VIC because of the larger snow stor-

age. Noah generally underestimates SWE, but to a lesser

extent than the NARR, and has a more reasonable

seasonal cycle of runoff. The underestimation of SWE

by the NARR may be in part due to its higher air tem-

peratures, which in turn may be due to feedbacks with,

for example, reduced snowpack (i.e., greater net ra-

diation). Nigam and Ruiz-Barradas (2006) assessed

the NARR surface air temperature across the United

States and found that the seasonal change in the NARR

temperature is likely biased high especially over the

continental interior (up to 4 K). Surface air tempera-

ture observations are not assimilated into the NARR

because of the erroneous connection by the assimila-

tion scheme of boundary layer background residuals to

temperature and wind fields in the lower troposphere

(NCEP 2011).

Early snowmelt in the NARR version of Noah (v2.6)

is a known problem. Pan et al. (2003) compared NLDAS

model output to SNOTEL snow measurements and

found all models performed poorly at representing sea-

sonal accumulation of SWE in the West, but this was

mainly attributable to a low bias in the precipitation

forcing. The VIC model did reasonably well at pre-

dicting the onset of accumulation and disappearance of

the snowpack. However, snowpack initiation in Noah

was too late and snowmelt was too early. Sheffield et al.

(2003) compared the NLDAS model output with re-

motely sensed continental snow extent over the United

States. The VIC model slightly overestimated snow cover

extent, while early snowmelt in the Noah model led to

a large underestimation. Pan et al. (2003) and Sheffield

et al. (2003) traced the negative bias in the Noah model to

early snowmelt, resulting from the use of a constant and

low maximum snow albedo value. Livneh et al. (2010),

Barlage et al. (2010), and others also documented this

bias in comparisons with field data that was further at-

tributed to the lack of liquid water retention in the pack

(which is parameterized in the VIC model). Slater et al.

(2007) found the Noah sublimation to be too high over

the Arctic, driven by a turbulent exchange coefficient that

was excessively large for the stable boundary conditions

of the Arctic. For the NARR specifically, a number of

other factors have previously been highlighted (NCEP

2011) that may also play a role. A high bias in the down-

ward shortwave radiation because of lack of cloud cover

attenuation contributes to early snowmelt. Because of

this, the assimilation of USAF snowpack data in the

NARR would tend to increase the SWE in the model,

only to be melted again, causing a budget imbalance

and a spurious diurnal cycle in snow cover. The USAF

snow product is also likely biased toward prolonged snow

cover because of its reliance on visible imagery and thus

its inability to discern snow changes on cloudy days.

The problem of early snowmelt in Noah appears to

have persisted somewhat in v2.7.1, although the Noah

runoff appears to be much more comparable to the VIC

runoff in snow-dominated regions in terms of timing and

magnitude. Other factors, such as differences in the ra-

diation and meteorological forcings, make it difficult to

discern the contribution of the Noah model to the

underestimation in the NARR. The problem of early

snowmelt has since been fixed (Livneh et al. 2010;
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FIG. 5. Seasonal cycle of (top to bottom) the main components of the terrestrial water budget and surface air temperature from the

NARR (black), Noah v2.7.1 (red), and VIC (green) averaged over the 12 RFC regions for 1979–2003. Note that the SWE data are

multiplied by two for clarity except for the northwest regions. The Noah and VIC precipitation and air temperature are identical.
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Barlage et al. 2010), most notably through inclusion of

snowpack aging effects on albedo.

