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Abstract

Drought is one of the most severe natural disasters and detrimentally impacts water
resources, agricultural productigheenvironment, and the econon@fimate change is expected
to influence the frequency and severity of extreme droughts.di$sertabn evaluats drought
conditions usinga variety of hydrologic modeling approachesclude shortterm drought
forecasting, longerm drought projectigranda coupled surfacgroundwater dynamic drought
assessmenthe economic impacts of drought are agplored through a linked economic impact
model. Study resultshighlight the need for various drought assessment approaches and provide
insights into the array of tools and techniqtlest can be employetd generatelecisionsupport
tools for drought mitgation plans and water resouredlocation. For shortterm drought
forecasting, the Soil and Water Assessment Tool (SWAT) and Variable Infiltration Capacity (VIC)
modelsareused with a meteorological forecasting datageesults indicate thatight weeksof
leadtime drought forecasting show good drought predictability for the Contiguous United States
(CONUS). For the drought projectiat a finer scaleboth SWAT and VIC modelareapplied
with Coupled Model Intercomparison Project Phase 5 (CMIP5) aimeatdeloutpus to derive
multiple drought indices for the Chesapeake Bay watershed and five river basins in Virginia. The
resultsindicate that current climate change projections will leaddeeasd drought in the entire
Chesapeake Bawatershed and Vinia river basins because of increasesthe sum of
evapotranspiration, and surface and groundwater discharge. The impacts of climate change on
future agricultural droughts and associated ecoradyg implicationsare therevaluated using
the VIC and IMPLAN (IMpact analysis for PLANning) model for the several congressional
districts in Virginia. The result indicated thatreases in agricultural drought in the futweuld
lead todecreases in agricultural productions and job losses. Finally, a cdrgoteelvork using
the VIC and MODFLOWmodels isimplemented for theChesapeakd®ay and the Northern
Atlantic Coastal Plain aquifer system, and the results of a drought ih@exincorporates
groundwater conditio performs betterfor some drought periodsHydrologic modeling
framework with multiple hydrologic models and various scales can pravidter understanding
of drought assessments because the comparisons and contrasts ofmktieosksare available.
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General Audience Abstract

Drought is one of the most severe natural hazards and negatively inipactsater
resources, agricultural productidhe environment, and the econon@limate change influences
the frequency and severity of extreme droughts. dissertatiorassessdroughtconditionsusing
various hydrologiemodeling methods, whicaredrought forecasting, climate changepacts on
drought, economimfluences of drouigts, and a coupled model approaStudy results highlight
the need for various drought evaluation techniques that can generate d&gpgor tools for
drought mitigation plans and water resource managefRenshoriterm drought forecastingyo
hydrdogic models are used with a meteorological forecasting dataset. Results indicate that eight
weeks of leadime drought forecasting show good drought predictability for the Contiguous
United States (CONUS). For the drought projection at a finer ealenodels arelso usedavith
multiple climate moded for the Chesapeake Bay (CB) watershed and five river basins in Virginia.
The results indicate that current climate change projections will lead to increased drought in the
entire CB watershed and Virgini@er basins. The impacts of climate change on future agricultural
droughts and associated econewigle implications are then evaluated usinghlydrologic and
economicmodes for the several congressional districts in Virginia. The resoliicate that
increases in agricultural drought in the future would lead to decreases in agricultural productions
and job losses. Finally, a coupled model is implemented for the CB and the Northern Atlantic
Coastal Plain (NACP) aquifer system, and the results of a kromngex that incorporate
groundwater conditions performs better for some drought periods. Hydrologic modeling
framework with multiple hydrologic models and various scales can pravidter understanding
of drought assessments because the comparisdreoatrasts of diverse methods are available.
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Chapllemtroducti on

Drought is one of the mostommon naural disasters, and it negatively affects the
environment, water resources, agriculture, and the economy (Sternberg, 2011; Vasiliades and
Loukas, 2009; Esfahanian et al., 2017). Droughts are prevalent in many parts of the globe, and
their impacts are beingggravated by the intensification of agriculture, population growth, and
increased water use. The negative impacts of droughts include reduced surface and groundwater
resources, diminished hydropower generation, and deteriorated water quality in stheznss,
and aquifers. In recent decades, the global surface temperature has increased significantly, and
these increases are expected to result in more extreme climatic conditions. Climate changes are
also affecting the hydrologic cycle well as thérequency and severity of extreme climatic events,
which raiss concerns about potential impacts on the occurrence of extreme droughts.

Droughts are characterized by multiple climatological and hydrological paransteins
as precipitation, evapotranspi@t, temperature, soil moisture, streamflow, and groundwater.
Therefore, a comprehensive understanding of the relationships between hydrometeorological
parameters is necessary to develop measures for early warning and impact management. In
addition, droughaissessment is essential for freshwater planning and management. Htlveever,
evaluation of droughts is very complicated. First, it is difficult to determine the initiation and the
termination of drought eventbecause droughts develop slowly and ofteruigeecognized until
they have beguto cause serious problenfSecond, there 3o universal definition of droughts.

Finally, droughts are nestructural hazards and spread over large geographical areas.

Drought monitoring and forecasting methods@mmonly used for drought evaluations.

The accuracy of drought monitoring and forecasting is influenced by the selection of a drought
indicator, which can provide a synthetic and objective description of drought conditions. Many
drought indicators have beéeveloped and used for quantifying, monitorgrgddetermining the

onset of, or recovery from, droughts, for declaring drought severity, and for forecasting droughts.
Indicators are based on different methadsluding the use of statistical technigusisnple water

and energy balance models, hydrologic models, and/or a blend of these methods. Furthermore,
meteorological, agriculturahydrological, and socieconomic perspectives of droughts can be
guantified by drought indicators (Sridhar et al., 20D&akiris et al., 2007; Niemeyer, 2008).

The most common drought indicator is the US Drought Monitor (USDM), which was
established byhe US Department of Agriculture (USDA), National Drought Mitigation Center
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(NDMC), and National Oceanic and Atmosphefidministration (NOAA). The USDM is a
composite index that includes indicators, climate indices, and local reports from more than 350
expert observers across the entire US. In addition, the USDM provides a weekly map of drought
with five drought categoridsased on a percentile classification in the US. Furthermore, the USDM
can identify both shortand longterm drought conditions.

Meteorological drought is associated with a lack of precipitation for a specific time,
hydrological droughis a lack of surice and subsurface water resources from a management
system, agricultural drought is related with declining soil moisture and resulting crop failure, and
sociceconomic drought is an inadequate supply of water systems to support demand for an
economic gooduch as crops. The resporsalrought depends otme type of droughthat has
occurred in a given area, and drought characterization is crucial for drought management
operations. Thus, is important to use multiple drought indices for identifythgdiverse aspects
of drought condition, because multiple types of droughts existed (e.g., meteorological,
agricultural, hydrological, and soegconomic droughts).

The Standardized Precipitation Index (SPI; McKee et al., 1993) is one of the most common
indices for evaluating meteorological drought, and it is based on-t&yng precipitation
observations. With the same framewoflcomputatiorof theSPI, the Standardized Soil Moisture
Index (SSI; Hao and AghaKouchak, 2013) is utilized to quantify agricutlfualght based on soil
moisture. With all of these ongoing efforts, the challenge for evaluating drdwaghtbeen
identifying a single meteorological or hydrologic variable that is an appropriate indicator over both
space and time. Thigas hinderethe addancement of drought prediction capabilities, generation
of solid drought management plans, and risk assessment (Hao and AghaKouchak, 2013). In
responsethe Multivariate Standardized Drought Index (MSDI), based on multiple hgtinatic
variables, was deloped and applied to identify historic droughts in the US (Hao and
AghaKouchak, 2013; Hao and AghaKouchak, 2014).

The monthly and seasonal drought outlook provided by the Climate Prediction Center
(CPC)of theNOAA is an operational drought forecastimgthod, and it is based on official CPC
precipitation and temperature outlooks, various shemtl mediurrrange forecasting tools and
models(e.g.,North American Ensemble Forecast System (NAEFS) precipitation outlooks (Toth

et al., 200% dynamical model§Coupled Forecast System model versiqi€ESvd (Saha et al.,



2014), the 38our total precipitation forecasts from several runs of the Global Forecast System
(GFS; Mitchell et al., 2005), and EI Nino and La Nina conditions.

Even though these droughtdicators are useful and they can reflect the multiple
perspectives (meteorological, agricu#ilirhydrological, and socieconomic) of droughtsa
comprehensive understanding tbe processes of droughts including hydrologic modeling and
economic effectds still necessary. These approaches enable water resource managers and
policymakers to better prepare for and respond to droughts. In addition, drought forecasting and
projection methods are practically applied for the management of water resour@ssegdment,
and drought mitigation.

The overall goal of this dissertatiasto understand, quantify, and map droughpacted
areas in several regions of the US. The maintained objective of this stiadgamonstratéhat
the evaluation of drought usingpil moisturebased drought indices essential fotheimproved

prediction of current and future climatic conditions.

1) The first objective of this dissertatitodevelop a methodology for shdagrm drought
forecastingusing the hydrologic modgl meteorological forecasting datasetd drought indices.
The Soil and Water Assessment Tool (SWAT) and Variable Infiltration Capacity (VIC) models
were utilized to estimate hydrologic variables and drought indices forQbatiguous U.S.
(CONUS) and the Coupled Forecast System model versions 2 (CFSv2) provided tieahear
time meteorological forecasting datagdte first objective is describéa Chapte2, and the status
of this work is as follows:

Kang, H., Sridhar, V.
Citation: Kang,H. and Sridhar, V., 2018. Improved Drought Prediction Using Near-Real

Time Climate Forecasts and Simulated Hydrologic Conditions. Sustaindlgi{iy: 1799

2) The second objectivis to evaluate climate change impacts on droughts conditions for
the Cheapeake Bay watersh&bth SWAT and VIC modslwere appliedbver theChesapeake
Bay watershed and five river basins in Virginia wtitle Coupled Model Intercomparison Project
Phase 5 (CMIP5) climate model ensembles dedved drought indices. This objectvis

described in Chapter 3, and the status of this work is as follows:

3



Kang, H., Sridhar, V.
Citation: Kang, H. and Sridhar, V., 2017. Combined statistical and spatially distributed

hydrological model for evaluating future drought indices in Virginimurnal of

Hydrology: Regional Studies, 12, pp.2532.

Kangq, H., Sridhar, V.
Citation: Kang, H. and Sridhar, V., 2018. Assessment of Future Drought Conditions in the

Chesapeake Bay Watershed. JAWRA Journal of the American Water Resources
Association, 5d1), pp.166183.

