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Abstract

Lack of sufficient early warning from drought monitoring and prediction tools
that rely heavily on precipitation and soil moisture has prompted the need for
development of new drought metrics that can accourdvaporative dynamics and
interactions between the land surfatmosphere interface. Previous studies have shown
that using anomalies in actual evapotranspiration (ET) estimated from satellite imagery
can provide some drought early warning during the grgweason, but there are a
number of limitations to satellite monitoring that encourage more research on easily
accessible and retime (or forecasted) evaporative demang) (Eought tools. The focus
of this study is the development of a novel droughtriméhat relies only physically
based Edriven by temperature, wind speed, solar radiation, and humidity, which can all
be obtained from gridded weather data and dynamical forecast model output. An
evaluation of several gridded data products was firstechout using the Nevada
Climate-ecohydrological Assessment Network (NevCAN) in a remote part of the Great
Basin to investigate biases and deficiencies that are inherent to regions with sparse
observations. It was determined that the University of Idatdded Meteorological
Data (METDATA) was most suitable to drive a new drought index, the Evaporative
Demand Drought Index (EDDI). EDDI was computed over CONUS for the period of
19792013 and compared against other commonly used drought indices. Durthg rap
onset drought, or flash drought (i.e., 2€2012 in the Midwest) EDDI was found to lead
other indicators by as much a8 Inonths. Given thatgtontains no precipitation input,
the potential exists to improve seasonal drought predictions, which ¢ysefier from

a lack of skillful precipitation forecasts. Skill of seasonghBomaly forecasts were



assessed over CONUS using the Climate Forecast Version 2 (CFSv2) hindcasts-for 1982
2009 and METDATA was used as baseline observatigjferécast skillduring drought

events was consistently greater than precipitation, with much improved skill over parts of
the central and northeast U.S. during the growing season. Results from this study suggest
that continued efforts should be put towards incorporagimgically based &n

operational drought monitoring and prediction frameworks.
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Introduction
Drought is a costly and devastating type of natural disaster that leads to adverse

effects in many groups and sectors throughout the United States (US) including
agriculture, water resougs, public health, outdoor recreation, and the national and global
economy. The ZBcentury saw a number of severe droughts in the US, most notably the
Dust Bowl era of the 19306s, but some of
first 15 years ofhe 2£' century: 2002003 in the Southwest, 2011 in Texas, 22012

in the Midwest, and 201@resent in California. Recent drought severity has been
exacerbated by high temperatures and increased evaporative deg)aaddEuture
projections of avarming climate indicate that extreme drought events (like those of the
21% century) are likely to become more frequent and longer in duration. Improving
drought monitoring and prediction capabilities is therefore of utmost importance for the
US, and cou reduce the damaging environmental and societal effects of drought by
providing much needed early warning. Improved early warning allows for reactive
emergency responses, implementation of actions within statewide and local drought

plans, and can providessential information for decision support.

Precipitation, temperature, and soil moisture have been the most commonly used
variables in drought monitoring and prediction in the past. However, recent advances
have been made that primarily utilize the wealt data provided by satellites and land
surface models (LSMs) to explore the utility of evapotranspiration (ET) ead E
drought indicators. Promising new research has shown that through interactions between
the land surfacatmosphere interface thesarsbles (ET and § can often times provide

early warning over traditional drought metrics. Satellite data has been an invaluable



resource to geophysical scientists, but there a number of limitations to satellite
monitoring that encourage more researath d@evelopment of easily accessible and-real
time (or forecasted) ET and Brought tools. Even with advanced satellites accurate
spatial estimates of ET continue to be a major challenge, makiesfihates driven by
more commonly measured meteorologicaliables a more attractive option for drought

monitoring.

Over the past several decades a number of options have become available to
obtain data for estimation of physically baseddtiven by temperature, humidity, wind
speed, and solar radiation) inding LSMs, reanalysis of atmospheric models, and purely
statistical models where observations are spatially interpolated. A major challenge in
t o d ay Gich watld is determining which data source is best suited for a specific
application, such asglestimation, and unfortunately the consequences of these choices

are often overlooked.

The research in this dissertation is focused on improving drought monitoring and
predictions using physically based Bnd evaluating gridded climate data that may be
used for the application of estimating. Ehe hypothesis and research questions for each

chapter are as follows:

1. Itis hypothesized iChapter 1that in the complex terrain of the western US,
specifically the Great Basin, significant differences can be found in the variables
of precipitation, temperature, and humidity between several gridded data products
(GDPs) of varying spatial resolution, witigher resolution not always leading to

greater skill. Of particular interest are the impacts of low station density and



station siting on GDP precipitation estimates, and methodology and accuracy of
GDP humidity estimates, which are a critical compowémhysically based &
estimates. In this research four GDPs are evaluated (ranging fkamt@ 800m
spatial resolution) against a new observing network: the Nevada Glimate
ecohydrological Assessment Network (NevCAN).

. Development and assessment offttet drought index based solely on physically
based E, the Evaporative Demand Drought Index (EDDI), is presented in
Chapter 2. Based patrtially on several findings fr@@hapter 1, the 4km

METDATA was chosen to calculate Hsing the physically based American
Society for Civil Engineers Standardized Reference ET)(Bfproach. A
calculation procedure for EDDI is presented, and EDDI is calculated over
CONUS for several aggregation time scales for the period 0f2079. EDD is
then compared against several commonly used drought indices and the US
Drought Monitor. It is further hypothesized that EDDI can be a leading indicator
during rapid on#$ eonditionswherfamplensoistore nday siilu g h t
be available at thsurface (i.e., energy limited ET conditions) both due to both
advective and radiative meteorological forcings, ET angldEd driven in the

same direction, thus leading to a drought signal from EDDI and a wetting signal
from ET-based drought metrics. Thgpothesis that EDDI can also serve as an
effective indicator of hydrologic drought in watiémited regions (based on the
classic complementary relationship between ET ang) &ing longer time scales

is also tested.



3. Seasonal drought prediction remaanehallenge primarily due to poor skill in
long-term precipitation forecasts. Skill in seasonal temperature predictions is
significantly better than precipitation. However, temperature alone is not always
an accurate drought indicator.@hapter 3, the hyothesis that predictions of
seasonal Efanomalies contain improved skill over precipitation anomaly
forecasts due largely to the sensitivity ofoEG@ temperature is tested. Reforecast
data from the National Center for Environmental Prediction Climatecast
System Version 2 (CFSv2) is used to compute & evaluate both ensemble
(deterministic) and probabilistic forecasts against precipitation for-2082
focusing on drought events. METDATA is used as observations against which to
evaluate CFSv2.le drivers of Ef are also evaluated providing novel
information on seasonal predictions of the oftererlooked variables of specific

humidity, solar radiation, and wind speed.
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Abstract

Predicting sharjpydro-climatic gradients in the complex terrain of the Great
Basin can be challenging due to the lack of climate observations that are gradient
focused. Furthermore, evaluating gridded data products (GDPs) of climate in such
environments for use in locajtiro-climatic assessments is also challenging and
typically ignored due to the lack of observations. In this study, we use independent
Nevada Climateecohydrological Assessment Network (NevCAN) observations
temperaturgrelative humidityandprecipitationcollected along large elevational
gradients of the Snake and Sheep Mountain ranges from water year 2012 (October, 2011,
to September, 2012) to evaluate four GDPs of different spatial resollRRifSM
(Parameter Regression on Independent Slopes Médteh), PRISM 800m, Daymet 1
km, and a North American Land Data Assimilat®ystem(NLDAS)/PRSIM hybrid 4
km product Inconsistencies and biases in precipitation measurements due to station
siting and gauge type proved to be problematic with respeomparisons to GDPs
This study highlights a weakness of GDPs in complex terrain: an underestimation of
inversion strength and resulting minimum temperature in foothill regions, where cold air
regularly drains into neighboring valleys. Results also gleadicate that for servarid
regions, the assumption that daily average dew point temperatgeddn be estimated
as the daily minimum temperature does not hold, and therefore should not be used to
interpolate Tewspatially. Comparisons of GDPs tabservations varied depending on
the climate variable and grid spatial resolution, highlighting the importance of conducting

local evaluations for hydrolimatic assessments.



Introduction

Weather over complex terrainpsirticularly sensitive to small changesclimatic
forcings (Loarieet al, 2009; Rangwala and Miller, 201)herefore weather observation
networks in complex terrain avseful for studying théocal effects ofpotential changes
in regional temperaturand precipitationGlobally, mountainus regions serve #se
primary source of water for about p@rcentof the population (Bandyopadhyayal,
1997) and nearly all of theerennial surface and groundwater resourcéise Great
Basin(Eakin 1966; Flintet al, 2004), wherette accumulation of wet season (Octotoer
March) precipitationin the form of snowomprisesoughly 90 percent of the annual
precipitation. Diffuse snowmelt during the spring provides nearly all of the annual runoff
andgroundwater recharge, which malkke Great Basirparticularly sensitive to climatic
changesinder a warming climat@Barnettet al, 2005 Rauscheet al, 2008).With
development continuing to increase in metropolitan and rural af¢las Great Basin
and pending intebasin groundwater transfers planned from eastern to southern Nevada
(Burns and Drici2011 Nevada Bureau of Land Managemetil2),detailedanalyss
of hydro-climatc variability across elevational gradients in the Great Bastneede.

Weather stations the Great Basiarepredominatelyfocated in valleys, which
presents a unique challenge for studyeteyationaklimatic gradients and thieeffects
on the environmenBecause climatebservations are particularly spargedded cta
products(GDPs)areusedextensivelyby researchers and practitionewanake estimates
of temperatureprecipitation, and humiditglistributionsacross space and time, despite
potential large uncertaintiel the Great Basin and surrounding regjdterameter

Regression on Independent Slopes Model (PRISM; Daly et al., pe@dcts are



commonly used for research and applied studies relaeszbtogy (Ackerlyet al, 2010),
biology (Bradley 2009 Leger, 2013), hydrology\(Velchet al, 2007;Burns al Drici,

201% Huntington and McEvoy, 2011; Huntington and Niswonger, 2012; McEvay,
2012;Feldet al, 2013), climatology (Porinchet al, 2010), and meteorology (Lundquist

et al, 2010).0f particular importance is the fact that over the lasteldrs; PRISM
precipitation products have also been used in most expert witness studies and reports
associated with major water rights hearings in Nevada, where uncertainty of PRISM is
commonly a central focus for assessing uncertainty in the perenniabygldundwater
(Jetonet al, 2006; Lundmarlet al, 2007; Zhu and Yong, 2009; Epsteihal, 2010;

Burns and Drici201L NSEO, 2012). Gridded data produatsoftenused without
comparing estimates tndependent or dependestiservationgBradley, 2009; Ackerly

et al, 2010; Porinchet al, 2010; Leger, 2013 herefore, studiethatuseindependent
observations collectealong mountain transects canibealuable for validation of

GDPs as well agevealing physical phenomena relate@l@vational gradients, such as
location of maximum precipitation, orographic processes, temperature and vapor lapse
rates, and spatial variability related to wind and topographic characteristics such as slope
and aspect.

The Nevada Climatecohydrology Asessment NetwortNevCAN), located in
eastern and southern Nevg@#ure 1) is a new observation network designeassess
climate variability and change aadsociatedmpacts on the surrounding ecology and
hydrology (Mensinget al, 2013).The networkconsists of one wesb-east transect in
eastern Nevada (Snake Range) and one goutbrth transect in southern Nevada

(Sheep Range) (Figure 1).itWrecords beginning in June 2QXbservations from



NevCAN have not been assimilated into the generatiddDPs, so a novel GDP
validation can be conducted with independent observatiomgscribing guidelines for
assessingnodeled spatiatlimate data sets, Daly (2006) notes that using data
independenof themodelwill provide the leasbiased evaluatiarin this study, we use
acquired NevCAN data as the independent data set to evaluate four GDPs with different
spatial resolutions. Usingdjfferent spatial resolutionsf 4 km, 1km, and 800m provides
beneficial insight into disparities among the differ&mPs, observations, and the ability
of GDPsto resolve locakcale precipitation, temperature, and humitbtures

An important, yet often overlooked, aspect of comparing any estimated weather
data to observations is the acknowledgement of measuremesrtainties. Measuring
solid precipitation remains particularly challenging and automated systems have been
found to under measure by as much as 20 percent to 50 percentduestigauge
undercatch from strong winds (Rasmuss#ral, 2011). Weather station siting and
gauge type can also impact measured precipitation totals, especially during snowfall
eventgGoodisoret al, 1998; Yanget al, 1998; Fassnacht, 2004). Therefore, biases in
observed precipitation should be establishaditaken into consideration before
analyzing differences between GDPs and measurements.