d. Comparison with observed streamflow

Figure 6 compares the three datasets with runoff de-

rived from U.S. Geological Survey (USGS)-observed

streamflow measurements from 1130 small, unmanaged

basins. The observed runoff estimates were derived by

calculating monthly runoff ratios (Q/P) for each of the

basins using NLDAS precipitation, spatially interpolating

the ratios across the United States, and calculating grid-

ded runoff using the interpolated ratios and NLDAS

precipitation (Troy et al. 2008). We only compare with

the runoff estimates for grid cells that are collocated

with the 1130 basins to reduce the potential errors in the

estimates from interpolating runoff ratios across sparsely

monitored regions. NARR and Noah underestimate the

observation-based mean annual runoff (NARR bias 5

20.43 mm day21; Noah bias 5 20.49 mm day21). VIC

(bias 5 0.03 mm day21) does a much better job, which

is in part because of calibration to large basin stream-

flow measurements, although it is biased slightly low

in humid regions. Comparisons of the peak monthly

runoff (Fig. 6) show much greater spread as indicated

by the RMSE but NARR and Noah are again biased

low, while VIC is essentially unbiased. The month of peak

runoff in the NARR has very small bias and overall there

is little difference between the estimates. Previous studies

FIG. 6. Comparison of (left to right) NARR, Noah, and VIC modeled runoff with USGS observational runoff. (top) Annual average

runoff (mm day21) for 1996–2003. (middle) Peak seasonal value of monthly average runoff (mm day21). (bottom) Month of peak sea-

sonal value of monthly average runoff (month of year). The USGS-based runoff estimates are interpolated to the nearest model grid cell.

Each point represents a gridcell comparison.
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have documented the underestimation of runoff by

the Noah model, although the magnitude of the un-

derestimation varies by region and study (Lohmann

et al. 2004; Déry et al. 2007).

e. Representation of drought

Figure 7 shows the monthly time series of soil mois-

ture percentiles averaged over the continental United

States and the percentage area in drought for the three

datasets. By definition, the mean area in drought over

the whole time period is 20% and the area in drought

is an approximate mirror image of the averaged soil

moisture percentile. The three datasets covary over the

1979–2003 overlap period (Table 2) with the NARR

underestimating drought area relative to VIC and Noah

in the mid-2000s. Note the decadal variability in the time

series, with increasing soil moisture since the wide-

spread drought conditions in the early 2000s. This vari-

ability may be related to decadal modes of ocean

variability, such as the Pacific decadal oscillation and

the Atlantic multidecadal oscillation (McCabe et al.

2004). Figures 8 and 9 show results averaged over the

RFC regions. Again, the three datasets’ soil moisture

percentiles generally covary (Table 2), especially in

drier regions (Fig. 8). However, there are large re-

gional differences, especially in the West during the

mid-2000s. The NARR does not show drought con-

ditions during the early 2000s (California–Nevada

maximum extent in 2002 5 33%), whereas VIC and

Noah indicate above 75% and 90% drought extent, re-

spectively. The PNARR and PVIC,Noah time series (not

shown) start to diverge around 2000 with PNARR near

normal, while PVIC,Noah decreases. This divergence is

mainly limited to Northern California. The use of climate

quality ‘‘index’’ stations in PVIC,Noah ensures that VIC

and Noah are forced by a dataset that is anchored to their

long-term variability and is temporally consistent. How-

ever, there is no guarantee that the data represent the

true precipitation in that region, given the sparsity of

gauges and especially at higher elevations. On the other

FIG. 7. Monthly time series of (top) soil moisture percentile and (bottom) area in drought over the

United States from NARR, Noah v2.7.1, and VIC for 1979–2007. Drought conditions are defined for the

20th percentile of monthly soil moisture.

TABLE 2. Correlation between NARR, Noah, and VIC monthly time series of soil moisture percentile and area in drought.