3) The third objective is tassess econorwide impacts of droughising soil moisture
estimations from the VIC model, CMIP5 climate modritpus, andthe IMPLAN model
(IMPLAN: IMpact analysis for PLANnNing) for three congressionalritis in Virginia that have
different hydrologic and economic characteristitis objective is described in Chapter 4, and

the status of this work is as follows:

Kang, H., Sridhar, \/.Mills, B.

Status:Manuscript h preparation

4) The last objective is to evaluatieoughts using the surface and groundwater coupled
modebver the Northern Atlantic Coastal Plain (NACP) aquifer system in the Chesapeake Bay
watershedA coupled framework of VICMF (VIEMODFLOW) model was utilized for tidACP
region, and multiple drought intés were used for the drought assessment. This objective is

described in Chapter 5, and the status of this work is as follows:

Kangq, H., Sridhar, V.
Status: Manuscript ipreparation
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Chapter 2. Evaluation of drought forecasting method using identification of

drought processes and near real time forecasting approach

2.1. Abstract

Shortterm drought forecasting is helpful for establishing drought mitigation plans and for
managing risks that often ensue in water resource systems. Additionally, hydrologic modeling
using highresolution spatial and temporal data is used to simulatéatitesurface water and
energy fluxes, including runoff, baseflow, and soil moisture, which are useful for drought
forecasting. In this study, the Soil and Water Assessment Tool (SWAT) and Variable Infiltration
Capacity (VIC) models are used for shtmtmdrought forecasting in the contiguous United States
(CONUS), as many areas in this region are frequently affected by varying drought intensities.
Weekly-to-seasonal meteorological inputs are provided by the Climate Prediction Center (CPC)
for the retrospetive period (January 2012 to July 2017) and Climate Forecasting System version
2 (CFS v2) for the forecasting period (August 2017 to April 2018), and these inputs are used to
estimate agricultural and groundwater drought conditions. For drought assesbneentrought
indices, namely, the Standardized Soil Moisture index (SSI), the Multivariate Standardized
Drought Index (MSDI), and the Standardized Baseflow index (SBI), were analyzed. The accuracy
of the forecasting results was verified using severgledormance measure (Drought area
agreement (%); DA). Generally, eight weeks of lead time forecasting showed good drought
predictability from both the SWAT and VIC models for the MSDI simulations (62% for SWAT
and 64% for VIC for all drought categories)omever, the DA values for eight weeks lead time
forecasting for SSI were 23% (SWAT) and 10% (VIC) and 7% (SWAT) and 7% (VIC) for the
SBI, respectively. In addition, the accuracies of drought predictions remarkably decreased after
eight weeks, and the avgmDA values were 36% for SWAT and 38% for VIC due to an increase
in the uncertainties associated with meteorological variables in CFS v2 products. For example,
there are increases in the total number of grids where the absolute values of monthly egferenc
between CFSv2 and CPC observations exceed 20 mm and 1 °C during the forecasting period.
Additionally, drought forecasting using only one variable (i.e., SSI and SBI) showed low

prediction performances even for the first eight weeks. The results atuhllig provide insights
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into drought forecasting methods and provide a better understanding to plan for timely water

resource management decisions.

2.2. Introduction

Droughts have negatively affected water resource management, agriculture, the
environmem and the economy around the globe (Sternberg, 2011; Sheffield and Wood, 2012).
During the last few decades, the severity and frequency of droughts in the United States (U.S.)
have been exceptionally high in the West, the Great Lakes States and the Seuthdss.
(Changnon et al., 2000; Karl et al., 2012; Clark et al., 2016). The severity and frequency of recent
droughts in the U.S. coincide with high temperatures and evaporative demand (McEvoy, 2015),
affecting many areas in the Contiguous U.S. (CONCHrk et al., 2016).

An early drought warning framework with shégrm drought forecasting (e.g., monthly
or seasonal) would provide information regarding the initiation, propagation, and termination of
droughts, which are essential for stakeholders dedsionmakers (AghaKouchak, 2014).
Additionally, seasonal drought forecasting plays a significant role in establishing proper policies
to plan for available water resources as well as drought preparedness, mitigation, and risk
management. Accurate drdutgforecast systems would enable optimal operation of irrigation
systems by mitigating the detrimental effects of droughts (Hayes et al., 2005). In recent decades,
several drought forecasting systems have evolved to perform the evaluation of hydrologit/dro
conditions across the CONUS, such as the CIlim
OQutl ook (Steinemann, 2006) , t he National I nt e
Drought Early Warning Systems (fo&agWSystem (Rubi ncet
and Wood, 2007), and a probabilistic drought forecasting framework (Yan et al., 2017). Although
these studies have proposed some advanced drought forecasting methods such as probabilistic
drought forecasting (Yan et al., 2017), thed®lbased Drought Monitoring and Prediction
System (DMAPS; Luo and Wood, 2007), and the dynamical or statidgoaimical seasonal
forecasting (Ribeiro and Pires 2016),the effects of climate change on droughts across various
regions of the globe suggedtse need for more reliable methods in predicting extreme events
(Mishra and Singh 2010; Halmstad et al. 2013).
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Drought indices are used for evaluating drought levels, drought impacts (Niemeyer, 2008),
long-term drought projections, and seasonal drouglectmsting (Kang and Sridhar, 2017; Sehgal
and Sridhar, 2018; Thilakarathne and Sridhar, 2017; Kang and Sridhar, 2018). Several drought
indices have been developed and applied to evaluate multiple categories of drought (e.g.,
meteorological, agricultural, klyological, and socieconomic droughts). The Standardized
Precipitation Index (SPI) (McKee et al., 1993) is one of the most widespread indices that is used
to evaluate meteorological droughts (Mishra and Singh, 2009; Zargar et al., 2011; Paulo et al.,
2016) and is used for drought forecasting (Belayneh et al., 2014). In the same framework as SPI,
the Standardized Soil Moisture Index (SSI; Hao and AghaKouchak, 2013; Hao and AghaKouchak,
2014) is used to quantify agricultural drought conditions. Additionathe Multivariate
Standardized Drought Index (MSDI), which is computed using multiple hydrometeorological
variables, is used to identify historic droughts in the U.S. (Hao and AghaKouchak, 2013; Hao and
Aghakouchak, 2014). The diverse applications withltiple drought indices allow the
consideration of various aspects of drought conditions. In this study, the SSI, MSDI, and
Standardized Baseflow Index (SBI) were used, as they represent multiple aspects of drought
conditions including agricultural, multiviate, and hydrological droughts in the CONUS.

Drought prediction is commonly based on drought indices, which are estimated using
deterministic or statistical model simulations of hydrometeorological variables such as
evapotranspiration, runoff, and soilomture (Madadgar and Moradkhani, 2013, Sehgal and
Sridhar, 2018). The SPI was widely used for siemn drought forecasting (Cancelliere et al.,
2007; Morid et al., 2007; Belayneh et al., 2014), and soil moistased drought indices were also
applied AghaKouchak, 2014; Zhang et al., 2017). Additionally, merale hydrologic models
have been employed for the calculation of hydrologic variables based on energy fluxes and water
balance estimates, and have been effectively used to assess droughtnsof®btigal and Sridhar,
2018). For example, the Variable Infiltration Capacity (VIC) (Liang et al., 1994) model is a useful
tool for simulating hydrologic variables and drought indices (Mishra et al., 2010). Additionally,
the Soil and Water Assessment T@SWAT) (Arnold et al., 1998) is an acceptable tool for
computing and assessing drought conditions. Thus, hydrological models provide the basis for
evaluating drought conditions with multiple drought indices, drought management, and suggesting

mitigation drategies for stakeholders (Narasimhan and Srinivasan, 2005).
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A myriad of studies have evaluated monthly to seasonal forecasting techniques; such
investigations were limited to lead times o8 Imonths (Shukla and Lettenmaier, 2011), and a
longer lead time&rought prediction approach was not available (Hao et al., 2018). Hence, a drought
forecasting approach with multiple hydrologic models, drought indices, and a longer lead time of
meteorological input can facilitate drought preparation, drought mitigstiategies, and drought
risk management for the near future. The objectives of this study were to integrate physically based
water balance components from the VIC and SWAT models to derive drought indices with short
term meteorological forecasts of pratagion and temperature from the Coupled Forecast System
Model version 2 (CFSv2) (Saha et al., 2014) for freaktime drought forecasting with lead times
up to 9 months for the CONUS. To achieve the objective, the SWAT and VIC models were used
to estimag various hydrologic variables including soil moisture, baseflow, and evapotranspiration
for both retrospective (January 2012 to July 2017) and forecasting (August 2017 to April 2018)
periods. Additionally, multiple drought indices were derived at a waekky step, and were used
to develop weekly forecasts for the CONUS. Finally, an evaluation of drought forecasting with a
lead time up to nine months and an assessment of spatial characteristics of droughts were
performed by comparing the results to th&.UDrought Monitor (USDM; Svoboda et al. 2002;
Lorenz et al., 2017).

2.3. Methods

2.3.1. Study Area

The study area is the CONUS, where drought is an ongoing problem in multiple regions
such as the South, West, Central High Plains, and the Southeastern regions in the CONUS. Figure
1(a) shows the entire CONUS and an example map of the USDM for Februa@i82hat shows
current drought conditions. Additionally, Figure 1(b) and (c) show the delineateslatalsheds
from the SWAT model (3,972 subatersheds) and the VIC model grids, respectively. Finally,
Figure 1(d) shows the locations of soil moistursesation from the U.S. Climate Reference

Network (USCRN) that were used for interpreting the simulation results.
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Figure 1. Map of the Contiguous United States (CONUS). (a) An example map of the United States Drought
Monitor (USDM) on February 22, 2018ource: http://droughtmonitor.unl.edu/). (b) Entire-sugiersheds
delineated by the Soil and Water Assessment Tool (SWAT) model (3,972 watersheds). (c) Entire grids for
the Variable Infiltration Capacity (VIC) model (3,275 grids). (d) Locations ofraoikture observations

from the United States Climate Reference Network (USCRN).