As highlighted above, an abundance of dynamically and statistically derived
precipitation and temperature GDPs is available to help overcome observational
limitations (Daly et al, 1994; Thorntoret al, 1997; Abatzoglou, 2011). Our first
objective is to understand the degree to which these products can satisfactorily resolve

elevational climatic gradients in complex terrain and at what resolution. The second



10

objectiveof this study is to assess the uncertainties associated with precipitation
measurements and the impacts on the comparisons to estimated GDPs.

In the following sections, we descritiee NevCAN transectadditional
observationsandGDPs, as well athe aralysesand statistics used for the comparisons
and quality assured/quality controlled (QA/QC) protocols used to assess observational
uncertainty and error (Section. Zhe results of theneasurement uncertainty analysis
and comparisons between GDPs anceolaionsare presente(Section 3) and discussed
with respect to elevational gradients and systematic biases found in estimated and
measured temperature, precipitation, and humitdagtly, we summarize and discuag
results angbrovide concluding renmks on the differences between GDPs and
observations, and how the differences vary with grid size, parameter, and elevation
(Sectiord).

Data and Methodology
NevCAN data

NevCAN meteorological data were obtained from the Western Regional Climate
Center (WRCChttp://www.wrcc.dri.edu/SRtransect/
http://www.wrcc.dri.edu/GBtrans#) for the 2012 water year (October 1, 2011 through
September 30, 2012) and site descriptions are shown in T.aklkernatively, NevCAN
data can be obtained from the Nevada Climate Change Portal:
(http://sensor.nevada.edu/NCCP/Climate%20Monitoring/Network)a$pe orientation
of the Snake Range transect is east/west; north/south for the Sheep Range (Figure 1). For
each of the two transects, daily maximum and minimum testyoer (Taxand Tnin), and

10-minute averaged relative humidity (RH) and temperature were obtained. Measurement


http://www.wrcc.dri.edu/SRtransect/
http://www.wrcc.dri.edu/GBtransect/
http://sensor.nevada.edu/NCCP/Climate%20Monitoring/Network.aspx
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of nearsurface vapor pressure athelw point temperatur@ ¢en) are often neglected in

mountain observing networks (e.g., SNOTEL [SNOp&Ek emetry]), but crucial for

estimating evapotranspiration, atmospheric water demand, and land surface and boundary
layer feedbacks, which are often required for hydrologic and ecological modeling (Crago
et al, 2010; Huntingtoret al, 2011; Felcet al, 2013).Here, we compute vapor pressure

(es) and Tgew, from 10minute RH and temperature data, which is then averaged to daily

and monthly time steps to compare against GDRgs,was calculated frorms, following

the Murray (1967) equatioActual vapor pessure was derived from saturati@por

pressurdes, a function of air temperature) and RH as followge;* RH/100].
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Tablel. Summarygf station locatios, elevatiors, measuredariables, measurement frequency, and precipitation gauge

information

Snake Range Network

Latitude Longitude Elevation (m) Variables Analyzed Sampling Frequency P gauge type Orificie size (mm) Alter Shield

tipping bucket tipping bucket (150) tipping (no)

Sagebrush west (SN 1) NevCAN 38.9256 -114.4078 1768 PPT, temperature, RH 10-minute and weighing  weighing (160)  weighing (yes]
tipping bucket tipping bucket (150 tipping (no)
Pinyon Juniper west (SN 2)NevCAN 38.8922 -114.35 2202 PPT, temperature, RH 10-minute and weighing  weighing (160)  weighing (yes)
tipping bucket tipping bucket (150) tipping (no)
Montane west (SN 3) NevCAN 38.89 -114.3314 2819 PPT, temperature, RH 10-minute and weighing  weighing (160)  weighing (yes,
tipping bucket tipping bucket (150) tipping (no)
Subalpine west (SN 4) NevCAN 38.9061 -114.3089 3554 PPT, temperature, RH 10-minute and weighing  weighing (160)  weighing (yes]
tipping bucket tipping bucket (150 tipping (no)
Subalpine east (SN 5) NevCAN 39.01 -114.3094 3081 PPT, temperature, RH 10-minute and weighing  weighing (160)  weighing (yes)
tipping bucket tipping bucket (150 tipping (no)
Sagebrush east (SN 6) NevCAN 39.0206 -114.1764 1840 PPT, temperature, RH 10-minute and weighing  weighing (160)  weighing (yes,
tipping buckei tipping bucket (150 tipping (no)
Salt Desert Shrub east (SN HevCAN 39.0369 -114.0572 1580 PPT, temperature, RH 10-minute and weighing  weighing (160)  weighing (yes]
Wheeler Peak (WPS) SNOTEL 39.00995 -114.31 3085 PPT, temperature hourly weighing 305 yes
Sheep Range
Desert Shrub (SH1) NevCAN 36.4353 -115.3558 893 PPT, temperature, RH 10-minute tipping bucket 200 yes
Blackbrush (SH 2) NevCAN 36.5197 -115.1633 1680 PPT, temperature, RH 10-minute tipping bucket 200 yes
Pinyon Juniper (SH3) NevCAN 36.5728 -115.2042 2065 PPT, temperature, RH 10-minute tipping bucket 200 yes
tipping bucket tipping bucket (200) tipping (no)
Montane (SH 4) NevCAN 36.5903 -115.2142 2272 PPT, temperature, RH 10-minute and weighing  weighing (160)  weighing (yes)
Yucca Gap (YG) RAWS 36.4367 -115.3314 969 PPT, temperature, RH hourly tipping bucket 200 no
Hayford Peak (HP) SCAN 36.6581 -115.201 3013 PPT, temperature, RH hourly tipping bucket 200 no
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Figure 1:(A) Study area with insets indicating locations of the Snake and Sheep Ranges.
Closeup of the (B) Snake Range and (C) Sheep Range with red dots indicating station
locations. Zoomedh frame (B) highlights the close proxitypiof Wheeler Peak SNOTEL
(WP9 to NevCAN. Station summaries can be found in Table 1.

All observations were QA/QCed by manual inspection to check for erroneous outliers,

and then aggregated to monthly time steps for monthly comparisons of GDP data.

Precipitation can be highly variable over short temporal scales, therefore+aw 10

minute data were summed to the day instead of using the WRGOmmuted daily

precipitation, as an additional QA/QC measure. At the Snake Range, each station is

equipped wth two precipitation gauge systems: (1) a weighing gauge with-anh60
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diameter orifice (Geonor-200B), and (2) a tipping buckefith a 150mm diameter
orifice (TE 525). At the Sheep Range, all stations are equipped with tipping buckets
(TB4, 206mm diameter orifice) except for SH4, which is the only station to have both
types of gauges. At locations with both types of gauges,tbalseonor gauges are
equipped with Alter shields (Alter, 1937) to reduce gauge uaateh, while the tipping
buckets were left unshielded. Alter shields were installed at tigpiegetonly sites in
the Sheep Range.

Tipping buckets are known to unddissate precipitation, especially during
heavy rainfall or light drizzle (e.g., Humphreyal, 1997) and have been shown to
collect much less frozen precipitation than standard weighing gauges (e.g., Rasmussen et
al., 2011). Daily tipping bucket precipitan measurements were compared to coincident
Geonor measurements of precipitation and the coefficient of determinafjoan@®
season total differences were computed at each station for cold and warm seasons (Table
2). During the cold season, tipping Bets consistently underestimated precipitation
totals with differences exceeding 100 mm at SN3 and SN5 , anafound to
decrease (Range of 0.040.87) with an exceptionally weak relationship found between
the two gauge types at high elevatio 6R0.01 at SN5). As expected, correlations of
daily precipitation were much higher during the warm seasbofr¢m 0.78 to 0.98), but
decreased with elevation due to more days with frozen precipitation. The lower
correlations of daily precipitation duringettold season are primarily caused by a delay
in timing of tip counts due to frozen precipitation events. For example, snow or ice in the
tipping buckets may take several hours to several days to melt and the event is then offset

from the Geonor data by erio several days-{gure2). Because of the welkinown
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limitations of tipping buckets (e.g. Humphreyal, 1997,Rasmussen et al., 2011), and
as highlighted in this analysis, weighing gauge precipitation measurements were used for

evaluating the skill bGDP precipitation estimates when available.



Table2. Geonorain gaugeand tipping bucketain gaugecomparison statistics.

Tipping bucket (TB) and Geonor comparison*

SN1 SN2 SN3 SN4 SNG5*** SN6** SN7*** SH4#x**
Cold season R? 0.67 0.25 0.03 no TB data 0.01 0.24 0.87 0.12
(Oct-Mar) difference (mm)| 13.91 49.3 118.13 no TB data 186.32 8.36 12.92 12.63
% of total 16% 32% 51% no TB data 64% 11% 17% 12%
Warm season R? 0.98 0.97 0.78 no TBdata noTBdata noTBdata no TB data 0.91
(Apr-Sep) difference (mm)| 23.26 19.73 9.98 noTBdata noTBdata noTBdata no TB data 2.78
% of total 21% 12% 5% noTBdata noTBdata noTBdata no TB data 1%

*difference given as GeondrTB and percent of total shown with respecG®onor seasonal total.
** complete data for October-1February 17 of cold season only

*** complete data for October 4February 28 of cold season only

**+* complete data for all of cold season and Aprit August 15 of warm season

16
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Additional observations

We use a Natural Resources Conservation Service (NRCS) SNOTEL station
(Tmax Tmin, @and precipitationjo compare to a nearby38m) NevCANSnake Range
station located in the higblevation subalpine regicand to all GDPsThe Wheeler Peak
SNOTEL (WPS) precipitation gauge is a weighigge gauge; however the orifice
diameter is approximately twice the size (~305 mm) of the NevCAN Geonors (~160
mm). Daily Tmax Tmin, @nd precipitation SNOTEL data were obtained from the NRCS
(http://www.wcce.nrcs.usda.gov/nwcc/site?sitenum=1147&stateand aggregated to
monthly time steps and QA/QCed.

The WPS station is the only higdevation station in the Snakange being used
as a control point for PRISM and Daymet spatial distribution algorithm&i@ibleib,
Oregon State University, electronic communicatiaiy://daymet.ornl.gov/
overview). Therefore, the effect of dependent versus independent obsenatiopared
to GDPs is examined. khis portion of thestudy, we highlight the importance of
thoroughlyunderstandin@gsDP control point when using GDP estimates for local climate
assessments. Important assumptions related to weather station and precgatag®n
footprint, siting and exposure, and sensor limitations/deficiencies are also explored.

Two additional stations were used in the Sheep Range in order to develop a more
complete soutimorth transect with one station from the NRCS Soil Climate Analysis
Network (SCAN) (Figure 1, Table 1). Hourly RH, temperature, and precipitation data
were downloadedhftp://www.wcc.nrcs.usda.gov/scaahd QA/QCed. The Hayford

Peak (HP) SCAN station is equipped withuarheated tipping bucket and has an eight


http://www.wcc.nrcs.usda.gov/nwcc/site?sitenum=1147&state=nv
http://www.wcc.nrcs.usda.gov/scan/
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inch (~200 mm) diameter orifice. Therefore, the winter precipitation data contain large
uncertainties due tipping bucket deficiencies described in Section 2.1. The Yucca Gap
(YG) Remote Automated Weather Station (R8) was the second additional station
used at the Sheep Range and hourly RH, temperature, and precipitation data were
downloaded from WRChftp://www.raws.dri.edu/cegpin/rawMAIN.pI?nvNYUQ) and
QA/QCed. Yucca Gap is also instrumented with an unheated tipping bucket precipitation
gauge, therefore winter precipitation values are highly uncertain and discussed later. Dew
point and vapor pressure were computed following the same methods uSed@#N
data. All observations used in the study are summarized in Table 1.
Gridded data

InthisstudyNev CAN data sets are consi dered to
evaluate thekill of four GDPs (1) PRISM 4km (Dalyet al, 1994), (2) PRISM 800n
(Daly etal., 1994), (3)Daily Surface Weather and Climatological Summaries (hereafter
calledDayme}) 1-km (Thorntonet al, 1997), and (4) a North American Land Data
Assimilation (NLDAS)/PRSM hybrid 4km (hereafter calledA; Abatzogloy2011). We
addresghe uncertainties in NevCAN precipitation measurements and highlight how these
biased observations impact the comparisons to GDPs in the results and discussion
section.