Soil moisture Area in drought

NARR, Noah NARR, VIC Noah, VIC NARR, Noah NARR, VIC Noah, VIC

United States 0.91 0.82 0.93 0.83 0.72 0.88

Northwest (NW) 0.84 0.81 0.97 0.64 0.64 0.93

Missouri River basin (MB) 0.85 0.75 0.89 0.77 0.60 0.85

North central (NC) 0.87 0.83 0.84 0.89 0.80 0.76

Ohio River basin (OH) 0.88 0.65 0.79 0.86 0.53 0.64

Northeast (NE) 0.88 0.69 0.66 0.82 0.61 0.55

Mid-Atlantic (MA) 0.95 0.68 0.72 0.90 0.51 0.58

California-Nevada (CN) 0.75 0.72 0.96 0.44 0.53 0.91

Colorado River basin (CB) 0.89 0.84 0.93 0.86 0.82 0.89

Arkansas-Red River basin (AB) 0.86 0.83 0.94 0.74 0.69 0.90

West Gulf (WG) 0.91 0.90 0.90 0.80 0.79 0.88

Lower Mississippi River

basin (LM)

0.92 0.73 0.86 0.88 0.67 0.74

Southeast (SE) 0.96 0.75 0.84 0.91 0.67 0.74
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hand, PNARR includes a larger number of stations that

should improve its representativeness in this region, al-

though these gauges are not corrected for biases in

temporal variability and some gauges do not report for

the entire analysis period. This is mostly attributed to

the use of RFC-only gauge analyses during 1999–2002.

Temperature likely also influences the differences in

drought, where the NARR is up to 58C higher in the

summer in the northwestern regions and slightly cooler in

the winter than the VIC–Noah data (Fig. 5). The NARR

does not assimilate surface temperature observations and

so its predicted air temperatures are subject to the errors

in its near-surface parameterizations. Despite the general

underestimation of snowpack by the NARR, the rela-

tively cooler temperatures can retain snowpack (which

is increased because of the larger precipitation in the

NARR) and offset drought conditions. Although this

drought is seen in USGS streamflow measurements

(e.g., USGS gauge 11407000, Feather River at Oroville,

Northern California) and other hydrological observa-

tions (e.g., SNOTEL high-mountain sites in Northern

California), it may be that the PVIC,Noah is biased low.

The scarcity of gauges in this region makes deciphering

the true development of drought a challenge.

In general, the VIC soil moisture is more variable than

the other two datasets. Figure 9 shows that this trans-

lates into differences in the magnitude and timing of

drought events, especially in the wetter eastern basins

(Ohio, Northeast, and mid-Atlantic) where VIC shows

high variability in drought events (spatially extensive

but short duration). Maps of the statistics of drought

occurrence on a gridcell basis (Fig. 10) show clear dif-

ferences between VIC and NARR for all statistics, es-

pecially in the East where VIC has a higher frequency

of short-term drought and lower frequency of medium

and long-term drought. For the majority of the country,

VIC has zero frequency of long-term droughts, which is

also seen in the regional time series (Fig. 9). The NARR

and Noah statistics are similar in their spatial distribution,

except Noah has higher frequency of short-term drought

west of the Appalachian range and fewer long-term

droughts in the West.

The general similarity of soil moisture and drought

from the NARR and Noah is expected because Noah is

the LSM of the NARR, but it is also surprising because

FIG. 8. Monthly time series of soil moisture percentile averaged

over the 12 National Weather Service (NWS) RFC regions from

the NARR (black), Noah v2.7.1 (red), and VIC (green) for 1979–

2007.

FIG. 9. As in Fig. 8, but for area in drought.
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the two datasets differ substantially in many aspects of

the hydrological cycle (magnitude, seasonal cycle, and

interannual variability). This can be explained in part by

the similarity of their soil moisture dynamics as repre-

sented by soil moisture persistence (Fig. 11) as during

drought the physical representation of the soil column

and its dynamics are the dominant control. Persistence

is defined as the average number of months that an

anomaly (relative to the 50th percentile) stays the same

sign. Figure 11 shows the persistence of dry anomalies

FIG. 10. Statistics of drought occurrence for (left to right) the NARR, Noah v2.7.1, and VIC datasets for 1979–2007. The statistics are

(top to bottom) the number of droughts (of duration $ 1 month), the number of short-term droughts (1–3-month duration), the number of

medium-term droughts (7–12-month duration), the number of long-term droughts (.12-month duration), and the mean duration of

drought.
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only. Regionally, persistence tends to be higher in the

West and lower in the East—a feature noted previously

(Sheffield et al. 2004; Wang et al. 2009). VIC shows

lower persistence, especially in the West, which is con-

sistent with its higher variability in drought. The differ-

ences may be due partly to the depth of the soil column.