Droughts and heat waves have inflicted damages costing $210.1 billion froR2A98m
the U.S. (Smith and Katz, 2013). Additionally, the 220A 3 drought caused $40 billitwsses in
agricultural areas, and twabirds of the CONUS was affected (DHS, 2015). Furthermore, the
20122015 California drought was the most severe drought with a cumulative deficit of
precipitation with a 1,00§ear return period (Rippey, 2015; Robes@015). Figure 2 shows
drought maps and precipitation and temperature anomalies for the corresponding times for the
retrospective period (2012 to 2017). From 2012 to 2015, there was significantly low precipitation
or high temperature, which were the prisndrivers of droughts. For example, Figure 2(a) shows
the drought conditions of the USDM, the MSDI from SWAT and VIC, and precipitation and
temperature anomalies on May 08, 2012. During this time, low precipitation in the West (Nevada,
Utah, Arizona, andColorado) and Southeast (Alabama, Georgia, and Florida), and high

temperatures were recorded in Southwestern areas (California). Accordingly, moderate to severe
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drought conditions appeared in the regions low precipitation or high temperature. In atiditon,
precipitation and higher temperatures occurred in the northern High Plains (Montana, North

Dakota, Minnesota, South Dakota, and Nebraska) on July/18/2017, after which severe to

exceptional drought conditions occurred (Figure 2(f)).
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Figure 2. Spa#il maps of drought conditions derived from the USDM, MSDI from SWAT and VIC, and
precipitation and temperature anomalies for the retrospective period. For the USDM and MSDI maps,
yellow to brown areas represent each category of drought conditions. Foratie of precipitation
anomalies, orange or red areas indicate less precipitation than mean values, whereas yellowish green or
green areas represent more precipitation than mean values. For the maps of temperature anomalies,
yellowish green or green areaslicate lower temperatures than mean values, whereas orange or red areas
represent higher temperatures than mean values. (a) Spatial maps of the USDM and MSDI, precipitation
anomalies, and temperature anomalies for May/08/2012. (b) Spatial maps of the &8DMSDI,
precipitation anomalies, and temperature anomalies for Jan/22/2013. (c) Spatial maps of the USDM,
precipitation anomalies, and temperature anomalies for2842014. (d) Spatial maps of the USDM and

MSDI, precipitation anomalies, and temperaamemalies for Ap28-2015. (e) Spatial maps of the USDM

and MSDI, precipitation anomalies, and temperature anomalies fe2®R016. (f) Spatial maps of the

USDM and MSDI, precipitation anomalies, and temperature anomalies fe2N2016 (Jw18-2017).
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2.3.2.Hydrologic Models and Data

In this study, two hydrologic models were used to estimate several hydrologic variables

and drought indices for both retrospective and-nnesth lead forecasting of drought conditions.

The VIC model (Liang et al.,994) is a macracale hydrologic model, which has been extensively

used to evaluate drought conditions over many river basins in the CONUS and elsewhere to assess
retrospective droughts (Wang et al., 2009; Shukla et al., 2015), to evaluate droughtfunder a
climate (Mishra et al., 2010; Mao et al., 2015) and to forecast overtshoriperiods (Wood et

al., 2012; Luo and Wood, 2007; Sheffield et al., 2014).

The hydrologic estimation of the VIC model depends on the interaction between soil and
vegetatbn layers in each grid cell and forcing variables such as precipitation and temperature. In
this study, the VIC model was applied at-dégree resolution with atmospheric forcing from the
Climate Prediction Center 6s mpeaue)datag(Cherbeadl., dai |
2008; Xie et al., 2010). CPC precipitation and temperature data were available from 1979 to
present (July 2017; 39 years), which was sufficient for simulatingtiermg hydrologic variables
and computing drought indices (Guttmal999). Additionally, other model parameters were
derived from Nijssen et al. (2001a and 2001b). For the CONUS, the VIC model was represented
with 3,275 grids (Figure 1(c)).

The SWAT model (Arnold et al., 1998; Neitsch et al., 2011; Arnold et al., 20 B2)iver
basinscale, semdistributed, and continuotsne model that simulates hydrologic processes in
large river basins with mixed land uses and soil types. SWAT is widely used to evaluate drought
conditions in many river basins in the U.S. to asthe impacts of climate change on droughts
(Wang et al., 2011; Ashraf Vaghefi et al., 2014; Ahn et al., 2016; Kang and Sridhar, 2017), and
drought forecasting (Sehgal and Sridhar, 2018). Additionally, SWAT showed higher potential and
suitability for droudpt forecasting at the continental scale (Trambauer et al., 2013). The SWAT
model is primarily based on hydrologic response units, which are a specific combination of land
use, soil, and slope. Additionally, the model classifies three storage volumesraiogid
response units ( HRUs), which are the unsaturated soil profile laxzm(Q the shallow aquifer
(2-20 m), and the deep aquifer (>20 m). The SWAT model simulates infiltration, surface runoff,
lateral flow, shallow and deep aquifers baseflow, anapetranspiration. The SWAT model

requires a digital elevation model (DEM), soil, and meteorological input such as precipitation and
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temperature. In this study, a 30 aecond DEM from the U.S. Geological Survey (Jones et al.,
1997) was used, a soil majithva 1: 250,000 scale was obtained from State Soil Geographic data
(STATSGO) (USDA, 1991), and a land use map was obtained from National Land Cover Data
(NLCD) (Homer et al., 2004). In this study, 3,973 sudtersheds were delineated using the
SWAT modelto consider all of the climate grids in the CONUS.

The retrospective simulation periods for both the VIC and SWAT models were 1979 to
July 2017 with input data for 30 years (Guttman, 1999). Additionally, the period from January
2012 to July 2017 was seledtfor the evaluation of drought areas because continuous and diverse
severities of drought conditions occurred over the CONUS during this period (Griffin and
Anchukaitis, 2014; Livneh and Hoerling, 2016).

For the historic simulation, 0.5 degree resolutidata of daily precipitation and
temperature were obtained from the CPC Global Unified precipitation and temperature database
(https://www.esrl.noaa.gov/; Chen et al., 2008; Xie et al., 2010). The CPC provides 0.5 degree
resolution precipitation rate (tnkg/m2/s) and temperature (unit: K) data at the global scale in a
NetCDF format. These variables were transformed into daily precipitation (unit: mm) and
temperature (unit: °C) data that were then used as inputs for both the SWAT and VIC models. For
theforecasting simulation analysis, forecast variables up to nine months into the future were also
transformed and used for future simulation including CFSv2 precipitation rate (unit: kg/m2/s) and

temperature (unit: K) datdifps://nomads.ncdc.noaa.gov/modeldata/cfsv2_forecast ts Pmon/

2.3.3. CFSv2

The Coupled Forecast System Model version 2 (CFSv2; &adilg 2014) uses retime
data to compute atmospheric variables with a lead time up to nine months, includitighéour
initializations a day. Additionally, CFSv2 consists of a spectral atmospheric model (Global
Forecast System; GFS) at a T126 (appr@ately 0.937°) resolution with 64 hybrid vertical levels
and the advanced version of the ocean model (Griffies et al., 2004). Precipitation and temperature
data were obtained from the CFSv2 data for the period between August 2017 and April 2018. Since
the spatial resolution of CFSv2 is T126 (approximately 0.937°), it should be downscaled to 0.5
degree for the SWAT and VIC models. Thus, kriging, a spatial interpolation method, was applied

to the downscaling process for each day of forecasting (August 2@pfit®018). Also, mean
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values of precipitation and temperature data from the four initialization (00, 06, 12, and 18 hours)
at August01-2017 were used. To remove the bias from the forecast data, a bias correction was
performed by adding or subtractirigetdifference in weekly accumulated CFSv2 precipitation for
each climate grid with reference to the CPC dataset (1979 to 2017). Figure 3(a) shows the time
series of weekly raw and biasrrected precipitation for the entire CONUS, and there is an overall
overestimation of precipitation from the CFSv2 raw data. Additionally, Figure 3(b) shows the
spatial map of precipitation differences between raw and-doascted data, and the
overestimated precipitation from CFSv2 raw data was evident for the entieerda@pecifically

the eastern and west coast regions. Figure 3(c) and Figure 3(d) show the time series and spatial
map of temperature differences between the raw andcbrascted data, and there is an
overestimation in the western areas of the CONUS8jedlsas an underestimation in the northern
High Plains.
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Figure 3. Comparisons of raw and b@srected precipitation and temperature from the CFSv2 dataset. (a)
Time series for weekly precipitation from raw (black line) and-basected (green) dafar the CONUS.

The X-axis represents the forecasting period, and #axi¥ shows weekly precipitation. (b) Spatial map

of differences between raw and biasrected precipitation during the forecasting period (August 2017 to
April 2018). Positive valuemdicate that higher precipitation was estimated by CFSv2 compared to the
mean values of historic observations (1979 to July 2017), and they are symbolized as light blue to blue.
Negative values indicate that less precipitation was estimated by CFSubegrate symbolized as red.

(c) Timeseries for weekly mean temperature from raw (black line) anecbiascted (green) data for the
CONUS. The Xaxis represents the forecasting period, and tai¥ shows weekly mean temperature. (d)
Spatial map of diffrences between raw and basrected temperature during the forecasting period
(August 2017 to April 2018). Positive values indicate that a higher temperature was estimated by CFSv2
compared to the mean values of historic observations (1979 to July, 20ii7)hey are symbolized as
orange to red. Negative values indicate that a lower temperature was estimated by CFSv2, and they are
symbolized as yellowish green to green.

2.3.3.USDM and drought categories

The USDM is the most representative drought indicator in the U.S. and this indicator
produces a weekly map of drought conditions in collaboration with the U.S. Department of
Agriculture (USDA), the National Drought Mitigation Center (NDMC), and the NatiGcaanic
and Atmospheric Administration (NOAA) (Svoboda et al. 2002). The USDM is a composite index
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that includes many indicators (e.g., Palmer Drought Severity Index, SPI, K&gtmim Drought

Index, modeled soil moisture;day average streamflow, prpitation anomalies, and satellite
vegetation health), climate indices, and local reports from more than 350 expert observers across
the entire U.S. Additionally, the USDM provides a weekly map of drought with five drought
categories, and is classified bagm a percentile approach (Table 1). Furthermore, the USDM can
identify both short and lonterm drought conditions, and it provides consistent drought conditions

in the U.S.

Table 1. Descriptions of drought categories associated with the USDM and drulighs derived
from the two models used in this study.

USDM Category Description Range of Drought Indices
DO Abnormally dry T0.50 to 10
D1 Moderate drought i0.80 to 11
D2 Severe drought i11.30 to 11
D3 Extreme drought i11.60 to 11
D4 Exceptional drought 12.0 or less

2.3.4.Drought indices

In this study, the VIC and SWAT models were used to compute the input variables of
several drought indices such as the Standardized Soil Moisture Index (SSI), the Standardized
Baseflow Index (SBl)and the Multivariate Standardized Drought Index (MSDI) to assess the
historic and forecasted drought conditions in the CONUS. For example,-esitheated baseflow
was used to compute SBI, and soil moisture was used to calculate the SSI and MSDI.

The conputation of multivariate drought indices included using joint probability and
distribution models (Hao and Aghakouchak, 2013; Aghakouchak, 2015; Kang and Sridhar, 2017),
and the MSDI was computed using the joint probability of {ergn precipitation andaod
moisture records (Hao and Aghakouchak, 2013; Aghakouchak, 2015). The joint distribution of

two variables is described as:

0 od o n (1)
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wherep is the joint probability of the precipitation and soil moistu#dditionally, the MSDIcan
be computed as follows (Hao and Aghakouchak, 2013):

-3%$)0 9 2)

wheren is the standard normal distribution function.