Total monthly PRISM precipitation and average monthhyeI Tmin, and TGew
were obtained (acquisition date: January 2013) for botin8@dd 4km spatial
resolutions from the PRISM website (www.prism.oregonstate.edu). All variables were
interpolated by PRISM using Climatologicalyided Interpolation (CAI; Willmott and

Robeson1995).For Tmax Tmin, @andprecipitation PRISM was used to interpolate 1971


http://www.raws.dri.edu/cgi-bin/rawMAIN.pl?nvNYUC
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2000 monthly normals, using elevation as the predictor grid, with stations weighted by
vertical and horizontal distance, plus several physiographic factors, such as topographic
orientation, coastal proximity, inversion heighnhd topographic positiomély et al,

2008. Once the normals were interpolated, CAl was used to interpolate data for a given
month and yearAverage monthly PRISM ¢t estimates were computed by firstitak
monthly dew point depression {Kobservations and spatially interpolating monthly K
using PRISM T, as the predictor in the regression function. Dew point was then back
calculated using PRISM dand Tnin (Chris Daly, Oregon State University, electi®
communication).To create the monthly dew o time seriesCAIl was again used;

PRISM assimilated station data in the form of monthly mean dew point, and used the
19712000 normal dew point for that month as the predictor grid in its local regression
function.The Murray (1967) equation was rearranged and used to compute vapor
pressure, where {& exp[(0.0707 * Tew- 0.49299)/(0.00421 * &y + 1)].

The third GDP evaluated was developed by Abatzoglou (2011) and combines the
spatial attributes of mohlty PRISM data with daily temporal resolution of the North
American Land Data Assimilation (NLDAS; Mitchell et al, 2004). All of the NLDAS
2 nonprecipitation surface variables are derived from the North American Regional
Reanalysis (NARR; Mesinger ak, 2006), and the native NARR data is spatially
downscaled from 3&m to 12km and temporally disaggregated froam@urly to hourly
(Cosgrove et al., 2003). For NLDAZSprecipitation, Climate Prediction Center (CPC)
gridded daily gauge data (with a PR1Sopographical adjustment) are the primary data
source. Daily CPC data are temporally disaggregated to hourly using radar and-satellite

based estimates (if available), and NARR. The first step in developing JA data is a



21

bilinear interpolation of NLDAS onto the PRISM grid («m). CAl is then used to bias
correct the daily temperature, humidity, and precipitation data to a given PRISM month
(Abatzoglou, 2011). Daily ffax, Tmin» RHmax RHmin, and total precipitation were
obtained fromhttp://cloud.insideidaho.org/data/epscor/gridmBe#w pointfrom JA was
calculated at the daily time step as a function of actual vapor pressure following the
Murray (1967) equation. Actuabpor pressure@as derived from Ry RHnin,
saturation vapor pressure ataf(€Smay, and saturation vapor pressure @k 1€Smin),
where [@ = (€Smax ¥ (RHmin/100) + egnin * (RHma/100)) / 2], as recommended by Allen
et al.(1998) for daily data.

Daymet was the fourth GDP evaluated, and is available for all of North America
at daily time steps and atkin spatial resolution. DailyJax Tmin, Precipitation, and
vapor pressuréata were acquired onlirfbttp://daymet.ornl.gavThorntonet al, 20139.
To interpolate Fax Tmin, @and precipitation, Daymet uses a truncated Gaussian filter, and
a weighted leassquares regression is applied to establish the relationship between a
given variable and elevation (Thornton et al., 1997). While both Dayrdé?RiSM use
local linear regression, Daymet assumes a strictly monotonic relationship between
temperature and elevation, which limits the ability of Daymet to handle temperature
inversions (Daly et al., 2006). Daymet daily average vapor pressure is detigedng
the assumption that daily,f, = daily average dew (Thorntonetal., 1999, 2000).
However, as we show in the results and discussion, Daymet monthly avesaoedly
equals Tin, especially in semiarid and arid environments. Daily averagewias

calculated directly from Daymet daily average vapor pregeliosving Murray (1967).


http://cloud.insideidaho.org/data/epscor/gridmet/
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Figure 3 provides a spatial perspective on grid resolution of different GDPs in
relation to station density and illustrates the 2012 water year total preoipistihe
Snake Range. Although all GDPs indicate maximum precipitation occurring near the
crest of the Snake Range (SN4 and SN5), PRIS&h4nd JA both have a maximum
value of over 100 mm less than PRISM 8@Gnd Daymet. Coarser grid size leads to
large areas per pixel being averaged. Therefore, mountain peaks are represented as
lower-elevation areas when compared to-80@nd tkm DEM values, leading to
precipitation totals to be reduced. A more detailed discussion on the effects of grid

resolution orbiases is presented in Section 3.
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Figure 3:Water year 2012 total precipitation [mm] at the Snake Range for (a) PRISM 4
km, (b) PRISM800-m, (c) JA 4km, and (d) Daymet-km.
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GDP/observation comparison and statistical methods

For each observing statipthe nearest GDP center point was found to conduct
direct comparisons for each meteorological varigddenell as elevation (Figure 4).
Given that GDPs largely rely on elevation to distribute climatic variables, differences
betweenGDP pixel and station elevations were expected to largely explain GDP biases.
For example, Figure 4 shows the PRISMM pixel at SN2 to be more than 200 m
higher than the station elevatiddased on this alone, PRISMkén temperature was
expected to beowler andprecipitationwas expected to be greater than SN2 observed
values due to environmental lapse rates and typicalatitdde precipitatiorelevation
relationships, wherprecipitationincreases with elevation (Houghtd®79 Smith, 1979
Daly etal., 1994).Biases between station observations and GDPs were computed using
seasonal means fogd, Tmin, and Fewand sums foprecipitation Additionally, R? and
mean absolute error (MARyas computed using daily means and sums (for JA and

Daymet GDPs)AIl biases were computed &DP 1 observation
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Results
Snake Range SN5 and Wheeler Peak SNOTEL intercomparison

An important aspect of any comparison study betwestimated and measured
data is an evaluation, or at least an acknowledgement, of the quality of the measured data.
For this study, we compare measured precipitation at the NevCAN SN5 station to
measured precipitation at the Wheeler Peak SNOTEL stai®&5]. The distance
between the two stations is ~50 m with an elevation difference of only 3.7 m. Daily and
water year accumulation of precipitation for SN5 and WPS are shown in Figure 5, which
clearly shows that both stations tend to record the same ipa&oip events; however
WPS consistently has higher daily totals. It seems unrealistic that WPS would receive
~30% more precipitation in one water year than SN5, considering their close proximity

(~50 m apart) and nearly identical elevation.
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There are a number of factors that could contribute to these contnegitieg that
fall within two general categories: (1) instrumentation differences and (2) station siting.
Both gauges are weighing types and have Alter shagldthe orifice heights for WPS
and SN5 are 4.9 m and 3 m, respectivefiyh the WPS orifice diamterbeingtwice that
of SN5 (diameters of 305 mm and 160 mm, respectively). The higher orifice height at

WPS should experience higher wind speed, and therefore less catch when compared to

SN5, which is in contrast to our findingslowever, sitingcharaceristics, such as the
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height of surrounding vegetation and exposure to wind, could also be affecting
precipitation totals, particularly during snowfall events (Goodison et al., 1998; Yang et
al., 1998; Fassnacht, 2004hotographs from SN5 reveal largghtly spaced trees
surrounding the shielded Geonor gauge (Figures 6a and 6b), and the gauge height is low
with respect to surrounding tree height, while the tree spacing around the WPS gauge
appears to be much less dense (Figures 6¢ andréd)prevaiing wind direction in the
winter months is from the wesbuthwest, and the clusters of large trees surrounding
SN5 (specifically the clusters to the west of the gauge; Figure 6b) are likely physically
blocking windblown snow from being captured in theuge, whereas less dense forest
lies directly to the west of WPS (not shown, but can be seen from satellite imagery).
should also be noted that the SNOTEL gauge reports precipitation to the nearest tenth of
an inch, while the Geonors report to the nsaneindredth of an inch, indicatiggeater
precisionin the precipitation that is caught by the NevCAN gaugé&ifferences in
gauge calibration could also lead to different precipitation measurements for similar
events (Sieck et al., 2007), which magplet another factor leading to thescrepancies
identified in this section.

Inconsistencies and biases in measurements due to station siting, calibration, and
design are problematic if used for impact assessments and r@pooisgh the
intercomparios of SN5 and WPS, we have shown that great uncertainty remains with
respect to precipitation measurements in this region, and the resulting comparisons to
GDPs will also contain a large degree of uncertaidtyfortunately, a comparison such
as we have peented here is not possible with other NevCAN statimtaiuse WPS is

the only SNOTEL in the Snake Range



Figure 6:Photographs of the SNGeonorgaugeand the surrounding vegetation (a, b).
Photograph (a) was taken looking to the east, and (b) was ltadang to the west.
Photographs of the WPS weighing gauge and surrounding vegetation (c, d). Rain gauges
are highlighted by yellow rectangle$he orientation of (c) and (d) is unknown.
Photographs courtesy of WRCC and NRCS.

Snake Range comparisons ajbservations and GDPs

Cold season (October through March) and warm season (April through
September) precipitation totals and meanT Tmin, and Tew Values for station
observations and GDPs over the Snake Range are shown in Figure 7. Typicabvalley
mountain precipitation gradients were observed with NevCAN measurements and GDP

estimates, with seasortatals increasingvith elevation from west toast, and then
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decreasing from the crest to the eastern valley floor (Figure 7a and 7b). The NevCAN
maximum measured precipitation during the cold season occurs at SN4 (29%Imeh),

is located on the windward side of the Snake Range at a slightly hlghetien than

SN5, which is located on the lee side. The SN4 site is situated near a ridge line and the
surrounding vegetation is smaller and much less dense when compared to the vegetation
surrounding SN5. The WPS station recorded a much greater amaatd skason
precipitation (389 mm) compared to SN5 (292 mm), which would result in the greatest
cold season precipitation occurring on the lee slope. Based on these observations
(NevCAN and SNOTEL), great uncertainty remains as to where the true premipita
maximum is occurring in the Snake Range. Similar observed precipitation characteristics
were found during the warm season.

Gridded data seasonal precipitation totals were generally found to be higher than
NevCAN observed totals (Figures 8a and 8h)ribg the cold season, differences ranged
from 132.8 mm (JA at SN3) to 6.0 mm (PRISM 880at SN6), and negative differences
were never observed. When compared to WPS (as opposed to SN5), all GDP differences
(GDP1 obs) were negative and the smallest défees were found with PRISM 800
and 4km (-2.3 mm and9.4 mm, respectively). The positive differences found between
GDPs and NevCAN stations appear to be a result of WPS being the onkiéwgltion
control point in the area for GDPs in the Snake RarDifferences between station and
grid point elevation could not explain the corresponding precipitation differences. For
example, at SN3, the PRISMk4n grid cell was approximately 400 m lower than the

station, but precipitation was always greater thlaserved. Overall for precipitation
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comparisons, GDP performance was inconsistent, and it was found that finer grid
resolution did not always lead to smaller differences between GDPs and observations.

Maximum temperature biases (Figure 8c and 8d) rafigaud4.9 °C (JA) to4.6
°C (PRISM 4km) for cold and warm seasons. Large negative biases (colder than
observed) were found at the leelevation sites of SN1 and SN2. These biases are
directly related to differences between GDP and station elevationsSWitland SN2
grid point elevations being higher than station elevations. However, several GDP
elevations were higher than station elevations leading to positive biases (warmer), and
lower grid point elevations relative to the station elevations with neghiases. For
example, the PRISM-Bm grid point at SN5 is 151 m higher than the SN5 station
elevation and a positive bias of 3.6 °C was found during the cold season.