In the NARR and Noah it is fixed at 2 m, whereas the

VIC soil is generally shallower: 1.0–1.5 m. This likely

plays a role in the high NARR summertime evaporation

that may be driven by persistently wet soil moisture (which

also depends on how the roots are distributed). These

differences are discussed more in the next section.

4. Discussion

The high bias in E and low bias in Q appear to be

symptomatic of the Noah land model in the versions

examined here, despite the difference in meteorological

forcings between the offline dataset and the NARR. It

should be noted that a number of other studies, focused

on the continental United States and elsewhere, have

indicated that the NARR E is reasonable or even smaller

than observations. Monroe (2007) found that the NARR

underestimates E with respect to observations from the

Oklahoma Mesonet for 2002/03, especially in dry periods

that correspond to the sharp dry down in the NARR soil

moisture. Over Mexico, Zhu and Lettenmaier (2007) and

Sheffield et al. (2010) showed that the NARR and VIC E

were similar, with the NARR slightly lower in the sum-

mer. Korolevich et al. (2005) found that the NARR E was

similar to observations over Canada. Nevertheless, at

large scales over the United States, the NARR E appears

to be biased high and Q is biased low. Whether the bias in

E is driving the bias in Q (via soil moisture) or vice-versa is

not immediately clear. In addition to the generally mild

differences in P between the datasets, the differences in E

and Q are likely due to a combination of the following:

1) Differences in the calculation of evaporation. VIC

uses a Penman–Monteith algorithm for potential

evapotranspiration, with canopy resistance scaled

based on environmental factors of radiation, temper-

ature, humidity, and soil moisture (Jarvis 1976). The

NARR and Noah similarly use a modified Penman–

Monteith algorithm for potential evapotranspiration,

which includes the influence atmospheric stability

(Mahrt and Ek 1984). It has previously been sur-

mised that E in the eastern CONUS may have a high

bias because of unrealistically low resistance values

in Noah (Mitchell et al. 2011). This is a legacy from

the NCEP operational Eta 4-D Data Assimilation

System (EDAS) on which the NARR is partly based.

The model canopy resistance was tuned to reduce

biases in E that were forced by low biases in assimi-

lated radar precipitation estimates and the resulting

low bias in soil moisture (as seen in comparisons with

FIG. 11. Persistence (months) of soil moisture percentiles for NARR, Noah v2.7.1, and VIC datasets. Persistence is

calculated as the mean run length of dry anomalies relative to the median. The patterns are similar for wet anomalies.
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observed soil moisture). These changes were carried

forward into the production of the NARR, and because

the NARR assimilated gauge-based precipitation,

which has relatively little bias, the bias in E was

replicated (Campana and Caplan 2011).

2) The underlying vegetation distribution and its season-

ality. All simulations are driven by satellite-derived

monthly climatologies of vegetation based on Ad-

vanced Very High Resolution Radiometer (AVHRR)

data. For VIC, the global, 0.258, AVHRR-based leaf

area index (LAI) data of Myneni et al. (1997) for 1981–

94 was used to derive monthly mean LAI values for

each vegetation class in each grid cell. LAI is used to

scale the vegetation-dependent stomatal resistance

values to canopy resistance. The NARR and Noah

use the green vegetation fraction [GVF; as a rescaling

of normalized difference vegetation index (NDVI)]