In this study, the Gringorten plotting position formulich is an alternative calculation
that can be usetb compute empirical joint probability, was used (Gringorten 1963; Yue et al.
1999; Benestad and Haugen 2007) and is defined as follows:

. 3)

whered is the number of occurrences of the paihg) ford @ andw @, andé is the
number of the observations. To compute SSI and SBI, the univariate form of the Gringorten

plotting formula (Equation 4) (Gringorten, 1963) was used and is defined as follows:

3N 8
L w 3 (4)

wheree¢ is thenumber of observations aiff@s the rank of the observed values from the smallest
to the largest. The weekly scales of SSI, SBI, and MSDIN@&k scale) were computed using the
input and output variables from the VIC and SWAT models, and were subdgqussd to

evaluate historic and forecasted drought conditions in the CONUS.

2 4. Results and Discussion

2.4.1.Validation of Retrospecta Drought Conditions with USDM
2.4.1.1.Comparisons to USDM Drought Maps of Drought Areas

The drought sevdy maps from the drought indices and the two models were compared
with the respective USDM drought severity maps to evaluate the accuracy of the drought indices.

Figure 4 provides comparisons of the drought indices from two models and the USDM severity
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areas for the retrospective period, which is from January 2012 to July 2017. Since the USDM
drought areas were estimated based on a weekly time step, the three drought indices (MSDI, SSI,
SBI) were calculated at the same temporal scale for the correspolatisgvith USDM. Overall,

the total drought area for the CONUS region decreased in the retrospective period, and the overall

trend of drought areas was captured by the drought indices from the two models.
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Figure 4. Weekly Comparisons of drought areab®ftJnited States Drought Monitor (USDM) and drought
indices computed from the Variable Infiltration Capacity (VIC) and Soil and Water Assessment Tool
(SWAT) models for the period between 2012 and 2017. (a) Weekly drought categories from the USDM.
(b) Wekkly drought categories from the results of the SWAT model and MSDI. (c) Weekly drought
categories from the results of the VIC model and MSDI. (d) Weekly drought categories from the results of
the SWAT model and SSI. (e) Weekly drought categories fromethdts of the VIC model and SSI. (f)
Weekly drought categories from the results of the SWAT model and SBI. (g) Weekly drought categories
from the results of the VIC model and SBI.

For the results of MSDI, mean values of total drought area (DO to D4 da&geere 4.22
million km? and 3.95 million krifor the SWAT and VIC models, respectively. Additionally, mean
values of the total drought area were 3.06 milliorf kmd 2.61 million krafor the SSI simulation
and 2.51 million krhand 2.65 million krdfor the SBI simulation. Overall, the MSDI simulations

estimated more drought areas than other drought indices, and the SWAT model simulated larger

23



drought areas except for the results of SBI. Figure 5 shows the mean values of MSDI, SSI, SPI,
and QQ, whichis the sum of surface runoff and baseflow for the entire CONUS during the
retrospective period, and Figure 5a,b show the results of the SWAT and VIC models, respectively.
QQ was calculated as the sum of the surface runoff and baseflow, and SPI was d¢arsipgte
precipitation and Equation (4). The same approach was employed with SSI and SBI. As shown in
Figure 5, the mean values of MSDI, SSI , SBI ,
the SWAT model and wer e 1 0. MIOmoddl. The @esultsofiSel. 0 8,
were similar because it used the same precipitation input (CPC precipitation data). However, the
mean values of MSDI and SSI from the SWAT model were lower than those from the VIC model,
which indicated higher drought sever# and larger drought areas from the SWAT model. These
results occurred because of the differences in the estimation of runoff between these two models.
For instance, the SWAT model used the Soil Conservation Service (SCS) curve number (CN)
(USDA Soil Corservation Service, 1972) and the VIC model used the variable infiltration curve
method(Wood et al., 1992)or example, SPI values continuously increased during January 2016,
and there was a sudden increase in QQ values from the SWAT model (red cindeduaee to

the impact of the peak QQ, the SSl values (orange line) did not follow the SPI values since a higher
QQ resulted in lower soil moisture. However, the QQ values from the VIC model at the same time
were relatively low, and SSI values followed 8fl. Thus, these results imply that different runoff
estimation methods led to differences in simulated soil moisture, and they ultimately impact the
results of drought indices and drought assessments. Specifically, the higher sensitivity of the SCS

CN mehod in the SWAT model appeared to cause these discrepancies (Boughton, 1989).
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Figure 5. Timeseries of mean values of MSDI, SSI, SBI, SPI, and QQ for the CONUS during the
retrospective period. Each line indicates the drought index (Green: MSDI, O&®igé/iolet:

SBI, Blue: SSI), and they are represented by the primaayi¥ (Left). Black bars show the QQ
values, and they are represented by the secondarys{Right). (a) Results of the SWAT model.

(b) Results of the VIC model.

Figure 6 shows thealues of the drought agreement (DA) area for each drought index. DA
was calculated as a rate of intersected areas where drought severities were correctly captured per
total area of the USDM. Additionally, Table 2 provides the mean values of DA for agldr
indices during the retrospective period. Overall, the performances of the VIC model were slightly
higher than those of the SWAT model from all the three drought indices, and it was also affected
by the different methods water budget estimation agtatiwith the SWAT and VIC models.
Additionally, the retrospective period (2012 to 2017) was the time that the second lowest
precipitation (sixyear mean) was recorded in the last 30 years in the CONUS (Table 3). The
SWAT model responded more sensitivélsit the VIC model, which was represented by the lower

mean values of the drought indices (e.g., MSDI and SSI) (Figure 5).
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Figure 6. Weekly timeseries of Drought Agreement (DA) values for each drought category from the two
models. The DA was calculates the ratio of the intersected area to the total area of the USDM (Intersected
area/USDM area). (a) DA values of MSDI from the SWAT model. (b) DA values of MSDI from the VIC
model. (c) DA values of SSI from the SWAT model. (d) DA values of SSI from thenwi@el. (e) DA
values of SBI from the SWAT model. (f) DA values of SBI from the VIC model.

Table 2. Mean drought agreement (DA) values for three drought indices from the SWAT and VIC
models during the retrospective period (January 2012 to July 2017)%nit

Model Drought Indices DO D1 D2 D3 D4
MSDI 63 45 35 21 9
SWAT-DA SSI 65 48 37 23 9
SBI 55 38 28 16 7

MSDI 66 49 41 26 12

VIC-DA SSI 67 54 47 30 15
SBI 65 51 44 28 14
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Table3.Annual precipitation and six yearsoO mean prec
(unit: mm).

Six Years Six Years .
Annual Annual Annual Six Years Mea
Years Precipitation Mean Years Precipitation Mean Years Precipitation (1994 1999)
P (1982 1983) P (1988 1993) P

1982 848 1988 653 1994 771

1983 869 1989 730 1995 826

1984 784 1990 812 1996 858

795 770 800

1985 750 1991 816 1997 798

1986 793 1992 792 1998 847

1987 729 1993 819 1999 699

Six years Six years .
Annual Annual Annual Six years mean
Years S mean Years S mean Years S :
Precipitation (2000 2005) Precipitation (2006 2011) Precipitation (1982 1983)

2000 686 2006 727 2012 671

2001 699 2007 734 2013 746

2002 699 2008 789 2014 750

726 765 754

2003 735 2009 808 2015 825

2004 810 2010 789 2016 771

2005 730 2011 741 2017 759

The DA values of MSDI, SSI, and SBI from the VIC model (66%, 67%, and 65%) and
MSDI and SSI from the SWAT model (63% and 65%) were similar, but the accuracy of SBI from
the SWAT model was different (55%). In the case of the VIC model, the trends of deveght
(Figure 4) and the time series (Figure 5) of SSI and SBI were analogous, which indicated that soil
moisture and baseflow responded comparably under the samedtyaitnlogic conditions (e.qg.,
precipitation and temperature). However, the performsint SSI and SBI from the SWAT model
were not comparable due to the fluctuation in runoff estimations. In the case of extreme or
exceptional drought conditions (D3 or D4), drought areas were partially captured by drought
indices, which indicated that drght indices overstated the drought severity. This was mainly
because the period of climatology for the drought indices (39 years) was shorter than that of the
USDM, which contained a much longer record of grebaded observation&voboda et al.,
2002; Ha and AghaKouchak, 2014Additionally, the drought indices were based solely on
precipitation, soil moisture, and baseflow conditions, whereas the USDM combined various input

variables, even including subjective inputs from local climatolog&tsbodeet al., 2002)

27



The dataset for the VIC mod@ijssen et al., 2001hyas calibrated by the previous study
(Nijssen et al., 2001a)Additionally, the SWAT model was not calibrated, but there were no
significant differences between the calibrated VIC andalim@ated SWAT model for the drought
estimation during the retrospective period. The main intent was to evaluate how each of these two
models was able to perform in capturing the drought and, interestingly, it was found that the results

of uncalibrated moel are valid for the CONUS region.

2.4.1.2 Discussions of Drought Categories and USCRN Observation Sites

Figure 7 shows comparisons of soil moisture percentiles from the U.S. Climate Reference
Network (USCRN), weekly precipitation and temperatiaed USDM drought categories at
several sites in the California (CA1), Arizona (AZ1), Kansas (KS1), Alabama (AL1), and Virginia
(VAL). Extreme to exceptional drought events (D3 to D4 category) from the results of soil moisture
percentile are highlighted Bylue boxes, and weekly precipitation and temperature and USDM
categories at the corresponding times are highlighted by red boxes. Additionally, Table 4 shows
some properties of the USCRN sites. These five sites were selected because various drought
severites occurred during the retrospective period, and-tenm soil moisture observations were
available for these locations. As shown in Figure 7, extreme to exceptional drought events
normally occurred under conditions of lower precipitation and higherdehpe. However, even
though the weekly soil moisture percentile was less than 2% (standard of D4; Table 1), it was not
commonly judged as D4 by the USDM for these five sites. However, in the case of other drought
categories and total drought events, min@ught events occurred at the three sites (AZ1, KS1,
and AL1 sites) (Figure 8). Thus, it can be inferred that the USDM maps were usually conservative
in designating the exceptional drought conditions (D4), which was the reason that DA values for

extremedrought conditions were lower than the abnormal or moderate drought.
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Table 4. Some properties of United States Climate Reference Network (USCRN) sites.