NevCAN minimum temperature elevational gradients (Figure 7e and 7f) varied
fromthoseoffmaxi Nt hat t he two alluvial fan Afootl
warmer on average when compared to the neighboring valley floor stations (SN1 and
SN7) during both seasorf3revious studies have found that in complex terraif, CBn
vary greatlydepending on station siting and associated local atmospheric decoupling and
cold-air drainage (Dalet al, 2009; Holderet al, 2011). During the nighttime hours, as
the boundary layer stabilizes (typically during clear sky conditions), cold air sidks an
tends to pool in lowying areas, leading to temperature inversions near the surface and
warmer conditions in foothill locations (Gustavsstral, 1998). The ability of GDPs to
capture this feature was variable, with PRISM-89®eing only GDP to capte the
inversions at SN2 and SN6 during both seas

inversion height, topographic position and varying slopes with elevation (Daly et al.,
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2008). In some instances, PRISMk#h and JA were able to represent inversitms the
magnitudes were much smaller than observed. These results highlight the need for
improved methods of interpolating,§ observations over complex terrain.

Biases in Tin (Figure8e and8f) ranged fron3.1°C (JA) to-4.7°C (PRISM 4
km), with biasesbeinggenerallyslightly larger during the warm seasdithough some
of the biases can be attributed to grid point and respective station elevation differences,
the large T.in biases at SN2 and SN6 are a result of GDPs not being able to regpiecate
inversion strength between valley floor and alluvial fan locatibosal lapse rates of
monthly Tnin (Not shownpetweerSN1andSN2 andbetweerSN7andSN6 averaged
over the water year were +7.6 °C/km and +9.4 °C/km, respectively, and were largely
underestimated by GDPs (PRISM 8d0was the closest to observations with water year
average Fin lapse rates of +5.1 °C/km from SN1 to SN2 and +1.9°C/km frbim 18
SN6).
With a general lack of humidity observations, relatively little is known about the spatial
behavior of neasurface humidity over complex terrain and the skill of GDPs to estimate
humidity. As expected, we found NevCAN station seasonal averaggéo decrease with
elevation (Figure 7g and 7h). Except for Daymet, differences between GDP and observed
TgewWere generally small during the cold season (Figures 7g and 8g) and ranged from
2.3°C to 1.2 °Cwhereas warm season biases (Figures 7h ana/@&e larger and
primarily negative, ranging frord.7 °C to 0.5 °CAIl GDPs, except for Daymet,
showed the same trends with elevation. Daymet estimated nearly consfamitiT
respect to elevation during the cold season (Figure 7g) and increasivgth elevation

during the warm season (Figure 7h). The lack of skill shown by Daymet is primarily due
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to the underlying assumption that daily averagg, i equal to Ti,. This assumption is
sometimes reasonable in humid regions, however, for semiarid to arid regions such as the
Great Basin, Dayaequalisg Tais largely paccuate; theréforel

Daymet Tewestimates are compromised.
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Figure 7:Snake Ringeseasonal precipitaticiotals (ab) andseasonainean Thax (C, d),
Tmin (€,), and T4ew (g, h). Cold season is shown on the leftda, g) and warm season
on the right (bd, f, h). X-axis is aligned wegb east (leftto right).
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Figure 8:Snake Range seasotés (GDP- obs) for cold season (left) and warm season
(right) precipitation(a, b), Thax(C, d), Tmin (e, f), and Tew (g, h).Variables needed to
calculate Feware not measured at WPS, therefore pQ falues are shown.

To examire the ability of daily GDPs to capture measured daily variability of
temperaturandprecipitation R>and MAEwerecomputed for cold and warm season
using Daymet and JA GDPs (Figarg andlL0). Fairly goodagreementvas found
between measured and estimgteetipitationevents during the cold seas@figures 9a
and 9B, with JA consistently having higheF0.680.80) and smaller MAE (58%8%)
when compared to Daymet{F0.41-0.71, MAE: 65%114%). Contrasting results were
found with warm season precipitation (Figure 10a and;1Gikh) generally muchower

correlations, and higher MAEKridded data appear to be generating more daily misses
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(GDP =0, and observed > 0) and false alarms (GDP > 0, and observed = 0) during the
latespring and summer months (not showfihe nature of warm seasprecipitation
events is typically convective and associated with a monsoonal pattech,leadsto a
sporadic and nenniform spatial distribution and lower correlations betweerPSand
observations.

Daymé showed higher Rand lower MAEfor Tmax (Figures 9c, 9d, 10c, and 10d
and Thin (Figures 9e, 9f, 10e, and 1Pat most locationshowever differences between
JA and Daymet error statistics were often times margimafgjeneral higher MAE values
were found with T, which is consistent with our seasonal results that highlight the
weakness in GPDs to simulate inversion strendgfthe downscaling of the 32m NARR
temperature data to the-kBh NLDAS-grid, and finally to the «m JA grid is likely
leading to lager error when compared to Daymet, where observations are interpolated
directly to a tkm grid. Not surprisingly, JA Jewcorrelations werdigher, and MAE was
lowerthan Daymet, especially during the warm season (Fs@geQh, 10g, and 10Qh
This is largely a reflection of the assumptions used in the Daymet algorithne¢lals
Taew). It should be noted that the calculation g Jfrom daily data with JA and Daymet
is a contributing source of error when compareNéoCAN Tge, that was computed
with 10-minute data.Largedifferences were found at the daily time step when
comparing NevCAN e from 10-minute data to Jew from daily data, andifferences

often times exceeded°€/day (not shown).
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Figure 9: Snak&ange old season R(left) and MAE (right)computed at the daily time
step for precipitation (a, b),mkx (C, d), Tmin (€, f), and Tew (g, h)using Daymet and JA
For precipitation, MAE is expressed as a percentage, while MAEAQY Trin, and Tew
is expressed ifC.
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Figure 10: Snake Range wasgason R(left) and MAE (right)computed at the daily
time step for precipitation (a, b)midx (c, d), Twin (€, f), and Tew (9, h)using Daymet and
JA. For precipitation, MAE is expressed as a percentage, while MAE gy Trin, and
TgewisS expressed iAC.
Sheep Range comparisons of observations and GDPs
As discusseth Section2.1, tipping buckets largely undeeasuregrecipitation
during the cold season, and therefore Sheep Range tipping bucket measurements (Table
1, Figure 11a and 11b) must be considered inaccurate at the daily time step (and biased
low). Unfortunately, all Sheep Range stations are equipped with tipping buckets on

except for SH4Based on the assumption that frozen precipitation will occur at

temperatures déss than 0 °CSH1 and YG were the only stations whereoadicipitation
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events were classified as liquid during both sea3ptien considering the remang
four stations, a minimum of 3@ rcentof daily precipitationevents were classified as
frozen during the cold season at SH2 and maximum pk@dentat HP.Therefore, SH2,
SH3, and HP cold seasprecipitationmeasurements contain the highest degfee o
uncertainty.

Differences between GDPs and obserpegtipitationwere primarily positive
(wet) during the cold season (Figure 1Zapping bucket defi@ncies are likely causing
undemeasurement at SH2, SH3, and HP, but this does not explain thdifeegences
found withJA, PRISM 800m, and Daymet at SH4(.69 mm59.93 mmand 71.54
mm, respectively) wherngrecipitationmeasurements came from the Geonor weighing
gauge.This indicates that the instrumentation is likely not the only source oftamtgr
An additional source of error in the comparisons may be due to the fact that the nearest
source of input data for GDPs in the region comes from the Spring Mountains (southwest
of the Sheep Range), which are considerably wetter than the Sheep Rangg.the
warm season (when less uncertainty in tipping bucket measurementsG&Rit)
seasongprecipitationtotalswere lower than observed SH1 SH3,and SH4 andhigher
than observedt SH2, with mixed results at YG and HP (Figure 1RBjgestationto-
station variability was foundith respect to differences between GDP and observed
seasonal total$-or example, during the warm season at SHRISM 800m was found
to have the greatest differend®&(1mm) and Daymet had the smallest differeii26.57
mm), whereas the opposite was fouatcSH3with PRISM 806m having the smallest

difference {2.4mm) and Daymet the largest differene@4(8mm).
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Maximum temperature biasdsring the cold season (Figure 12c) ranged from
1.67°C (JA) to5.77°C (JA) and from-2.11°C (JA) to 4.33 °C(JA) during the warm
season (Figure 12dyhe consistety large warm biases found at HP carpoenarily
explained by the large differences found between GDP and station elevations, with GDP
elevations being88 mto -422 mm lower than the HP station elevation.

Observed seasonal meagil(Figure 11e and 11f) was found to have similar
characteristics as the Snake Range, with the alluvial fan station (YG) being warmer than
the lowerelevation valley floor statiorSH1) during both seasori3aymet was the only
GDP to not capture the cold air drainage feaftings highlights the importance of
accounting for complex, nemonotonicelevationalgradients and temperature inversions,
which are common throughout the GrBaisin.Seasonal meanyk, biases during the
cold season (Figure 12e) ranged from
-4.28°C (JA) to 2.64 °C (PRISM-4m) and from-4.26°C (JA) to 0.88 °C (PRISM 8060
m) during the warm season (Figure 1Z¥ found at the Snake Rangeyislbiases are not
directly related to differences between GDP and station elevaiionsxample, cold
biases were found at HP with JA and Daymet during both seasons although the GDP
elevations were lower than the station elevati88% m and88 m, respdively).

Both observed and GDP estimated seasonal mgamwas found to decrease with
elevation(Figures 11g and 11h)This is in contrast to the Snake Range, where Daymet
TgewWas found to increase witllevationduring the warm seasohittle consistecy was
found in GDP seasonal meag.Jbiases (Figurel2g and 12h), with the exception of
Daymet showing a consistent and large positive (warm) bias during the cold season,

ranging from 3.42 °C to 6.63 °C.
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Figure 11: SheeRangeseasonal precipitatiadotals (ap) andseasonamean Fax (c, d),
Tmin (6,1), and Tgew (g, ). Cold season is shown on the leftqge, g) and warm season
on the right (bd, f, h). X-axis is aligned wesb east (leftto right). For precipitation
observations, filled circles represent tipping bucket gauges, and filled upside down
triangles represent weighing gauges.
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Figure 12: Sheep Range seasdnas (GDP- obs) for cold season (left) and warm season
(right) precipitation(a, b), Tnax(C, d), Tmin (€, ), and Few (g, h).

Daily precipitation error statistics for the Sheep Range (Figures 13a, 13b, 14a, and
14b) showed JA to have higher correlations and lower MAE at all stations during both
seasonsAt several locations ding the cold season (SH1, YG, SH2, and HP), Daymet
R?was low (< 0.1) and MAE was high (> 300%), while JAdgenerally remained above
0.4. This may be partly due to the additional information regarding hourly precipitation
that NLDAS2 obtains from radar, satellite, and NARR; whereas Daymet relies only on
station dataand underlying regression relationshig$e poor correlations in the cold

seasorare partlydue to tipping bucket measurementsile additional uncertainty comes
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from a lack of GDP station data input in this regidnshould also be noted thiatthis
arid climate, precipitation occurs on or@dysmall fraction of days (i.e. an average of 13%
of days in the cold season), so correlations will decrease rapidly for each day that GDPs
dondt mat ch ob sEeocomhbhatipnrobno GpPiinptein sudace
observationsn the Sheep rangend primarily tipping bucket rain gauges, leads to great
uncertainty in both GDP estimates and NevCAN observations of precipitatioa in
Sheep Range

Daymetand JA T.axcorrelations (Figures 13c and 14c) were quite similar and
indicate good agreementabservations (Ralways > 0.82), and the noticealfiigher
MAE at HP (Figures 13d and 14d) could be attributed to the large differences between
grid cell and station elevatioRor Tnin, error statistics were generally still good, but
lower than Trmax Which is again due to GDP errors with inversions. Daily, €rror
statistics (Figures 13g, 13h, 14g, and 14h) were consistent with the Snake Range, with JA

always indicating less error than Daymet due to previously described deficiencies.
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Figure 13:Sheep Rangeotd season &(left) and MAE (right)computed at the daily time
step for precipitation (a, b),mkx (C, d), Tmin (€, f), and Tew (g, h)using Daymet and JA
For precipitation, MAE is expressed as a percentage, while MAE for Tmax, Tmin, and

Tdew is expressed fC.
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Figure 14: Sheep Range waseason R(left) and MAE (right)computed at the daily
time step for precipitation (a, b)midx (c, d), Twin (€, f), and Tew (9, h)using Daymet and
JA. For precipitation, MAE is expressed as a petage, while MAE for Tax Tmin, and
TgewisS expressed iAC.
Summary and Conclusions

In this studywe utilized theNevada Climateecohydrological Assessment
Network (NevCAN)data to quantifglevationalgradients oprecipitation maximum and
minimumtemperatureTmaxand Tmin), anddew point temperaturd §..), along a westo-
east transect in the Snake Range asoudhto-northtransect in the Sheep Range

NevCAN, along with additional observations, weeedto evaluate four gridded data

products(GDPs) of varying spatial resolution-kfn to 80Gm).
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We have highlighted the challenges of p
evaluating GDP precipitation estimates in remote a@aglentifying large differences
in water year (2012) precipitatioatals between SN5 and the Wheeler Peak SNOTEL
(WPS)station (161 mm) and through the comparison of tipping bucket and weighing
gauge measurements presented in Section 3.1, we iggniglted several difficulties
associated with comparing measurementgecipitation to GDP estimates of
precipitation. The high GDP totalthat were foundavith respect to NevCAN totals may
largely be due to WPBeingthe only GDP input in the Snake Randg&.the Sheep
Range, perceived GDP 0 o heuseeoftippingiadketi@an o i s p
gauges as the source of baseMaCAN measurements used for comparisédnsecond
contribution to the large differences between GDPs and Sheep Range observed
precipitation is due to lack of any stations in the Sheep Ragigg used as GDP input.
Potential users of gridded prpitation datashould be aware th&trgeuncertainty exists
where station density is low, and especially when considering small, remote mountain
ranges with no observations used as GDP input @sithe Sheep Rangédj.is highly
recommend that any observing network with automptedipitationmeasurements be
equipped with weighingype gauges andind shields, as this work and previous studies
(e.g, Humphreyet al, 1997, Rasmussen et al., 2ZDlhave notedargeerrors associated
with tipping bucket measurements.