derived from the National Environmental Satellite,

Data, and Information Service (NESDIS) 5-yr global,

monthly, 0.1448 (;15 km) climatology of Gutman and

Ignatov (1998). Noah uses GVF directly to scale

transpiration, soil evaporation, and canopy evapora-

tion. Comparison of the seasonal cycles of the LAI

and GVF (Fig. 12) indicate that the GVF is more

spatially uniform over the eastern United States in the

summer than the LAI. Whether this translates into an

overestimation of E is unclear. The GVF data tend to

peak earlier in the eastern United States (except for

Florida and the Northeast) than the LAI (Fig. 12,

bottom panel), which may explain the differences in

peaks of E shown in Fig. 5. Miller et al. (2006) noted

that the GVF data likely had too strong a seasonal

cycle compared to a Moderate Resolution Imaging

Spectroradiometer (MODIS)-based product.

3) Differences in near-surface variables that drive PE.

These include net radiation, air temperature, humid-

ity, and wind speed, with radiation explaining about

75% of total PE. As noted above, radiation and

humidity in the VIC/Noah meteorological forcings

are estimated using predictive relationships with pre-

cipitation and temperature, and are thus prone to error.

Comparisons of the earlier VIC dataset of Maurer et al.

(2002) with measurements from Surface Radiation

(SURFRAD) stations showed that VIC daily down-

ward solar radiation and net radiation were within

2% averaged over all stations. Comparison with mea-

surements from multiple tower sites over Kansas from

the First International Satellite Land Surface Climatol-

ogy Project (ISLSCP) Field Experiment (FIFE) indi-

cated that the solar radiation was underestimated by

7% for the daily average values and net radiation was

underestimated by 9%. Zhu and Lettenmaier (2007)

compared fields of similarly predicted downward

shortwave radiation with NARR over Mexico and

found the predicted data to be about 20 W m22 lower

than NARR (and up to 60 W m22 lower in the sum-

mer regionally), although net shortwave (downward

minus reflected) and net radiation was higher for the

VIC-predicted dataset. Sheffield et al. (2010) found

the NARR net radiation to be comparable to the

satellite-based Surface Radiation Budget product (SRB;

Stackhouse et al. 2004) over Mexico, adding confidence

FIG. 12. (top) Mean summertime [June–August (JJA)] greenness

fraction as used in Noah v2.7.1 and NARR, (middle) mean JJA LAI

as used in VIC, and (bottom) difference in the peak month of Noah

greenness fraction and VIC LAI (Noah minus VIC).
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in the NARR values. However, Franz et al. (2010)

found that the NARR downward shortwave radia-

tion was biased high by about 40 W m22 at the

Reynolds Creek Experimental Watershed, Idaho.

Available energy in the NARR may also be higher

because it accounts for the latent heat released from

precipitation (Sheffield et al. 2010). Overall, the VIC

radiation data tend to be lower compared to obser-

vations and the NARR, which is consistent with

the lower VIC E values, although the NARR radia-

tion is greater than observations in some regions.

Based on the Penman–Monteith formulation and

remotely sensed radiation data, Ferguson et al. (2010)

estimated that uncertainty in Rnet of 30 W m22 trans-

lates into a difference in E of about 0.26 mm day21

(8 mm month21) across the Mississippi basin. The

comparison of air temperature between the NARR

and VIC/Noah forcings (Fig. 5) indicated that the

NARR air temperatures are biased high in drier

western regions. This may be a reflection of higher

evaporative demand, although not all regions with

biased air temperature have biased values of E

(e.g., West Gulf), but may also indicate a lack of

evaporative cooling due to depleted near-surface

soil moisture.

4) Differences in the simulation of soil moisture and

snow. Some of the differences can potentially be

explained by differences in how the models calculate

runoff, baseflow, and the dynamics of soil moisture.

The Noah model uses an exponential distribution of

infiltration capacity for runoff and the diffusive form

of Richard’s equation for soil moisture, and baseflow

is proportional to water storage. For the VIC model,

a variable infiltration capacity curve represents the

impact of the spatial heterogeneity of soil moisture on

infiltration and dictates runoff, drainage is by gravity,

and the Arno model (Todini 1996) is used for base-

flow, which relates baseflow to water storage using

a nonlinear recession curve. Noah has a fixed soil

column depth of 2 m, which is composed of four soil

layers; the VIC model has a spatially variable soil

column depth (between about 0.8 and 3 m) and three

soil layers. Therefore, there are distinct differences in

how the two models compute runoff and soil moisture.