Site Name USCRN Code Longitude | Latitude Observation Period
CAl CA_Fallbrook 5 NE 1123.07 38.32 | September 20K Current
AZ1 AZ_Yuma_27_ENE 1112.34 | 35.76 | August 2008 Current
KS1 KS_Manhattan_6_SSW | 196.61 39.1 August 2008 Current
ALl AL_Selma_13_WNW 185.96 | 34.29 June 2008 Current
VAl VA_Cape_Charles_ 5 ENE 175.93 37.29 June 201& Current
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Figure 7. Time series and color maps of soil moisture percentile (first figure), time series of weekly
precipitation and temperature (second map), and color map of the USDM (third figure) at the USCRN
observation sites for the retrospective period. For the fiegt, e black line indicates the tirgeries of

soil moisture percentile, and yellow to brown bars represent drought categories. For the second figure, the
black line represents the tirseries of weekly mean temperature (°C), and the blue bars indieate dkly
precipitation (mm). For the third figure, the yellow to brown bars represent the drought categories. All
boxes represent a period of drought events that includes the D3 or D4 drought category based on soil
moisture percentiles (red or brown). R9sults from the CA1 site. (b) Results from the AZ1 site. (c) Results
from the KS1 site. (d) Results from the AL1 site. (e) Results from the VA1 site.
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2.4.1.3.Comparisons with USDM Drought Maps (Drought OccurreBased)

In this study,modelestimated drought occurrences were evaluated by comparisons with
weekly USDM maps for the retrospective period (January 2012 to July 2017), and two

performance matrices were used. The matrices are:

(@) Index of agreement (IA, Unit: %): Percent obdght occurrences that correctly captured
a drought severity of USDM for the total weeks in the watershed.
(b) Index of disagreement (ID, Unit: %): Percent of drought occurrences that failed to capture

a drought severity of USDM for the total weeks inwetershed.

Figure 9 shows a classification of Hydrologic Unit Code 6 (HUCG6) watersheds for which
IA and ID were estimated. All of the HUC6 watersheds in the CONUS were divided into twelve
groups, and each group was assigned a number from one to twelhesubsvatershed from the
VIC and SWAT models was aggregated to HUCG6 resolution, and-thaes0f Figure 9 represents
the code numbers of HUCG6. As shown in Figure 9, high numbers represent southwestern regions,
whereas low numbers indicate northeastegiores in the CONUS. Additionally, Figures 10 and

11 show the IA and ID assessments of MSDI from the two models for five drought severities

including abnor mal (DO and drought indices <
severe (D2anddroughtndi ces < 11.3), extreme (D4 and dro
drought conditions (D4 and drought i ndices <

provides a relative accuracy of the drought indices in capturing the USDM of a giveityseve
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The results of IA and ID from MSDI and SSI estimation from two models indicate that the
mean values of IA were found to be approximately 70% for DO category (Table 5) for both the
SWAT and VIC modelsand the results of the two models were similar. Overall, the 1A values in
the central to southwestern regions were normally higher than in the northeastern areas. Figure
12a,b show the total drought occurrences suggested by the USDM and annual poecthitatg
the retrospective period (January 2012 to July 2017, 291 weeks). The amount of precipitation was

understandably low in areas where a higher number of droughts occurred, and certain areas were
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affected by droughts for the entire period (e.g.,fGalia). Additionally, it was found that the 1D

values were higher in areas with high precipitation, and there was a linear relationship between
annual precipitation and I D values. The correl
test was @4 (pvalue < 0.05), and the R2 value was 0.29%¢e < 0.05) with a 95% of

confidence interval (Figure 12c).

1|2 s 11 |12

Figure 9. Classification of Hydrologic Unit Code 6 (HUC6) watersheds. FhgiXrepresents the code

numbers of HUCBG. All of the HUC6 waterstis in the CONUS were classified into twelve groups, and

each group was assigned a number from one to twelve. For example, HUC6 watersheds starting with the
numbers fA120 and Al130 were assigned to group numl
arrow.
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Figure D. Results of drought occurrence evaluations for all HUC 6 watersheds for the CONUS (B17 sub
watersheds): Index of Agreement (I1A) and Index of Disagreement (ID) between the USDM and MSDI from
the SWAT model for five drought categoriesridg the retrospective period (January 2012 through July
2017). The Yaxis on the left (primary axis) represents the values of agreement, whereaaxikeol the

right (secondary axis) indicates the values of disagreement. JBxes)>$hows the HUC6 numise which

were classified into twelve groups (Figure 8). (a) Results of DO. (b) Results of D1. (c¢) Results of D02 (d)
Results of D3. (e) Results of D4.
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Figure 1. Results of drought occurrence evaluations for all HUC 6 watersheds for the CONUS (317 sub
watersheds): Index of Agreement (I1A) and Index of Disagreement (ID) between the USDM and MSDI from
the VIC model for five drought categories during the retrospegtiviod (January 2012 through July 2017).
The Y-axis on the left (primary axis) represents the values of agreement, whereaaxiseo¥ the right
(secondary axis) indicates the values of disagreement. JhésXshows the HUC6 numbers, which were
classfied into twelve groups (Figure 8). (a) Results of DO. (b) Results of D1. (c) Results of D02 (d) Results
of D3. (e) Results of D4.
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Figure B. Spatial maps of drought occurrences (unit: weeks) and annual precipitation (unitsingrthe

retrospectiveperiod (291 weeks), as well as a scatter plot that shows a relationship between annual
precipitation and the Index of Disagreement (ID). (a) Spatial map of drought occurrences. Red areas
indicate locations where more droughts occurred, whereas greenrepeesent regions with fewer
droughts. (b) Spatial map of annual precipitation. Red areas indicate locations with lower precipitation,
whereas blue areas represent regions with higher precipitation. (c) Scatter plotaXiserépresents the

ID (%) and he X-axis shows the annual precipitation (mm).
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Table 5. Mean values of index of agreement (I1A) values for drought indices from the SWAT and VIC
models (unit: %).

Model Drought Indices DO D1 D2 D3 D4
MSDI 70 53 43 28 12

SWAT SSli 71 56 46 29 12
SBI 64 48 37 21 7

MSDI 72 56 48 32 13

VIC SSi 74 60 52 35 17
SBI 71 56 47 28 12

In addition, the results indicated that the performances of MSDI were the worst in Region
4 (Ohio River Valley), Region 1 (New England), Region 3 (Great Lakes), and Region 2
(Southeastern U.S.) where drought occurrences were low and annual precipitatlighwad his
was because the drought indices used in this study were based on the empirical probabilistic
method, and they were calculated from a relative comparison of a specific week in edElagear
and AghaKouchak, 2014Thus, even if the actual pipitation was higher than in other regions
(e.g., Region 4), it would be declared as a droingrdrea when the precipitation at a certain time

was lower than the mean precipitation.

2.4.2.Evaluation of Drought Forecasting with Weekly Maps of USDM

In this study, seasonal drought forecasts leading up to nine months into the future using
two hydrologic models and the CFSv2 meteorological dataset were developed and analyzed, and
forecasted drought areas from drought indices were evaluated with USDMThagerecasting
period was August 2017 to April 2018, but the drought area evaluation with USDM maps was
performed during August 2017 to January 2018, which was expected to serve as a hindcast
validation. After July 2017, an increase in drought areas e@sted by the USDM (Figure 13a)
over a period of six months, and results of all drought indices showed an increase in total drought
areas. Compared to the last week of July 2017, there was a 2% increase in the first week of October,
a 48% increase in thbird week of December, and a 59% increase in the second week of January
2018 from the USDM results.

Table 6 shows the mean DA values for all drought indices and categories from the two
models, and Figure 14 shows the time series of DA values for two snadéldrought indices.

Overall, the results of MSDI were the highest among the drought indices, and the abnormal drought
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category (D0) was the highest. The DA values of MSDI from the SWAT model were 64, 60, 47,
34, and 25% for all drought categories, a@d@l, 48, 35, and 25% for the VIC model. Thus, the
results of the MSDI implied that the MSDI was better than the other drought indices for forecasting
purposes, and the performances of the two models were similar since the mean value of differences
for all drought categories was less than 2%. Additionally, DA values for SSI were 42, 35, 16, 2,
and 1% for the SWAT model and were 35, 27, 9, 2, and 0% for the VIC model. Finally, DA values
for SBI were 25, 13, 6, 2, and 0% for the SWAT model and were 29, 22a8d 0% for the VIC

model. Thus, results of drought forecasting imply that the predictability of drought forecasting
using only one variable (i.e., soil moisture and baseflow) was more uncertain than multiple
variables.

The mean DA values of MSDI werhe highest in the two models, and DA values
decreased as the drought severity increased. These results imply that a drought index considered
by one hydremeteorological variable is more uncertain in forecasting drought conditions.
Additionally, the disagrement rates of simulated drought conditions increase with increasing lead
time of the forecast (Figure 14), which would be closely associated with increasing meteorological
uncertainty from CFSv2 with increasing lead tirikao and AghaKouchak (201dgscibed the
properties of the MSDI, and the MSDI was able to capture the drought onset comparable to the
precipitation pattern and was able to capture drought persistence similar to the soil moisture, which
implied the improved performance of drought moniigricompared to the SPI or SSI.
Additionally, the MSDI showed advanced achievements in certain areas where the SPI or SSI did
not properly represent the drought conditions. Thus, it can be said that these properties of the MSDI

also lead to better performaes of drought forecasting with mitigating uncertainties.

39



Drought Area (|
o

2(?]7—08701 2017-10-01 2017-12-01 2018-02-01  2018-04-01 DO Dl O D2 N D3 T D4

(a) 6
& }26 T8
£ O =
- =
<=1 <
g =2 pE
- < .
2 ° E 2 . _
g 0 2 0 #
2 2017-08-01 2017-10-01 2017-12-01 2018-02-01 2018-04-01 A
2017-08-01 2017-10-01 2017-12-01 2018-02-01 2018-04-01

(b) (c)
o =6 ~ =0
£ 5 T
£ = 8
554 3 34
=z Z
z 2 = 2
2 = .
5 3 - |
5 0 g o —ee s ]

2017-08-01 2017-10-01 2017-12-01 20180201 2018-04-01 50770801 2017-10-01 2017-12-01 2018-02-01 2018-04-01
(d) (e)
o 26 o g
t 5 E 2
g3* 5 5
£ <
= 2 =
2 5 ° :
£ v = E  ———————
A 0 A 0 F

2017-08-01 2017-10-01 2017-12-01 2018-02-01 2018-04-01 2017-08-01 2017-10-01 2017-12-01 2018-02-01 2018-04-01

(g)
Figure B. Weekly Comparisons of drought areas of the USDM and drought indices computed from the
VIC and SWAT models for the period between 2012 and 2017. (a) Weekly drought categories from the
USDM. (b) Weekly drought categories from the results of MSDI from the SWAT model. (c) Weekly
drought categories from the results of MSDI from the VIC model. (d) Weekly drought categories from the
results of SSI from the SWAT model. (e) Weekly droughtgates from the results of SSI from the VIC
model. (f) Weekly drought categories from the results of SBI from the SWAT model. (g) Weekly drought
categories from the results of SBI from the VIC model.