A key finding of this study was that temperature inversions at the alluvial fan
locations weredentified at both NevCANransects, highlighting the importance of
mountain transect observation networkisese findings are consistent with previous

research that has identified cold air drainage as being the cause of this inygrted T
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elevation relationshipGustavssomet al, 1998 Daly et al, 2009 Holdenet al, 2011)

The only GIP not able to replicate this temperature feature was Dayroetever, the
magnitude of th@ n,, inversions observed at the Snake Ramgean monthly lapse rates

of > +15°C/km in some cases) wast estimated well by any GDBoth Daymet and
PRISM use local linear regressions of climate and elevatiowever, the slope of the
PRISM regression line can vary sharply with elevation, based on local inversion height
and topographic position informatio In contrast, the Daymet regression function is
monotonic through the entire elevation raiiDaly, 2006) Lack of realistic T, in GDPs
was one motivation for development of the new data set, Topography Weather (TopoWx;
Olyeret al. 2014), that uses satellite based land surface temperature as a predictor for
Tmaxand Tyin.

Given that maximum temperature showed a strong relationship with elevation,
biases between GDR&d observations were strongly related to differebedseen GDP
and station elevation general, PRISM 806tn and Daymet contained smaller biases
than PRISM 4m and JA for both Jaxand Tnin, indicating that spatial resolution of less
than 4 km can providealuabledetails regarding temperature features.

We have highlighted a limitation of using an dyesimplistic estimation for Jew
(Tmin = daily average dew) in semiarid to aridenvironmentswhich resultsn an
unrealistic increase ofgd, with elevation in the Snake Range and genegdidyge bias
compared to observationsaofek The combi nati on of ®Raymet ds
daily average Jewand the inability to reproduce temperature inversions make the
application of Daymet to estimate humidity levels in sand and arid areasrigely

uncertain. Reasonable 4k, estimates were provided by PRISM and JA. However, the
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calculation of T from JA and Daymet daily data was a contributing source of error
when comparing these estimates to NevCAN, which was computed with 1@ inute
data.

This research highlights the importance of conducting local aesdys
observations and potential measurement errors to gain an understanding of potential GDP
biases prior to use in hydrolimatic applications Althoughlocal results may vary, this
work compements other hydralimatic studies throughout the Great Basin region where
geographical attributes are similar to the NevCAN transBecteedures and results from
this studyare useful for improving our understangliof GDP evaluation and anals
related to lgdro-climatic assessments in sefaniid and aridclimates.
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Abstract

Precipitation, soil moisture, and air temperature are the most commonly used
climate variables to monitor drought, howewather climatic factors such as solar
radiation, windspeed, and specific humiditan be important driveiis the depletion of
soil moistureandevolution and persistence dfought.This workprovidesan assessment
of the Evaporative Demand Drought IndexDDI) at multiple time scaledor several
hydroclimatesas a companion study to Hobbins et al. (204y)examinirg EDDI and
individual evaporative demand components as they relate taythamic evolution of
flash droughtover the centralUS, characterization of hydrologic drought over the
western US, and comparison to commonly used drought metrics of the US Drought
Monitor, Standardized Precipitation Index (SPI), Standardized Soil Moisture Index (SSI),
and the Evaporative Stress InddiESI). Resultsshow that EDDI has the strongest
relationships to SPI and SSI over Texas, Oklahoma, and much of the desert Southwest,
while comparisons to summer ESI revealed a hotspot over much of the central US.
short time scales, spatial distributions and time series results illustrate that EDDI is useful
for flash drought identification, ancenserve as a leading indicator by asahn astwo
monthsin advance ofthe USDM, SPI, and SSI. Our results illustrate the benefits of
physically basede vapor ati ve demand esti mates, and
effectiveness in an eas$g-implement operational earlywarning and longterm
hydrologic droughimonitoring tool for agricultural and drought monitoring, and potential

application to seasonal forecasting and-Wesather monitoring.
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Introduction

Drought is a complex and naturally occurring procesth adverse effects on
society, primarily through degradation and loss of agricultural crops and depletion of
water resources (i.e., streamflow and reservoir stor&geent examples are instructive:
in California, the extended drought that began in late 2@ still ongoing and the 201-1
2014 threeyear average precipitation (Prcp) record indicates that this period is the second
driest in recorded history (Seager et al., 205011, Exasexperienced extreme Prcp
deficits; while in 2011 and 2012 recebdeaking temperatures 4 and high wind speed
(U,) played a significant role in drought intensification over mucthetentral US (Karl
et al. 2012, Cattiaux and Yiou 2013jotal economic losses are estimated to be $2.7
billion, $7.7 billion, and mar than $35 billion for the California, Texas, and central US
droughts, respectivelyWhile conditions in €xasdeteriorated ovemany months in
2011, the depletion of moisture ovitye central US in 2011 occurred at a much faster
rate This fast onset ofdughthas recently been termed Afl a
2002).The physical mechanisms driving flash droughts have been largely neglected from
traditionaldroughtmetrics Hencethere is a growing need for continued development of
physically baseddrought metrics that capture important land surfagemospheric
feedbacks, and provide sufficient early warning.

It has been common practice in recent decades to mamitbanalyzelrought using
metrics driven by Rp and T, only. The two most commonlyseddroughtindices are
the Palmer Drought Severity Inde®DSI; Palmel(1965]), which relies on monthly gJ;

andPrcp and the Standardized Precipitation Infi§®l; McKee(1993]), which relies on



58

Prcp only. While the PDSI and SPI have proven useful fmoviding valuable
information regarding hydrologic and meteorological droughgsé metricshave
limitations at short time scales and fail ascount for the effects of other important
drought meteorological and radiativiorcings such asspecific humidiy (q), U,, and
downwelling shortwave radiation gR The most heavily usedlatasetfor decision
making with regards to drought is the WBought Monitor[USDM; Svoboda et al.
(2002}, which relies on a blend of metrics (including PDSI and SPI) and clideite
(e.g, soil moisture (SM), streamflow, and snow water equivalent) to produce weekly
maps of drought severityThe USDM could be improved through the inclusion of
important hydrometeorological forcings key to identifying flash and-temgn drought
through the use of physically based evaporative demaj)e$Emates.

Other operational products could similarly be improved with the inclusion of
physically based festimates. For example, the U.S. operational PDSI, produced by the
National Oceanic and Atmospheric Administratiodefidinghausand Sabol1991),
continues to usel,-based & estimates (i.e. Thornthwaite 1948) within the PDSI
formulation despite the fatihat there have been a number of studies that recommend the
use of physically based formulations of @lilly and Dunne 2011; Hobbins et al. 2008,
2012; Hobbins 2015). Both Dai (2011) and van der Schrier et al. (2011) found PDSI to be
largely insensitiveo E, parameterization during the 2@nd early 2% century. On the
other hand, Sheffield et al. (2012) found major differences between the PDSI driven with
Tairr and physicallybased & estimates, especially from the i890s through 2008,
with T,-based kg estimates showing a significant drying trend in PDSI, and physically

based g estimates indicating no significant trend in global drought severity. The role of
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physically based gEestimates in drought monitoring and prediction remains an &éctive
andto some degree, controveréiahrea of research, and is a focus of this paper.

Recent studies have shown that actual evapotranspiration (ET), which is obtained
through the use ahermal and optical satelliteemote sensingr land surface models
used in combination with physically baség can be used as a drought indicator by
inherently accounting forfeedbacks between the land surfateosphere interface
throughthe use ofratios of ET to k (Yao et al. 2010Anderson et al. 2007a, 2007b,
201 Mu et al. 20130tkin et al. 2013a, 2013jlowever,the use othermal and optical
remote sensinglata for operational drought monitoring has limitatiosis¢ch as cloud
cover, spurious ET estimates in searid and arid regionssatellite interarrival imes
that have to be interpolated, and uncertain simulatedace energy balance in
mountainous regiongspeciallywhere seasonal snowpack exists

In an effort to complement andovercome some of the limitations of the
aforementioned metricéhe companio paper Kobbins et ali this issu¢ developed the
Evaporative Demand Drought Index (EDDI), which relies solely on physically based E
estimatesderived from a neareattime (-5 daylatency) easily accessibl&and surface
forcing datasetthe North Ameécan Land Data Assimilation System Ph&NLDAS-2;
Mitchell et al. (2004)] Hobbins et al. (this issue) describe two primary physical
feedbacks between ET arteh that form the rationale for EDDla complementary
relationship under watdimited conditions (extended drought) where BRdEg vary in
opposing directions (Bouchet 1963), and parallel variations under -elnaitpd

conditions at the onset of flash drought. Under both scenarios, EDDI was found to
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respond to drying and wetting anomalies of mam@mponents of the hydrologic cycle at
various time scales (Hobbins et alhis issue).

This paper builds upon the work of Hobbins et al. (this issue) through a robust
CONUSwide assessment of EDDI against several commonly used drought indices, and
outlines a second standardization option that acts to reduce errors in comparing multiple
droudht indices through space and tini@ata sources, Eformulation, and statistical
procedures to calculate EDDI are presented first, followed by comparisons of EDDI to
other commonly used drought metricsflash drought case study over the central US,

and fnally, extended drought case studies over the western US.

Data and Methods

Evaporative demand

Daily biascorrected and spatially disaggregated (from 12 km to 4 km) NL-RAS
gridded meteorological dafMETDATA; Abatzoglou(2011) are used to compute Bn
a daily basidor 1979 to 2013Maximum and minimum temperature ain® (Tmax and
Tmin), g at 2m, Ry, and 16m wind speed (k) were obtained fronthe University of
Idaho fittp://metdata.northwestknowledge.net/A variety of methods Ha been
developed to compute oEincluding T-based methods (e,gThornthwaite 1948,
Hargreavesand Samani985), radiatiorbased methods (Priestley and Taylor 1972), and
radiation- aerodynamic combinatiomethod that incorporate Jax Tmin,» Ra, U1o, andq,
such as the Penmdionteith (PM) approachiMonteith 1965).A priori, it is generally

assumed that if the necessary data resources are availéblefoam physically based
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method such as PMshould be used ovanethods based only ofy, or radiation.
Hobbins et al. (2012and Hobbins (2015)emonstrated that tharimary drivers of g
variability differ acrossthe US, andwith aggregation periode(g., monthly vs. annual)
and seasonFor example, during summenonths Uy, is the primary driver of Ep
variability over much of the Great Basin, whilgy B the primary driver of variability
over much ofthe southeast USn this study, we useeference ET (EJ) from the PM
basedAmericanSociety of Civil EngineersStandardized Reference Efuation(ASCE
EWRI, 2005)for Eo.
Evaporative Demand Drought Index

A probability-basedstandardized climate variable can be obtaimgdgparametric or
nonparametriomethods Parametricmethodsuse a single probability distribution to fit a
time series (e.g., Gamma distribution for SRV¥jjere probabilitiesare transformed to
standardized values through an inverse normal approximaHomever, a single
probability distribution may not always lag@propriate at large spatial scales, and several
studies have documented these limitatiam SPI (Guttman 1999Quiring 2009) and
Standardized Streamflow Index (Vicerierrano et al. 2012The Evaporative Demand
Drought Index (EDDIpresented in Hobbs et al. (this issue) is calculated from a simple
Z-score based on the mean and standard deviation of a given accumulgtecheET
series.Here, we deviate from Hobbins et al. (this issue) by using a probatmissyd
approach for EDDI to allow for moreonsistent comparisons between EDDI against
other standardized indices.