For example, in the central regions (RFC 2, 3, 4, and 9)

most of the springtime precipitation goes to wetting

soil moisture in the NARR, rather than in producing

surface runoff as seen in VIC (Fig. 4). Differing soil

moisture states will ultimately produce different

estimates of E, even when given the same forcings

and notwithstanding the accuracy of the evaporation

formulation. In their comparison of four NLDAS

models (including VIC and Noah), Schaake et al.

(2004) showed that total water storage differed con-

siderably but the models were fairly consistent in their

variability and range of total water storage, with dif-

ferences largest in drier regions where the influence of

model structure is dominant. Noah had larger active

soil water storage, but VIC had larger spatial variability

because of regional parameter estimation. The persis-

tence in soil moisture shown previously is likely a man-

ifestation of these differences (Wang et al. 2006, 2009)

and may partly explain why E is high in the NARR

because higher soil moisture can produce larger E.

Figure 13 shows the regionally averaged lagged

correlations between monthly soil moisture and other

components of the hydrologic cycle for the NARR

and VIC (results for Noah are similar to the NARR).

Correlations diminish with increasing lag time as ex-

pected. Evaporation correlations are similar between

the two datasets and are only statistically significant

(p , 0.05) for southern regions. In general, the NARR

has slightly higher correlations for E, and this tends to

be sustained for longer, which is consistent with the

higher and more persistent soil moisture. The most

striking difference is for the surface runoff and base-

flow. Soil moisture and baseflow are tightly coupled

in VIC (in terms of correlation) relative to the NARR,

except in the northeastern regions where they are

similar. On the other hand, the coupling between soil

moisture and surface runoff persists for longer in the

NARR in many regions, although the correlation

values are low. The relative decoupling of baseflow

from soil moisture in the NARR may be related to

its use of the diffusive Richard’s equation and in-

complete representation of interflow and baseflow

at the grid scale (Clark et al. 2008), which is likely

a legacy of the development of Noah within the

coupled climate modeling community. The decou-

pling may explain why total runoff (surface runoff

plus baseflow) in the NARR is low compared to ob-

servational data and to VIC, particularly for the dry

season when baseflow provides a larger contribution

to total runoff. As the soil moisture in the NARR is

generally higher than VIC in absolute and relative (to

water holding capacity) terms, this implies that infil-

tration is faster and drainage is slower, which leads to

soil moisture persistence and longer duration droughts

in terms of percentiles. In other words, it takes longer

for dry soils to wet up and for wet soils to dry down.

Again, the higher and more persistent soil moisture

may also partly explain the higher rates of evaporation

in the NARR. During drought conditions the higher

evaporation rates may lead to longer droughts as seen

in the late 1980s in the north-central region (RFC3) and

Ohio basin (RFC4) in Fig. 9.
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The biases in the accumulation and melt of the

snowpack in the NARR are likely not a major factor in

the overestimation of E, although the biases certainly

contribute to the early peak runoff and underesti-

mation of Q in the spring and early summer in the

Northwest and other snow-dominated regions. The

early snowmelt in the NARR means that the spring

melt and the peak in soil moisture are earlier than

expected, leading to relatively less soil moisture in the

spring and early summer. Since this is a period of

increased evaporative demand, early snowmelt likely

reduces rather than causes an overestimation of E,

since its peak is moved earlier in the year.

5. Conclusions

This study has evaluated the representation of hy-

drology and regional drought from the NARR over the

United States against two offline LSM simulations and

streamflow measurements. Despite similar precipitation,

FIG. 13. Regionally averaged correlograms of monthly mean soil moisture with lagged evapotranspiration

(E), surface runoff (Qsurf), and baseflow (Qbase) for the NARR and VIC datasets.
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there are large differences in the partitioning of pre-

cipitation into evaporation and runoff. The NARR has

larger E relative to Noah and VIC and thus smaller Q.