Table 6. Mean DA values for drought indices and categdrom the two models for the forecasting
period between August 2017 and January 2018 (unit: %). Higher values indicate that the drought
indices captured drought conditions better compared to USDM categories.

Model Drought Indices DO D1 D2 D3 D4
MSDI 64 60 47 34 25
SWAT SSi 42 35 16 2 1
SBI 25 13 6 2 0
MSDI 62 61 48 35 25
VIC SSi 35 27 9 2 0
SBI 29 22 9 2 0
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Figures 15 shows spatial maps and bar charts that indicate increases in precipitation and
temperature uncertainty with increasing ld¢iade. Figure 15a shows the spatial maps for grids
where the absolute values of differences between monthly CPC observations and CFSv2 exceed
20 mm for the forecasting period (August 2017 to January 2018). If a value obtained by subtracting
the CPC observaton from CFSv2 is | ess than 120 mm, [
underestimation of precipitation by CFSv2. However, if a value is more than 20 mm, it is displayed
in green, and indicates an overestimation by CFSv2. Additionally, Figurehthis she total
number of grids that exceed 120 or 20 mm for
show the results of monthly temperature with the same approach, but the exceedance level is 1 °C.
As shown in Figures 16b and 15d, the total bamof grids increased with lead time for both
precipitation and temperature, which indicated increasing meteorological uncertainty from CFSv2.
In addition, another possible uncertainty was the resolution of the CFSv2 dataset (0.937°) and the
kriging inteipolation because it downscaled 926 grids (0.937°) to 3275 grids (0.5°).
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Figure 4. Weekly time series of Drought agreement (DA) values of drought indices from the two models
for the forecasting period (August 2017 to April 2018). The DA was calculatedatio of the intersected

area to the total area of USDM (Intersected area between USDM and drought indices/USDM). (a) Weekly
time-series of DA from the results of MSDI from the SWAT model. (b) Weekly-Serges of DA from

the results of MSDI from th¥IC model. (c) Weekly timeseries of DA from the results of SSI from the
SWAT model. (d) Weekly timseries of DA from the results of SSI from the VIC model. (e) Weekly-time

series of DA from the results of SBI from the SWAT model. (f) Weekly isewes 6 DA from the results
of SBI from the VIC model.
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Figure 15. Spatial maps and bar charts for a number of grids where the absolute value of differences between monthly
precipitation from CPC observations and CFSv2 exceed 20 mm, and monthly mean tmepxeded 1 °C. (a)

Spatial maps for a number of grids where the absolute values of differences between monthly precipitation from CPC
observation and CFSv2 exceed 20 mm. If a value obtained by subtracting the CPC observation from CFSv2 is less
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bet ween 120 an dliz&d&s yeillow. (b) Total husnbes of gritks where the absolute values of monthly
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forecasting period
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Figure 16 shows drought severity maps for the CONUS that indicate forecasted drought
conditionsfrom the drought indices from August 2017 to January 2018. During the first two
months (August and September 2017) with the MSDI estimation, the mean values of DA for all
drought categories were 68% and 63% for the SWAT and VIC models, respectivelyit Taos,
be said that drought areas and all severities were relatively comparable with the USDM for the
first two months. However, during the next two months (October and November 2017), the mean
DA values were 42% and 43% for the SWAT and VIC models. Aatthtly, the mean DA values
were 26% and 33% for the last two months (December 2017 to January 2018). More specifically,
from November 2017 through January 2018, there were overestimations of predicted droughts
(e.g., California, Oregon, and Washington)thg two models, and some of the actual drought
conditions from the USDM were not captured by the two models (e.g., Arizona). These results
also imply that simulating drought conditions with increasing -leaé of the forecast is
dependent on the accuraof/ temperature and precipitation forecasts derived from the climate
models.

Additionally, an analysis of drought occurrence probabilities for the forecasting period was
carried out. Figure 17 the comparisons of drought probability from the USDMMADI, and
SWAT-MSDI. Due to the meteorological uncertainties from the CFSv2 (Figure 15), some drought
areas were not captured by the MSDI estimations, and some drought areas were overestimated by
the MSDI.

Finally, we carried out an analysis of the box and wénigarts for each category of the
drought areas for the forecasting period (August 2017 to April 2018). As shown in Eggile
blues boxes indicate the results of the USDM drought categories, and other boxes indicate the
results of drought indices frothe SWAT and VIC models. The range of boxes from the MSDI
closely overlapped with USDM for the DO category, which showed the highest DA values during

the forecasting period.
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Figure 16. Spatial maps of drought conditions from the USDM and droudgbésnlom the SWAT and
VIC models for the forecasting period (August 2017 to April 2018). For the USDM, MSDI, SSI, and SBI
maps, yellow to brown areas represent the five categories of drought conditions. (a) USDM and MSDiIs for
1 August 2017. (b) USDM and 8DIs for 5 September 2017. (¢) USDM and MSDIs for 3 October 2017.
(d) USDM and MSDiIs for 14 November 2017. (e) USDM and MSDIs for 19 December 2017. (f) USDM
and MSDIs for 16 January 2018.
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Figure18. Box and whisker charts for each category of the drought areas. Each color of boxes represents
the results of USDM and drought indices for the forecasting period (August 2017 to April 2018). The blue
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2 5. Conclusion

A reliable drought monitoring and forecasting framework is essential for water resource
managementral drought mitigation strategies. This study investigated a retrospective drought
simulation and neareaktime drought forecasting method using simulated hydrometeorological
variables using the SWAT and VIC models with CFSv2 for the CONUS. The retragpecti
analysis was performed for January 2012 to July 2017, and drought forecasting was performed for
August 2017 through April 2018 with a weekly time step of drought indices. The accuracies of the
retrospective and forecasting methods is evaluated by cmoparof the weekly USDM maps
and simulated drought maps of drought indices for the CONUS region. The important findings of

this study are as follows:

() For the retrospective period, the mean DA values were 63% and 66% for the MSDI
simulation from the W/AT and VIC models and were 65% and 66% for SSI simulation (DO
category). In addition, the mean IA values were 70% and 72% for the MSDI simulation and were
71% and 72% for the SSI simulation (DO category). The results imply that drought simulations
with two models and multiple drought indices are useful in monitoring overall drought conditions
for the CONUS.

(2)  For the forecasting period, the mean DA values were 65% and 62% for the MSDI
simulation for the SWAT and VIC models, which indicates that a fotecsiag the MSDI
estimation in the SWAT and VIC models with CFSv2 is capable of reliablgimsaldrought
forecasting. However, the mean DA values were 42% and 35% for the SSI estimation and were
25% and 29% for the SBI simulation from the SWAT and VICGdaels. Thus, an evaluation of
drought forecasting using multiple hydrometeorological components (e.g., precipitation and soll
moisture) from multiple hydrologic models would provide an advanced understanding of the
characteristics of drought and would reduwacertainties that arise from using only one model and
variable.

3) Drought forecasting by the MSDI estimation for two months of lead time was relatively
reliable (68% and 63% for the SWAT and VIC models). However, drought forecasting with

increasing ladtimes would be associated with increasing meteorological uncertainty.
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Additionally, drought forecasting using only one variable (i.e., SSI and SBI) was not predictable
even in the first two months (23% and 10% for SSI; 7% and 7% for SBI).

(4) The USDM s commonly conservative in judging an exceptional drought condition (D4),
even though percentiles of soil moisture observation were less than 2% (D4 category). However,
in the case of other drought categories (DO to D3), some drought events predictedJiSpid
commonly exceeded the results of soil moisture percentiles. Thus, these results would imply an
underestimation of exceptional drought area monitoring from the USDM.

5) For the results of retrospective and forecasting periods, the sourgeseofainties can be
manifold; (a) USDM uses a more complicated method than the drought indices; (b) USDM may
use other meteorological inputs, not just precipitation and temperature from CPC or CFSv2; (c)
there are increasing meteorological uncertaintiesi\fCFSv2 with increasing lead time; and (d)

the spatial resolutions of CFSv2 and CPC are different.

(6) The proposed method provides weekly drought maps, which is better than the current
approach which only provides an overall, seasonal outlook on drtreglds (e.g., CPC drought
outlook). Additionally, weekly forecasting maps for the entire CONUS can contribute to water
resource management, crop planning, drought risk management, and adopting drought mitigation
strategies in advance.

Since the proposedoproach has some uncertainties associated with estimating drought
forecasting, combination with a remote sensing dataset (e.g., NDVI) and multiple climate indices
(e.g., North Atlantic Oscillation) would provide a better assessment of drought forecadtieg i
future (Marj and Meijerink, 2011)
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Chapter 3. Evaluation of climate change impacts on droughts conditions using

ensembles of climate change models

3.1. Abstract

Impacts of climate change on the severity and intensity of future droughts can be evaluated
basedon precipitation and temperature projections, multiple hydrological models, simulated
hydrometeorological variableand various drought indices. The objective of tthapteris to
assess climate change impacts on futinoeight conditions and water resources in the Chesapeake
Bay (CB)watershed and five river basins in Virginia. In this study, the Soil and Water Ass#ss
Tool (SWAT) and the Variable Infiltration Capacity model weised to simulate a Modified
Palmer Drought Severity Index (MPDSI), a Standardized Soil Moisture index (SSI), a Multivariate
Standardize®rought Index (MSDI), along with Coupled Model Intemparison Project Phase 5
(CMIP5) climate models foboth historical and future periods (f1: 262049, f2: 205€2079).

The results of the SSI suggested that thereamgsneral increase in agricultural droughts in the
entire CB watersheand Virginia river basindue toincreases in surface agtoundwater flow and
evapotranspiration. However, MPDSI and MSDI showed an overall decrease in prdjecigiut
occurrences due to the increases in precipitation in the future. The results of this study suggest tha
it is crucial to use multiple modeling approaches with specific drought indices that combine the

effects of both precipitatioand temperature changes.