To overcome the limitations of a parametric approach, fiobabilities P(x)) are

obtained through the empirical Tukey plotting position (Wilkes 2011):
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5o 2o
E T®Oo

wherei is therank in the historical time series (from 1 to 35, with 1 being the max ET
value and 35 being the minj the observed valyandn is the number of observations.
EDDI values areobtained from empirically derived probabilities through an inverse
normal approximatior{fAbramowitz and Stegun 1968j time scales of 1, 3, 6, 9, and 12
months Comparisons between EDDI values derived from the simygleore outlined in
Hobbins et al. (this issue) and the formulation presented here showed negligible
differences in identifying wet and dry periods, but the plotting position approach was
ultimately chosen in this paper to maintain consistency when comparing multiple indices
outlined below.This method follows Hao and AghaKouchak (202ere the plotting
postion approach was uséd compute SPI, Standardized Soil Moisture Index (SSI) and
Multivariate Standardized Drought Index (MSDBarahmand and AghaKouchak (2015)
recommendthis plotting positionapproach tomaintain consistency when comparing
several statlardized drought indices.
NLDAS-based drought metrics

To assess the ability of EDDI to identify historical drought periods, EDDI is
compared to SPI and SGsing monthly Prcp and simulated SMm NLDAS-2 (Xia et
al. 2012a, 2012b). NLDAZ Prcpis primarily derived fromClimate Prediction Center
gridded daily gauge dafavith a topographical adjustmeinbm theParameteelevation
Regressions on Independent Slopes MPEBISM Daly et al. (1994} . NLDAS-2 SM
is derived from th&/ariable Infiltration Capacity land surface mog€¢IC; Liang et al.

(1994}, and represents the average SM fromttre100 cm of the soil columiMonthly
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NLDAS-2 data were obtained for the period of 1979 to 2013 with a native grid spacing of
0.125°.To compare EDDI to NLDAS2 drought indices, all NLDAR data were

resampledo the 4km (~1/16°)UlI METDATA grid using a bilinear interpolation.

Monthly Prcp and SM were accumulated at five time scales (1, 3, 6, 9, anonii2s),

and standardized followingehEDDI methodologyf plotting positions and inverse

normal approximatiorPearson linear correlation coefficients between EDDI and
standardized NLDAS variables were computed for each month (n y&#9 at the

five time scales.

Evaporative Stress Index

The ESI (Anderson et al. 2007b, 2011) represents standardized anomgiie&Tn
fraction of reference ET(i.e., ET/ETy), with ET obtained through satellitessisted
modeling of thdand surface energy balande€T and otherdndsurfaceenergy balance
components areetrieved using satelliteptical andthermal imagery,to force the
Atmosphere_and Exchange Inversairface energy balance modALEXI; Anderson et
al. (1997, 20074d) Atmospheric variableseeded to drive ALEXI come froniné North
American Regional Reanaly§NARR; Mesinger et a2006].

Weekly ESI data weregrovided (courtesy of Martha Anderson, USDA, and Chris
Hain, University of Maryland) over the US for 2000 to 2013 atkardspatial resolution
and were aggregated tiime scales of 1, 2, and 3 months. To obtain a constant
comparison between EDDI and ESI, EDDI was recalculated using the same period of
record as the ESI, and the same aggregation time scales. ESI data were resampled using a

bilinear interpolation to makcthe EDDI grid. No downscaling was necessary as both
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grids were of identical spatial resolution. Pearson linear correlation coefficients between
EDDI and ESI were computed for each week over thgebt period and at all five time
scales.

United States Dought Monitor

The USDM (Svoboda et al. 2002) was used as another metric to validate EDDI, with
the primary goal of identifying differences between the two metrics during the evolution
of drought through time and space. The USDM is derived from a blendoaft
metrics adjusted using local expert knowledge to develop weekly drought severity maps
over CONUS (Svoboda et al. 2002; Anderson et al. 2013). The USDM classification
system of drought ranges from DO (abnormally dry) to D4 (exceptional drought). For
results where the USDM is compared, all drought metrics were converted to USDM
classes (Table 1). The comparisons of EDDI to the USDM are necessarily qualitative
because the USDM is a blend of information at several different time scales, whereas
EDDI repesents a single time scale.

USDM data (2000 to 2013) were downloaded as ESRI shapefiles provided by the
National Drought Mitigation Center, and rasterized to match tken Z£DDI grid, to
create a USDM class map of integer values of drought intensity gafrgm O to 4 (i.e.,
D0=0,D1=1,D2=2,D3=3,and D4 = 4);

Tablel. Drought classes for comparing USDM to SPI, SSI, ESI, and EDDI.

Category Description SPI, SSI, and ESI EDDI percentiles
percentiles
DO Abnormally Dry 21-30 70-79
D1 Moderate Drought 11-20 80-89
D2 Severe Drought 6-10 90-94
D3 Extreme Drought 3-5 9597
D4 Exceptional Drought 0-2 98-100
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Results and Discussion
NLDAS-2 drought index correlations with EDDI

Correlations between EDDI and NLDAS drought indices (EDDBEPI andEDDI-
SSI) for 1, 6, and 12 month time scales are shown in Figure 1. Positive EDDI values
indicate drought, and negative SPI and SSI values indicate drought, therefore strong
negative correlations represent similar drought signals between EDDI and bahdSPI
SSI over the 3%ear period of record. At the-tb 12month time scales correlations
between EDDI and SPI and SSI are strongest (more negative) over much of the
southwestern and southcentral US (with the exceptionrabith SSI), and highest in
Texas(r <-0.7). The northeast is region of general weak correlations for both-SBDI
and EDDISSI, with the Midwestern states of OH, IN, and MI being a weak spot for
EDDI-SPI only. Spatial correlations at 6 and 12 month time scales are quite similar
(Figure X-1f), and generally much stronger than at thradnth time scale (Figure 1la and
1b). Overthe northeastern USEDDI-SPI correlationsremain fairly weak at longer
timescaleswhile EDDI-SSI correlations improve over OH, WV, NY, and PA (Figure 1c
1f).

Weak correlations to dmonth SSloverthe westmay be explained bgboveaverage
Tair and Ry (driving EDDI upward$ thatcan lead tancreasedsnow meltandSM, and a
short term wetting signal from SSI, particularly during the winter monthsitife
correlationsof EDDI-SPlandEDDI-SSIover thenortheastern U&re caused bgnergy

limited conditions as opposed to watanited conditionsIn suchenergylimited regions,
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the rate of change BT is generally proportional and in the same dietias ET (Han

et al. 2014; Hobbins et althis issue)

1-month

6-month

12-month

08 -06 -04 -02 0 0.2
correlation coefficient

Figure 1: Correlation coefficient between EDDI and SP{&t1l-month,(c) 6-month,(e)
12-month, and SSlb) 1-month,(d) 6-month, andf) 12-month time scales

Figure 2 highlights four regions of interest selected for individual monthly correlation
analysis. The Central Valley of California (CA) and lowa (IA) are two major agricultural

regions where drought impacts can have adverse effects on crop productiarerifias



67

Texas (TX) is part of a region that has
land surfaceatmospheric couplingkoster et al. 2004, 2006therefore strong correlation

of SM and Prcp to EDDI is expected. Pennsylvania (PA) is andertfied by Koster et

al. (2009) where SMs generally high anexers little control on ETdue to prevailing
energy limiting conditionseven during times of severe meteorological droug@hts
observation is consistent with low correlations found guFe 1 in parts of the northeast
US. The following sectiofurtherhighlightshow ET, anomalies (i.e EDDI) in PA relate

to SM- and Prcpdriven droughts.

‘-_\" TTR TR NS W > 1

y-

1
0 500 1000 1500 2000 2500 3000
meters

Figure 2: Shading indicates METDATA terrain height (m) and red boxes indicate area

averagingdomains for Figures 3 and 4A, TX, and PA boxes are 50 x 100k#n

METDATA pixels (200 km x 400 km), and CA box is 25 x 25 pixels (100 km x 100 km).
Individual monthly correlations between EDDI and NLD2&Slerived indices at

various time scales are shown Figure 3 for these regions of interest. For each of the
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selected regions shown in Figure 2, EDDI correlations to SSI and SPI weievaraged

over all pixels. For the TX region (Figure 3a and 3e), seasonality and time scale had little
impact on thestrength of correlations, and generally showed strong inverse relationships
(r <-0.6 for SPI anat <-0.7 for SSI) during most months and time scales, reinforcing the
conclusions oKoster et al(2004, 200%.

For the CA region, large seasonal and tima&lesclependent variations were found,
especially at the-inonth time scale for both SP1 and SSI (Figure 3b and_8#y.elations
ranged from +0.20 to-0.82 with the highest correlations occurring at thédb12-month
time scales during the growing seasém exceptionally weak correlation((13) was
found with SPI during Julgt the tmonth time scale. Julg the driest month of the year
for the CentralValley of CA, and mosiulyssee zero Prcp accumulatiorhis limits the
negative range of the-rhonth SPI (McEvoy et al. 2012) causing poor correlations with
EDDI. Furthermore, wheit does rainduring dry summer monthsoccurs fromisolated
convective activityover asingle day: even if most of the month was warm, cleiuee,
and dry (leading to a drgtt signal from EDDI), the SPI will show a wet anomaly.
more consistenstepped correlatiopattern was revealed kingertime scales, where
values <-0.7 were found during the spring (April, May, and June) fondhth, spring
and summer (July, Augysand September) for-®onth, and summer and fall (October,
November, and December) for &d 12monthperiods

lowa wassimilar to Texas in that little variability was found in correlatigins/alues
only ranged from-0.5 to-0.7), with the exception athe Emonth time scaleLower
correlations at -inonthtime scaleduring the fall and winter should be expected with SSI,

since the top 100 cm of ground is typically frozen during these months, and land-surface
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atmospheric coupling is weak. There is a rapatease in correlation #te 1-monthtime
scaleduring the late spring and summer.

Correlationdor PA regionwere the weakest of the foanalyzedwith notably higher
correlation to SSI (Figure 3h) when compared to SPI (Figure 3d). For SPI (Figure 3d)
values never excee0.56, while for SSI (Figure 3h}values rangafrom -0.60 to-0.69
during the summer and early fall at B- and émonth time scales. Weak correlations
were foundto beboth slightly positive and negative@.30 < r < +0.2pfor SPI and SSI
at the Tmonth timescale during fall and winter, arfdr winter and spring monthat
other time scalesResults shown in Figure 3 illustrate tHADDI may be particularly
useful for flash drough&nd seasonal drought monitorjrespeciallyduring the growing

season
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Figure 3: Monthly correlations between EDDI and SPI (top row) and SSI (bottom row)
at all time scales fofa, e) TX, (b, f) CA, (c, g) IA, and (d, h) PA. Y-axis indicates
ending month of each time scale, angwis shows time scale (monthshhading
indicates correlation coefficients.

Soil moisture is typically a slowly varying component of the hycnmatic
system compared to variations in gEiherefore EDDI could serve as a leading indicator
for identifying soil moisture deficits. @relations between EDDI and SSlatincident
time scale and ending month (as presented in Figurea@)not be the most robustie to

this time lag between SM and ETro demonstrate the potential value of EDDI as a

leading dought indicator during the growing season a lagged correlation analysis was
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performed between-fonth SSI ending in August and EDDI at every time scale and
ending month.