VIC is calibrated to large basin streamflow measure-

ments and therefore gives a reasonable estimate of E, at

least over large scales. This implies that the NARR E is

overestimated. Comparison with runoff derived from

measurements confirms this, and this is corroborated by

other studies over the United States, although evalua-

tions over Mexico and some local comparisons in the

United States from other studies indicate that the

NARR E is reasonable. The Noah model also over-

estimates E but to a slightly lesser extent, indicating

that the partitioning is dominated by the LSM, rather

than by differences in the forcings. Overall, the pre-

cipitation forcing is similar to within 7% (Table 1) but

the NARR and Noah E are respectively 28% and 24%

higher than the VIC E. The runoff ratios are 50% (NARR)

and 40% (Noah) lower than VIC. This emphasizes the

findings from previous land model comparison studies,

which showed large differences among models when

driven by the same forcing dataset.

The reasons for the differences are likely due to a

combination of 1) differences in the parameterization of

evapotranspiration and in particular low stomatal re-

sistance values, 2) differences in the seasonality of veg-

etation characteristics, 3) differences in the near-surface

forcing of E, and 4) differences in the representation of

soil moisture dynamics. Although it is difficult to quan-

tify the contribution of each of these factors to the bias in

E (without performing model experiments), it is likely

that higher soil moisture is a major factor. However, it is

unclear whether the bias in E is driving the bias in Q or

vice versa, although it is likely to a combination of both,

with contributions from differences in soil moisture and

snow. The underestimation in Q is constrained by the

overestimation in E but also the relative decoupling of

baseflow from soil moisture and the early snowmelt in

colder regions. The closure error in the NARR water

budget, which is largest over mountainous and cold re-

gions and results from the assimilation of precipitation

and snow depth, may contribute to these differences as

well. Although the assimilation of precipitation was

expected to improve the depiction of the water budget,

the assimilation scheme does not have a direct impact on

evapotranspiration (Ruane 2010a,b). In fact, the generally

excessive precipitation generated by the NARR’s atmo-

spheric model (prior to assimilation) may actually con-

tribute to the high bias in evapotranspiration and lead

to mismatches with the diurnal and annual cycles of

the assimilated precipitation (Ruane 2010a,b).

The depiction of drought in the datasets, as quantified

by low soil moisture percentiles, shows similar large-scale

variation. However, the differences in the partitioning of

precipitation have feedbacks with soil moisture that tends

to be biased high in the NARR relative to VIC and so

influence drought occurrence. The use of percentiles for

defining drought, which removes the bias and transforms

the data to a uniform probability distribution, will filter

out some of these differences. Nevertheless, the sensi-

tivity of the water budget to the partitioning of pre-

cipitation, the timing of the seasonal cycle, and the

persistence of soil moisture can produce very different

depictions of the timing and magnitude of drought. In

particular the variability of soil moisture percentiles

and area in drought is much less dynamic in the NARR

and Noah, which is related to the higher dynamic range

in soil moisture and the lower probability of reaching

completely dry absolute conditions. For some time pe-

riods, differences in regional drought are related to dif-

ferences in the precipitation forcing, likely because of

changes in contributing gauges.

Since the completion of the retrospective part of the

NARR and its continued real-time production, there

have been many improvements to the Noah model,

including updates to its snow albedo parameterization

to remove the underestimation of SWE and early melt

(Livneh et al. 2010), and updates to the aerodynamic

conductance, LAI values, vertical root density profile,

and the soil moisture threshold at which the vegetation

reacts to a soil moisture deficit (Wei et al. 2012; Xia

et al. 2012). Presumably these have led to reduction

of the bias in E and improved the representation of

Q across the United States.
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