3.2. Introduction

Droughts are known to be pervasive in nature, tair detrimental impacts orhé
environment, agriculturahe economy, and water resources requigeeater understanding of
their onset, duration, anseverity (Vasiliades and Loukas, 2009; Sheffield &vdod, 2012;
Sternberg, 2011). In the recent decadesyghts have been occungi more often in mangegions
around the world, and these are aggravatedlimate change (Dai, 2011). Specificaliyobal
temperature is expected to increase quite consistently because of the increase in greenhouse gas
(GHG) emissions (IPCC, 2007; Padhieet al., 2014; Qin et al., 2014), and a warming climate also
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results inincreased frequency chtastrophic droughts and floods worldwide (Mishra and Singh,
2011; Leonard et al., 2014). Thus, assessmehitofe droughts is essential for water resource
planning and management (Mishra and Singh, 2010). The severities and frequencies of drought
events in the United States (U.S.) have increased dramatically recently (Changnon et al., 2000;
Karl et al., 2012). Approximately 10% of the land area in the W&aS. experienced drought
conditions at least once during the 20th Century (NCDC, 2002) and 17% of wassberated
disasters that occurred in the U.S. between 1980 and 2003 (Ross and Lott, 2003) were related to
drought. The western parts of the U.S. heaeentlyexperienced extreme droughts, which began

in 2012 (Diffenbaugh et al., 2015; Mao et al., 2015). Low winter precipitation and decreased
mountain snowpack, which are the telltale signs of global warming (AghaKouchak et al., 2014;
Swain et al., 2014pnggravated the severity of this drought (Mao et al., 2015). In addition, various
global climatemodels (GCMSs) projected that drying tendencies in soil moisture, streamflow, and
precipitation would occur in many parts of loand midlatitude countries deito increases in

GHG and global warming (Wang, 2005; Burke et al., 2006; Sheffield and Wood, 2008; Dai, 2011,
2013; Kumar et al., 2014; Mishra et al., 2014; Chen et al., 2015; Rajsekhar et al., 2015;
Thilakarathne and Sridhar, 2017). Furthermore, theaesignificant trend that dry areas become
drier and wet areas become wetter with a poleward enlargement of the subtropical dry zones
(Tallaksen and Van Lanen, 2004).

Spatietemporal measurements of hydrologic variables are required to analyze and
characteize regional droughts (Mo, 2008; Sridhar et al., 2013). However, due to the lack-of high
resolution andong-term observations, largscale hydrologic models have been applied to an
estimation of the energy fluxes and land surface water as well as hlyidresriables such as
evapotranspiration (ET), runoff, and soil moisture that are used to evaluate climate change impacts
on future droughts (Mishra et al., 2010; Wang et al., 2011; Kang and Sridhar, 2017; Sehgal et al.,
2017; Seong et al., 2018).

For ingance, the Soil and Water Assessment Tool (SWAT) (Arnold et al., 1998) is a
powerful tool to estimate and evaluate the impact of climate change on the hydrological cycle and
drought conditions (Jha et al., 2004; Wu and Johnston, 2007; Xu et al., 200Rijoredlg, the
Variable Infiltration Capacity (VIC) (Liang et al., 1994) model is an alternative tool which has
been effectively applied to simulate the impacts of climate change, especially for assessing drought

conditions (Mishra et al., 2010). Therefphg/drological models can serve as the foundation for
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evaluating drought conditions regarding various drought indices, management, and mitigation
strategies (Narasimhan and Srinivasan, 2005; Hoekema and Sridhar, 2013).

Drought indices are effectively uséal assessing the onset and recovery (Tsakiris et al.,
2007; Sridhar et al., 2008), detecting drought, evaluating drought impacts (Niemeyer, 2008),
declaring drought levels such as intensity or severity, 4bort drought forecasting, and leng
term futuredrought projection. Droughts are commonly classified into several categories, which
include meteorological drought, hydrological drought, agricultural drought, and socioeconomic
drought (American Meteorological Society, 2004). Meteorological droughtsacaded with a
lack of precipitation for a specific time, hydrological drought is defined as a lack of surface and
subsurface water resources from a management system, agricultural drought is related with
declining soil moisture and following crop failyrend socieeconomic drought is an inadequate
supply of water systems and demand for an economic good such as crop yields. The response to
drought depends on identifying which type of drought has occurred in a given area, and drought
characterization is acial for drought management operations. Thus, it is important to use multiple
drought indices for identifying diverse aspects of drought conditions.

The Standardized Precipitation Index (SPI) (McKee et al., 1993) is one of the most
prevalent indices forwaluating meteorological drought (Mishra and Singh, 2009; Zargar et al.,
2011; Thilakarathne and Sridhar, 2017), and it is based ortéongprecipitation observations.
These observations are used to derive a specific probability distribution, whieh tsathsformed
into a standard normal distribution and an SPI mean value of zero (McKee et al., 1993; Edwards
and McKee, 1997). With the same framework of SPI computation, the Standardized Soil Moisture
Index (SSI) (Hao and AghaKouchak, 2013) is applieduantify agricultural drought using soil
moisture as an input. Oftentimes the mean value of the precipitation is set to zero, and values above
zero indicate wet conditions, while values below zero indicate dry conditions (Table 1). The
Palmer Drought Sevity Index (PDSI) (Palmer, 1965) is widely used but has several issues that
have been largely reported (Alley, 1984), and hence there is a constant review of other available
indices for their ability to portray droughts more efficiently (Kang and Sridttdr7; Sehgal et
al., 2017). PDSI assumes that all precipitation is rain; thus, PDSI values at high elevation areas
and during winter seasons are often problematic (Alley, 1984). Hence, the Surface Water Supply
Index (SWSI) (Shafer and Dezman, 1982; Hoekama Sridhar, 2011) is frequently used as a

supplement to PDSI in mountainous areas because SWSI considers snowpack and other unique
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conditions (Hayes et al., 2007) in addition to using Modified PDSI (MPDSI) for assessment of
drought. Therefore, multiple rdught indices should be applied for a more comprehensive
understanding of drought conditions. Despite all of these ongoing research efforts, the challenge
in evaluating drought still remains for establishing a single meteorological or hydrologic variable
because of the present difficulty in finding an appropriate indicator that covers both space and
time. This hinders the advancement of drought prediction capabilities, reliable drought
management plans and risk assessment (Hao and AghaKouchak, 201@s#s a Multivariate
Standardized Drought Index (MSDI), which is based on multiple hglimmatic variables, was
developed and applied to identify historical droughts in the U.S. (Hao and AghaKouchak, 2013,
2014). In this study, SSI, MSDI, and MPDSI wesed, and each of them represented agricultural,
multivariate, and meteorological aspects of drought conditions in the Chesapeake Bay (CB)
watershed. The diversity of drought indices for different drought types enables evaluation of more
aspects and apphtions of droughts.

A myriad of studies that used hydrological models and drought indices have offered
insights into future drought projections and the climate change impacts in the southwestern and
central U.S. (Hoerling and Eischeid, 2007; Loukas.eR808; Seager et al., 2007; Strzepek et al.,
2010; Gutzler and Robbins, 2011). However, only a few studies provide future drought projections
using physically based hydrological models and correlation analysis of multiple drought indices,
despite the ragring droughts that affected the southeastern andAtghtic areas in the U.S.
(Wilhite and Hayes, 1998; Changnon et al., 2000; VDEM, 2013). For example, some regions in
the midAtlantic region experienced severe or extreme droughts in 2002, 2007 EhdRA0these
drought events were not entirely examined due to the lack of data and the complexity of assessing
the return periods of these droughts (VDEM, 2013). Therefore, the objectives of this study were
to assess the occurrence of droughts in the @@nshed and five river basins in Virginia, and to
characterize spatittmporal changes during future droughts using physically based hydrological
models, multiple drought indices, and higésolution datasets. To achieve these objectives, the
VIC and SWATmodels were employed for the CB watershed to estimate multiple drought indices
for both historical and future periods using meteorological inputs (precipitation and temperature)
from a suite of GCMs derived from the Coupled Model Intercomparison Prdjase (CMIP5)
products. In addition, the SWAT model was applied for the five river basins in Virginia. The

simulated hydrological variables were physically interpreted and used in calculating the drought
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indices to draw conclusions on the relative changdsoth historical and future droughts. The
following sections illustrate the methods, results and discussions related to future drought
conditions, which can provide a better understanding of the spatial heterogeneity of droughts
across the CB watershadd five river basins in Virginia.

3.3. Methods

Figure 1 shows a flow diagram of the overa#ithodologies and approaches that were used
in this study. First, input data required for SWAT and Vi@delswere prepared. Second,
historical simulations weregperformed at daily time step$hird, simulated streamflows were
calibrated usinghe observed data from multiple gauging stati@ms| the historical simulations
were validated for th@accuracy of the model estimations. It was assuthatiother estimate
water budget variables, includirlgT and soil moisture, were appropriate for estimating
drought indices once the streamflosstimations were verified to be reasonably accurate.
Following this, three drought indices were calculdtedugh the histodal and future periods, and
using seasonal comparisons and time series, the spat@irrences of future droughts were

evaluated.

Tablel.Classification of Standardized Precipitation Index (SBtandardized Soil Moisture Index, and
Multivariate Standardize®rought Index Values (McKee et al., 1993).

SPI values Drought category
2.0 and above Extremely wet

1.5t01.99 Very wet

1.0to 1.49 Moderately wet
-0.99 to 0.99 Near normal
-1.0 to-1.49 Moderate drought
-1.50 to-1.99 Severe drought
-2.0 or more Extreme drought
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Figure 1. Flowdiagram of theoverall processes dfiydrologicalmodeling anddroughtprojection. SWAT,
Soil and Water Assessment Tool;, SWAEDP, SNVAT-Calibration and Uncertainty Programs; VIC,

Variable

Infiltration Capacity; SCE, Shuffled Complex Evolution;

CMIP5, Coupled Model

Intercomparison Project 5; NOAA, National Oceanic and Atmospheric Administration.
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3.3.1.Study Area

Our study area is the CB watershed, which contains parts of Delaware (DE), Maryland
(MD), New York (NY), Pennsylvania (PA), Virginia (VA), West Virginia (WV), and the entire
District of Columbia (DC). In addition, the CB watershed contains the SusquelRotomac,
Patuxent, Rappahannock, York, and James River basins. The total drainage area of the CB
watershed is 165,800 km2. Figure 2 shows the topography and location of the CB watershed and
the location of U.S. Geological Survey (USGS) stream gaugerstatturface elevations range
from 5 m at the eastern areas to 1,481 m in the western areas. The mean annual precipitation for
the CB watershed is 1,073 mm, and the mean annual temperature is 10.75°C. Over half of the five
basins consist of forest (54.5%hile the remainder is covered by pasture/hay (14.9%), developed

areas (10.8%), cultivated crops (9.5%), and woody wetlands (4.4%).

A A
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A  USGS Stations

Elevation (m)
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0 50 100 200
- 2 ——————+—

Figure 2. Location Map of the Chesapeake Bay (CB) Watershed. Red triangles indicate U.S. Geological
Survey (USGS) streagauge stations. DC, District of Columbia; DE, Delaware; MD, Maryland; NY, New
York; PA, Pennsylvania; VA, Virginia; WV, West Virginia.