Figure 4 shows that in all four regions EDDI leads SSI, wher®Bth SSI ending in
August (blue dots in Figure 4 show fixed time scale and ending month for SSI) is better
correlated to dnonth EDDI ending in June (CA; Figure 4a) or July (TX, 1A, and PA;
Figure 4b, 4c, and 4d respectively). An interesting feature of Figure 4 is shown, for 1A
where 12month EDDI ending in August was found to have highest correlation to 3
month SSI ending in August, highlighting the extremely low summer SM moisture
variability in this region. This is further reinforced later in Figure 6, where monthly SSI
variability was found to be low relative to EDDI and SPI during the 2012 drotigbse
results highlightthat EDDI is a leading indicatawhen comparedo SSI, and therefore
could be used to complement and perhaps improve the USDM SMgercentiles are

primary inputs for USDM objective blends.
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Figure 4: Lagged correlation betweenronth SSI ending in August and EDDI f(&)
CA, (b) TX, (c) IA, and (d) PA. Y-axis indicates EDDI ending months anehxs
indicate EDDI time scale. Green dots are placed in the ending month containing the
strongest correlation for each time scale, and blue dots are used as a reference to show
SSI time scale and ending month.
ESI correlations with EDDI

Seasonal temporal correlations between EDDI and ESI for CONUS are shown in
Figure 5. Only springApril, May, and Jungand summefJuly, August, and September)
periods are evaluated due to limited availability of continuous monthly ESI data during
fall and winter. ESI data were frequently missing in siotmwered mountainous regions

of the west during spring and summer periods, and ESI pixels were masked €ohfigat

white shading in Figure 5, as in the mountain ranges of western US) when less than 75%
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of the monthly time series was available over peeiod of 2000 to 2013Pixels with
spurious ESI data (ESHs and >5) were also masked. One benefit of EDDI &&rand

other remote sensing based metrics is that EDDI can be used during all seasons. This may
be particularly useful for higklevation hydrometeorological monitoring in seasonally
snowcovered areas.

Figure 5 illustrates fairly large differences beémnespring and summer periods, with
negligible differences between different time scales- 084 and 12weeks. During the
spring period negative correlations are strongegtl(ies <0.7) over much of TX, the
desert SW, and central valley of CA, whieaker relationships were found over the NE,
and parts of the Pacific NW (Figure 5a, 5c, and 5e). The low positive correlations in the
NE are due to energymited evaporative conditions describedsgction 3.1Summer
correlations (Figuréb, 5d, andsf) arestrongestand spatial patterns most consistever
the central US, and lower correlaticar® evidenbver parts of NV, CA and into the
Pacific Northwestwvhen compared to the spring peritspection of the summer time
series from the regions of logorrelation in the wesind Pacific Northwesthowed that
duringcertainsummers ESI and EDDI were strongly negatively correlated, but positively
correlated in othergot shown) ET ratesin semtarid regionsare typically low during
summer periods; theforesmall variations in ET can potentially lead to large changes in
ESI, makingfor poor correlations with EDDFor examplemost of NV experienced
below normaPrcpand high temperatures fduly of 2005 andEDDI and SPindicaed
droughtconditions wherea€ Slindicatedwet conditions(not shown)ln general, EDDI
is strongly correlated to ESi yalues <0.7) during spring and summer months over

much of the southwest, southcentral, and northcentral US.
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Figure 5: Seasonal correlation coefficieéft column spring and right column summer)
between ESI and EDDI 4&, b) 4-week, (c, d) 8-week, ande, f) 12-week time scales.
Areas shaded in white indicate an insufficient amount of ESI data.
Flash drought over thecentral US

Flashdrought can develop even during periods of excess Prcpeapbrative
drivers can potentially uniquelgentify the onset and evolution of flash drought. For
example, m somesituations(i.e., the 201 central CONUS case), alfased gwould fail

to idertify rapid dryingdueto below normal 7;; coincident with high Wand lowq. The

following highlights the Midwest droughts of 2011 and 2013s a case study to
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demonstrate how EDDI can serve as an effective early waofhithgsh droughg, as well
asextended drought

Areaaveragedime series of dmonth EDDIlare compared to ‘month SPI and SSI
during 2011 and 2012 in Figu6éa for thelA domain.Figure 6b illustrates the sensitivity
of EDDI to individual ET forcings averaged over the IA domalfotethatin Figures 6a
and 6hbthevertical axisof EDDI is reversed to better visualize drought onset and duration
when compared to SPI and S&igure 6a illustrates that iApril, 2011, all indices are
near neutral(i.e., close to zerg)and over the nexwo months EDDI changes to a
moderate drought clags-0.78 or USDM D1 classwhile both SPI and SSI increase to
slightly wet conditions SPI and SSkalues do notecrease towardsioderatedrought
conditionsuntil July of 2011.SPI falls below moderate ainght in Septembeand SSI
follows one month later in OctobeBoth EDDI and SSI maintain extended drought
conditionsthroughout all of 2012with the exception of February when EDDI is slightly
above moderate drought0(78), but still below zeroDuring this extended drought of
2012, SPI isighly variableandindicates wet conditionfor manymonths.

To highlight theET, drivers that caused EDDI to signal first a flash drought and then
an extended drought, a simple sensitivity analysis of EDDI was performed (Figure 6b and
6c). For this analysi€T, was calculated while constraining the variable of interest to
daily climaology values in order to isolate the impact of each forcing on the EDDI
drought signal. Results are presented as estimates of EDDI with a notation of the variable
constrained to its daily climatology (i.e., EDD] EDDI-q, EDDIFRy, and EDD1{U,). For
exampe, EDDIT was calculated using the daily climatology afayand Tmin, and with

METDATA-observed forcings values of all other variablesriby the period of 20 May
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to 25 May, EDDIq and EDDIU, had the greatest separation from standard EDDI values
in the negative direction (note-gxis is reversed), which indicates that the drying power
of the air term in the Eyflequation (U, multiplied by vapor pressure defigiinitiated the
flash drought signél approximately 20 May through 5 Juénhén EDDI via increaseé U,

and below normat (Figure 6¢). In this case, using daily climatologynd U values
mitigated the drought signal relative to the standard EDE).June 2011, EDDI
decreased below the moderate drought threshOldq), with the primary difference
from May being that & and Ty were then acting in combination to exacerbate the
drought signa as opposed to 5 moderating it in May. Despite belemormal Ty,
conditions in September, 2011, the standard EDDI drought signal was maintained due to
extrerely low g values evidenced by a large difference between EDDI and #DDI
(absolute difference of 1.17). From November, 2011, through the following May, T
dominated the EDDI signal, as seen by the large differences between EDDI and EDDI
This increasen T and ET likely contributed to the persistent SSI drought signal
throughout 2012, despite abemermal Prcp for February, April, October, and December
(Figure 6a).

Resultsillustrated in Figure 6 and in the companion paper of Hobbins et al.
(2015) hghlight two major focal points of this research: (1) EDDI is a leading indicator
of flash and extended drought conditions, and (2) a physically baseddguired to
capture this signal. This reinforces the work of Hobbins et al. (2012) and Hobbii$ (201
who concluded that} is not always the dominant driver BT, and Fbased
parameterizations could lead to false drying (or wetting) signals when used for drought

monitoring applications. Our findings illustrated in Figure 6 also contradict the notion
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that 2012 should be considered a flash drought case over thal t&hte.g. Mo and
Lettenmaier 2015): our results clearly indicate a s@sthblished and persistent drought
signal by both EDDI and SSI, with SPI being the only indicator to signal a rapid
transition from wet to dry over the period of April through J&ligure 6 illustrates that
the flash drought signal appeared in EDDI starting in May, 2011, and in SPI and SSI

starting in August, 2011.
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Figure 6: EDDI under sustained and flash drought conditigasMonthly time series of
1-month EDDI, SSI, and SPIea averaged over the IA domafh) Monthly time series

of 1-month EDDI and EDDI constrained by climatology, TEDDI-T), q (EDDI-q), Ry
(EDDI-Ry), and U (EDDI- U,). Black box highlights time period shown in (¢3) Daily

time series of 4nonth EDDI,EDDI-T, EDDI-q, EDDIR4 and EDD}U, for May and

June 2011 shown to highlight details of flash drought initiation. Note that the vertical axis
of EDDI is reversed to clearly visualize drought onset and duration when compared to
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SPI and SSI. Light green reénce line indicates start of moderate drought classification
(-0.78).

To spatially assess EDDI during the extended 2012 drought a comparison was made
between the USDM, SPI, SSI, and ESI. Recall from Section 2.5 that the USDM is at a
blended timescale,against which a fixed timecale EDDI is being compared: thus, the
EDDI and the USDM distributions should not be expected to look similar. The objective
of the EDDI and USDM comparisons is to show that EDDI can presage rapid onset
droughts before the imptscshow up in the USDM, thus highlighting the substantial
added value gained by using EDDI in conjunction with other dreomimitoring metrics
for decisioamaking applications.

Figure 7 shows the evolution of tharionth EDDI, ESI, SSI, and SPI, and
USDM through time and space over the spring and summer of 2012. The USDM
generallyindicatedno drought or DAD2 over much of the central US of 1 Mabhis is
likely aresultof the neainormal to slightly above normal Prcp during Apa
illustratedin the April SPIspatial distributionin contrast, EDDI indicates at least
moderate droughtonditionsover most of the same region, and looks similar to the
USDM spatial distributioriwo months later (i.eqf 3 July, 2012)EDDI responded to
anomalously high J;, Uz, and R across the region during the second half of April. ESI
showed widespreadeutral conditions for Aprilvith a rapid intensification in MaysSI
and SPI show a slower progression and more local intensificatioru(ntorm spatial
distribution) when compared to EDDI and EBhe 2012 drought evolution illustrated by
theUSDM over the central US expands in both spatial extent and severity throughout the

summerhowever thgrogression from DO to D&ndD4 takes approximately three
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months.Figure 7illustratesthat month EDDI presaged the onset DM extreme to

exceptional drought by as much as two mor#&l. also led the onset of extreme to

exceptional drought, but was limited in extent when respectively compared to April

throughJuly EDDI, and July USDM drought spatial distributions.
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Figure 7: Evolution of the Imonth EDDI(top row), USDM (second row) 1-month ESI
(third row) , 1-month SSkfourth row) , and tmonth SPKfifth row) through spring and
summer of 2012USDM data a& from 1 May, 2012 (April column), 5 June, 2012 (May
column), 3 July, 2012 (June column), and 31 July, 2012 (July coluai)l, ESI, SSI,

and SPI are at-fnonth time scales at the end of each month: April, May, June, and July.
All drought metrics have baeconverted to USDM categories according &ble 1

Extended drought in arid to semtarid regions

In this section we examine whether EDDI can be used to characterize historical

extended droughtsver thewesternUS. Droughts in arid to serarid regions othe US
are generallyslower to develop than in the central Uimarily due to the manner in
which water resources are both naturally and anthropogenically stored. Natural water
storage occurs as wintenowpackat high elevations théipically reach maximum depth
in March or April. During spring and summer snowmetitnoff is stored inreservoirs.
Hydrologic and agriculturalrdught severityin the west aretrongly linked to reservoir
storage and streamflow (McBy et al. 2012, Abatzoglou et al. 2014)

Two extended drought case studies using the USDM, EDDI, SPI, and SSI are shown
in Figure 8. The first case focuses on the drought of the 2007 water year (October 2006
through September 2007) (Figure 8, left coluniime USDM from 02 October, 2007,
indicates 78% (percent area) of the western US in at least a DO drought class. Figure 8c
illustrates the 12nonth EDDI ending in September, 2007, and has the strongest spatial
coherence and severity when compared to theNJSihile SSI and SPI (Figure 8e and
8, respectively) underrepresent the spatial extent shown by USDM and EDDI,
particularly over NV, ID, and western MT. The second case focuses on the extreme
southwestern drought of 2002 (Figure 8, right column), withX8BM mapped at 25

June, 2002, and therGonth EDDI, SPI, and SPI mapped for January through June, 2002.
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All metrics show a similar spatial structure of drought extent, although EDDI and SPI
indicate little to no drought in MT. Temperatures were lower tilmamal over much of
MT, WY, and the northern portioof UT and CO, and slightly above normal for the Four
Corners region (not shown). This indicates thatwas likely driving EDDI negative in

MT, howeverT,;, g and U must have all played a role inidng EDDI in the podive

direction over UT and CO.
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Figure 8: USDM from 02 October, 200{&) and 25 June, 200®), 12month (October
September) EDDI(c), SSI (e), and SPI(g) ending September, 2007, andm@nth
(JanuaryJune) EDDI(d), SSI(f), and SP[(h) ending June, 2002.
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The potential usefulness of EDDI to aid in the interpretation of hydroclimatic states at
multiple time scales and over long time periods was assessed for an area of interest.
Figure 9 illustrates time series of EDDI avexdgover the northern Sierra Nevada for
19792013. The northern Sierra Nevada provides much of the water resources to western
NV and CA, therefore the use of multiple complementary drought metrics for evaluating
short and extended drought in this regiomigluable. EDDI at the-vk and tmonth
time scales (Figure 9a and 9b, respectively) closely correspond to documented heat
waves and extreme fire weather in the region (Burt 200Guetet al. 2009, however
the high frequency of the time series makeifficult to characterize hydrologic drought.

At longer time scales EDDI (Figure 9c, 9d, and 9e, respectively) clearly identify all of the
major documented hydrologic droughts over the period from 1979 to 2013 (Seager 2007;
Weiss et al. 2009; McEvoy et &012). The longest duration drought to occur during the
period of record analyzed was during the early 2000s, when theothth EDDI
remained positive for five continuous years (late 1999 to 2005). Fast recovery of
hydrologic droughts are also well camdrby EDDI at nearly all time scales when
compared to nuswrerodbdmpowghtpitati on events
Dettinger 2013), and wet periods associated with EIl Nifio (B282nd 199-08), and La

Nifia (201611).
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Figure 9: Area-averaged time series of EDDI over the northern Sierra Nevada from 1979
to 2013 aggregated atvizeek (a), Imonth (b), 3month (c), émonth(d), and 12month
time scales.
Summary and Conclusions
This work highlights an application andassessment dEDDI at multiple time

scales andior severalhydroclimatesas a companion study to Hobbins et al. (this issue)

The methods and results dflobbins et al. this issu¢ are reinforced and a robust
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CONUSwide evaluation is performedby examiningEDDI and indvidual evaporative
demand components as they relate todizreamic evolution of flash drougluver the
centralUS, characterization of hydrologic drought over the western US, and comparison
to commonly used drought metrics (USDM, SPI, SSI, and ESI). Rdsghlight the
advantagesind limitationsof EDDI as a monitor of drought at multiple time scales, and
provide leading indications of flash and extended hydrologic drougtelationsof

EDDI to NLDAS-2 forced droughtnetricsof SSI and SPindicate tlat over much of the
CONUS, EDDI spatial distributions are generaliymilar to SPI and SSDver parts of

the western USvhere weak correlations were found, EDDI often contained drought
information not found in SPI or SStor example, Prcs bounded by zero at short time
scales (1 to 2 months) over many western states, which can lead to a skewed SPI,
whereas EDDI will maintain a consistent distribution during months with no Rtcp.
short time scales, spatial distributions and time seeigglts illustrate that EDDI can be
useful for flash drought identification, acdnserve as a leading indicator by as much as
two monthsin advance othe USDM, SPI, and SSI (i.e. Figures 4, 6, 7; and Figures
shown in Hobbins et al.this issue)

Comparsonsof EDDI to remotely sensed Eftoductsalso show strong correlations,
with the exceptions of the northeast d&ing spring, andover parts of the westn US
duringsummerWeak correlations with ESI over the northeastern US are largely due to
energ-limited landsurface energpalance conditions over the region, where ET and
ET, are often positively correlated. Weak correlations with ESI over the western US
during summer months are likely due to the low and effectively-zeomded actual ET

rates hat occur in arid environments. Low soil moisture and low ET rates make it
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difficult to accurately estimat&T with thermal and optical remote sensing. These
uncertainties combined with the high variability of estimated ET relative to average
conditions often led to spuriousESI values and low correlations with EDDI.
Comparisons oEDDI with ESI generally demonstrate that EDDI can be effectively used
in conjunction with ESI and otheéemote sensing products to provide yeaind data,

with no limitations dung cloudy days or over snogoveredareas

For drought monitoring inarid and semtarid regions of western US, EDDI
aggregation tolonger time scales(3 to 12 months) isbest suitedto capture the
complementary relationship found between ET aiigd (Boudet 1963 Hobbins et al.
2004),and thereforaedentify extendedydrologicdroughtstypical ofthis region Results
illustrate that m most cases, when Prcp deficits at 3h¢o 12-monthtime scals were
fairly large, EDDIwasstrongly positive However, the complementary relationship was
found to not hold truén regions and time periods where weak land surédo®spheric
coupling and energy limited conditions exist (Figures 3 and 5).

Despite some noted limitations, EDBIshown to provide useff information on the
lessunderstood and documented dynamical processes associated with drought evolution
and persistence. Results highlighted in this work illustrate the benefits of assimilating
physically based festimates and EDDhto operational maioring productssuch as the
USDM. The additional information and early warning provided by EDDI could greatly
contribute to a stronger understanding of drowgtalution anddynamics land surface
atmosphere interactions, and perhaps more imporiamttisce and/or mitigatefuture
adverse societal effects that have been associatedpastiiroughts EDDI could also

prove very usefuland effective for easio-implementoperational earlywarning for
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agricultural and fireveather monitoring (Ham et al. 2014hd seasonal forecasting of

drought.
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Abstract

Providing reliable seasonal drought forecasts continues to pose a major challenge
for scientists, endisers, and the water resources and agricultural communities. Recent
research has shown that satellite based evapotranspiration (ET) and land surface model
based evaporative demandg)Bnomalies accurately represent drought at different time
scales. Yet, to this end minimal research has been conducted on seasonal prediction skill
of Ep and application to drought forecasting. In this study, the first CONUS wide
evaluation of g forecast anomalies is performed using the National Center for
Environmental Prediction Climate Forecast System version 2 (CFSv2) reforecast data
covering the pead of 19822009, and the American Society for Civil Engineers
Standardized Reference ET is used for3kill evaluation is carried out using the
University of Idaho gridded meteorological data (METDATA), adlkll from CFSv2
is compared against predigiion (Prcp) skill. CONUS was divided into nine area
averaging climate regions, and moderate skill was found out to leads of five months in
the West, Southwest and South regions during the spring, and leads of one to three
months during the summer andl fal the Northeast, West North Central, East North
Central, and Central regions. Skill fog &as consistently better than for Prcp with
improvements in anomaly correlation of 0.2 to 0.5.While probabilistic skill evaluation of
drought events revealed ovit@oor mean skill, the notable warseason droughts of
1988 and 1999 in the West North Central, Central, and Northeast regions, and the
winter/spring drought of 1992 in the Northwest were all forecast with skill uging E
anomalies. Increased skill was falin the Northwest, West, Southwest, and Southeast

regions when CFSv2 forecast were initialized during moderate and strong El Nifio
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Southern Oscillation events, and degraded skill was found in the East North Central,
Central, and Northeast regions.
Introdu ction

A growing literature indicates that current dynamical seasonal precipitation (Prcp)
forecasts contain limited skill past eneonth lead time (e.g., Lavers et al. 2009, Yuan et
al. 2011, Yuan et al. 2013, Saha et al. 2014, Wa@d. 2015). Therefore, incorporating
new drought related variables with reasonable skill could add value and confidence to
operational seasonal forecasts. Our understanding of drought dynamics and variability
has evolved substantially over the last diecly using evapotranspiration (ET) and
physically based evaporative demang) @S a link between the land surfsatenosphere
interface. Recent studies have shdsin(primarily obtained through the use of remote
sensing) and, can be used to indicateadrght by providing details on feedbacks at this
interface (Yao et al. 2010, Anderson et al. 2011, Mu et al. 2013, Otkin et al. 2013, Shukla
et al. 2015). However, remote sensing is limited to neaitiraalapplication and
dynamical forecasting is not poble.

On the other hand, variables needed to compgifaiEtemperature (), wind
speed (WS), dowelling shortwave radiation at the surfage éRd specific humidity
(SH)) are all available from the Climate Forecast System version 2 (CFSv2; &aha et
2014). Studies onHorecasts from CFSv2 are limited to Tian et al. (2014), who
evaluated biasorrected maximum and minimum;{Tmaxand Tnin, respectively), WS,
Ry, and offline computations ofglover the southeast CONUS. Dew point temperature
was approximated usingn, and therefore CFSv2 SH was not evaluated. Tian et al.

(2014) found CFSv2 Horecasts to have moderate skill during the cold season with the
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greatest skill when forecasts wengtinlized during El NifleSouthern Oscillation
(ENSO) events (El Nifilo and La Nifia conditions existed), and no skill during the warm
season due to the inability of CFSv2 to fully resolve summer convection. An extensive
analysis over CONUS of CFSv2 Bnd he application to seasonal drought forecasting
has yet to be conducted.

As an example of Prcp and &homalies in drought, Figure 1 shows the E
(Figure 1a) and Prcp (Figure 1b) anomaly percentiles for the AMJ 2002 period from the
Uni ver si t yddedmetealobogiocal@ata (JETDATA; Abatzoglou 2011),
during one of the most severe droughts in the recorded history of the Southwest (e.g.,
Weiss et al. 2009 and references therein). BgémB Prcp anomalies identify similar
spatial patterns of wet (MThd the Great Lakes) and dry regions (Southwest, NC, and
VA), which clearly shows thatgean successfully identify drought periods. In Figure 2
the CONUS average percent area in drought based on percentitesoot!s
accumulated &(Figure 2a) and Prcp igure 2b) are shown, with drought being defined
as & values above the 8(ercentile and Prcp values below thd percentile. While
differences in intensity and timing certainly exist, both metrics consistently identify the
major drought periods of 1981989, 19992003, and 2002007. The wet periods of
19821984 (excluding summer of 1983) and 19908 are also consistent. Much of
CONUS experienced well above normal temperatures during 2006 and 2007, which
likely drove the percent area of drought baseds, much higher relative to Prcp.

In this study anomalies from CFSv2 (CFSRF; Saha et al. 2014) reforecasts are
evaluated over CONUS against METDATA in order to determing @t®malies contain

improved skill over Prcp, and can therefore be useddacanfidence to seasonal
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drought predictions. This study aims not only to evaluate CFSRF, but also to explore the
drivers of drought dynamics and variability in an effort to understand why certain

droughts are more predictable than others.

SW

\ -, 9

Figure 1:Accumulatedg, (a) and Prcb) anomaly percentiles frodETDATA for

AMJ 2002 Note that upper gand lower Prcp percentiles indicate drougitbwn

shading) NCDC climate regions (described in Section 2) used as area averaging domains
for Section 3 resudtare shown in the bottom panel Rggions are named as follows
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Northwest (NW), West (We), Southwest (SW), West North Central (WNC), South (So),
East North Central (ENC), Central (Ce), Southeast (SE), and Northeast (NE).
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Figure 2 CONUS average peroearea in drought based omnth accumulatedda)
and Prcp (b) percentiles.

Data and Methodology

Nine-month continuous reforecasts (CFSRF) from CFSv2 were obtained from
NCEP, covering the retrospective period of 1:28D9. A detailed description offFSRF
can be found in Saha et al. (2014), and several other papers have laid out the CFSRF

format (e.g., Yuan et al. 2011, Dirmeyer 2013). In this study, true monthly ensembles
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were created from CFSRF leads @ Inonths, resulting in a range of 20 to 28amble
members per month (Table 1). (This is in contrast to the ensembles provided by NCEP,
which overlap initialization months. For example, the NCEP January ensemble contains
24 members, with initialization dates of Januarl, 116", 21" 26", and 3% and

February &.) The January ensemble used here contains 28 members initialized on
January T, 6", 11" 16", 21" 26", and 3. This method is used to identify the impact

of initialization month on forecast skill.

Table 1:CFSv2 monthly ensebles are listed and each initial day consists of four
members initialized at 00Z, 06Z, 127, and 18Z.

Initial Month Number of Members Initial Days
January 28 1, 6,11, 16, 21, 26, 31
February 20 5, 10, 15, 20, 25

March 24 2,7,12,17,22,27
April 24 1,6,11, 16, 21, 26
May 28 1,6,11, 16, 21, 26, 31
June 24 5, 10, 15, 20, 25, 30
July 24 5, 10, 15, 20, 25, 30
August 24 4,9, 14,19, 24, 29
September 24 3,8,13,18, 23, 28
October 24 3,8,13,18, 23, 28
November 24 2,7,12,17, 22, 27
December 24 2,7,12, 17, 22, 27

To evaluate CFSRF, daily METDATA covering the period of 128P9 were

obtained ittp://metdata.northwestknowledge.naind averaged to monthly values.

METDATA is abiascorrected and spatially disaggregated (from 12 km to 4 km) product
that combines the Parameter Regression on Independent Slopes Model (PRISM; Daly et
al. 1994) with the North American Land Data Assimilation System version 2 (NEDAS

Mitchell et al. D04). To match the CFSRF spatial resolution, METDATA were re


http://metdata.northwestknowledge.net/