In addition, Figure 3 shows the locations of James, Roanoke, New, Rappahannock, and
York river basins in Virginia. Thes basins were selected because they cover 62% of the
Commonwealth of Virginia and reflect hydrological and political boundaries that reflect the
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overall hydrological conditions in Virginia. Furthermore, these basins have experienced several
severe droughtsecently. The James, Rappahannock, and York river basins are thassng of

the Chesapeake Bay watershed, and the New River is part of the Ohio River basin. The total
drainage area of the five river basins is 74,298 km2 (James: 26,773 km2, Roanbke kp42,

New: 10,016 km2, Rappahannock: 6544 km2, and York: 6848 km2). Figure 3(a) shows the
location and topography of the five river basins, and the location of stream gauge stations. Land
surface elevations range from 5 m at the eastern coastlinewes$kern mountainous areas (1738

m). The mean annual precipitation for the James, Roanoke, New, Rappahannock, and York river
basins are 1118 mm to 1172 mm. Furthermore, the mean annual temperature for the five river
basins range from 13.15 °C to 13.90 h€addition, about sixty percent of the five basins consist

of forest (58.85%), whereas the other forty percent is covered by pasture/hay (16.59%), developed
areas (8.52%), cultivated crops (3.29%), and woody wetlands (3.85%). Figure 4(a) provides a time
series of the mean values of PDSI from the National Oceanic and Atmospheric Administration
(NOAA) (ftp://ftp.ncdc.noaa.gov/) and monthly precipitation data from 1970 to 2015 in the CB
watershed and Virginia; Figure 4(b) represents the time series of PID8k\far each climate
division. In the early and mid980s, late 1990s, and early and late 2000s, severe and extreme

droughts struck these regions.
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Figure 3. Location map of the five river basins and climate divisions in Virginia. (a) Red triangtegendi
USGS stream gauge stations, and blue lines represent the river networks. (b) Red lines indicate the climate
divisions in Virginia, and black lines represent the-aatersheds in the five river basins.
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Figure 4. Comparisons of Monthly Precipitation and Palmer Drought Severity Index (PDSl)siudie
areas The red and dashed line represents the moderate to extreme drought coditidegs), and the

red and dashed circles outline the drought evéajsComparisons of monthly precipitation and PDSI in

the CB watershed (climate division average). (b) Comparisons of PDSI (each climate division) for historic
periods and drought events in stady areas

3.3.2.Hydrologic Simulation Models

The SWAT @Arnold et al., 1998) is a hydrological model that is widely used to estimate
large river basins with mixed land uses. SWAT simulates hydrologic and water quality variables,
as well as climate change impacts (Wang et al., 2011; Ashraf Vaghefi et al.,A2014t al.,

2016). The foundation for SWAT is hydrological response units (HRUs) that are a particular
combination of soil, land cover, and slope. The SWAT model simulates the water budget based on
a simple water balance equation (Equation 1).

Yo Yo B D 0 0 0 (1)
where,"Yw is the initial soil water content on dagmm), Y w is the final soil water content (mm)
on dayi, tis the time (days)Y)  is the amount of precipitation on diagnm), 0 is the surface
runoff on dayi (mm), O is the evapotranspiration on dagmm), w is the water entering to
the vadose zone from the soil profile on day i (mm), @ndis the return flow on day(mm).
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"Y was used to calculatbe Standardized Soil Moisture Index (SSI), Multivariate Standardized
Drought Index (MSDI), and Modified Palmer Drought Severity Index (MPDSI). However, to
calculate the MPDSI, additional variables suclhas ,0 hand 'O were used.

In addtion, the model compartmentalizes three storage volumes in HRU, that is, the
unsaturated soil profile layer-@®m), the shallow aquifer {20 m), and the deep aquifer (>20 m).

Soil water and hydrological processes simulate shallow and deep aquifeowaskfteral flow,
surface runoff, infiltration, evaporation, and plant water uptake. For the simulation of ET and
potential ET (PET), the Penmdstonteith (Monteith, 1965) method was considered in this study.
Surface runoff was simulated based on the nediiSCS (Soil Conservation Service) curve
number (CN) method (USDA Soil Conservation Service, 1972) using daily precipitation data. The
SWAT model needs a digital elevation model (DEM), land use, soil, and daily values of
meteorological input. In this styda 100 m 9 100 m DEM was used from the National Elevation
Dataset (NED) (Gesch, 2007), a soil map was generated from State Soil Geographic data
(STATSGO) (USDA, 1991) at a scale of 1:250,000, and a land use map was obtained from the
National Land Cover Bxa (NLCD) (Homer et al., 2004).

The VIC model (Liang et al., 1994) is a macro scale hydrologic model, and it has been
widely used to simulate the drought conditions of many river basins in the U.S. (Wang et al., 2011,
Shukla et al., 2011; Mao et al., 2Q01%he variability in land cover in the VIC model is classified
based on the types of vegetation or bare soil, and the soil is divided into three layers. Additionally,
the hydrologic computation depends on the interaction between soil and vegetatimglia gril
cell and weather variables. In this study, the VIC model was implemented atdé(fte
resolution (0.125°) of atmospheric forcing (daily precipitation, maximum and minimum
temperatures, and wind speed). Model parameters such as soil andiaegetarmation were

obtained from the Land Data Assimilation Systems (LDA®®)p(//Idas.gsfc.nasa.qgv/

The SWAT model was calibrated using daily streamflow and the SWAT calibration and
uncertainty assessmetttol (SWAT-CUP) (Abbaspour, 2011). The VIC model was calibrated
using the Shuffled Complex Evolution method and daily streamflow (Duan et al., 1993; Thyer et
al., 1999; Vrugt et al., 2003). For the SWAT model, we identified 11 parameters for calibration
and validation (calibration: 1990994, validation: 1998999) (Table 2), while 8 parameters were
used for the VIC model (Table 3).
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Table 2.Description of the Soil and Water Assessment Tool Input Parameters Selected for the Streamflow

Calibration.

Parameter Description Min Max
r_CN2.mgt Curve number for moisture condition Il 0.2 0.2
v_ALPHA_BF.gw Base flow alpha factor 0 1
v_GW_DELAY.gw | Ground water delay time 0 450

Threshold water Depth in shallow aquifer for back
v_GWQMN.gw . 0 2000
discharge
v EPCO.hru Plant uptake compensation factor 0.01 1
v ESCO.hru Soil evaporation compensation factor 0.01 1
v_SLSUBBSN.hru | Average slop length 10 150
v OV N.hru Manning'sn value for overland flow 0 0.8
v CH N2.rte Manning'sn value for main channel 0 0.3
v CH K2.rte Main channel conductivity 0 150
v SURLAG.bsn Surface runoff lag coefficient 1 24

v_: denotes the default parameter is replaced by a given value, .améans the existing parameter value is multiplied
by (1+ a given value).

Table 3. Description of the Variable Infiltration Capacity InpRarameters Selected for the Streamflow

Calibration.

Parameter | Description Max Min

b Variable infiltration curve parameter 04 0.001

Dsmax Maximum baseflow velocity 30 0.1

Ds Fraction of Dsmaxvhere nonlinear base flow occurs | 1.0 0.01

Ws Fraction of maximum soil moisture above which 1.0 0
nonlinear base flow occurs

D1 Top soil layer depth 1.0 0.1

D2 Mid soil layer depth 0.4 0.1

D3 Deep soil layer depth 0.8 0.1

Infilt Variable infiltrationcurve parameter Max Min
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For the SWAT model calibration, there are some limitations of using the curve number for
an application of future drought projections. In this study, the SCS CN was one of the calibration
parameters, and the calibration processa® performed based on the current land use in the CB
watershed. Thus, the fitted CN values could not consider the land use shifts in future periods. In
addition, a major limitation of the CN2 is that it fails to consider the effects of specific rainfall
intensity and duration (Simanton et al., 1996; King et al., 1999) (e.g., runoff generated-by high
intensity and short duration precipitation). However, kiglnsity precipitation events and floods
would be expected to increase in the future due to tpadta of climate change.

Using the daily streamflow data from USGS stream gategeons (Table 4, Figure 2, and
Figure 3) for calibration and validation, the model evaluation was performed drasleel Nash
Sutcliffe coefficient (NSE) (Nash and Sutcliff@970) (Equation 2). To avoid the effects that
reservoirs and dams may have on streamflows, gauge stations located in the upstream areas were

selected.
3% —— )

where0 is the simulated river discharge at timé is the observed river discharge at time

and 0 is the mean value of the observed flow in the calibration processes. NSE values range from
1 (perfectmatch)teb, and t hey s h ootherobservedant the simblated paluest s
fits with the 1:1 line.
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Table4. Descri

ption of the USGS Stream Gauge Stations.

Parameter | Description Latitude longitude River name
US GS 0 2 0] RIVANNA RIVER AT PALMYRA 37°51'28" 78°15'58" James
USGSO0 2 0] MAURY RIVER NEAR BUENA VISTA 37°45'45" 79°23'30" James
US GSO0 2 0| CRAIG CREEK AT PARR 37°39'57" 79°54'42" James
USGSO0 20 CHICKAHOMINY RIVER NEAR PROVIDENCE 37°26'10" 77°03'40" James
FORGE
USGSO0 204 APPOMATTOX RIVER AT MATTOAX 37°2517" 77°51'33" James
USGSO0 16 (RAPPAHANNOCK RIVER AT REMINGTON 38°31'50" 77°48'50" Rappahannock
USGSO0 16 (ROBINSON RIVER NEAR LOCUST DALE 38°19'30" 78°05'45" Rappahannock
USGSO0 16 | MATTAPONI RIVER NEAR BEULAHVILLE 37°53'02" 77°09'55" York
USGS016 ]| LITTLE RIVER NEAR DOSWELL 37°52'21" 77°30'48" York
USGS016 ] TOTOPOTOMOY CREEK NEAR STUDLEY 37°39'45" 77°15'29" York
USGS01500000 OULEOUT CREEK AT EAST SIDNEY 42°20'00" 75°14'06" Susquehanna
USGS01534000 Tunkhannock Creek nedunkhannock 41°33'30" 75°53'42" Susquehanna
USGS01539004 Fishing Creek near Bloomsburg 41°04'41" 76°25'53" Susquehanna
USGS0154150Q Clearfield Creek at Dimeling 40°58'18" 78°24'22" Susquehanna
USGS01544004 First Fork Sinnemahoning Cr neginnemahoning 41°24'06" 78°01'28" Susquehanna
USGS01548500 Pine Creek at Cedar Run 41°31'18" 77°26'52" Susquehanna
USGS01576500 Conestoga River at Lancaster 40°03'00" 76°16'39" Susquehanna
USGS0160150¢G WILLS CREEK NEAR CUMBERLAND 39°40'11" 78°47'17" Potomac
USGS01607500 SO FK SO BR POTOMAC R AT BRANDYWINE 38°37' 53" -79°14' 37" Potomac
USGS01614500 CONOCOCHEAGUE CREEK AT FAIRVIEW 39°42'59" 77°49'29" Potomac
USGS0162750¢ SOUTH RIVER AT HARRISTON 38°13' 07" | -78°50' 12" Potomac
USGS0163900¢ MONOCACY RIVER AT BRIDGEPORT 39°40'45" 77°14'04" Potomac
USGS01582500 GUNPOWDER FALLS AT GLENCOE 39°32'59" 76°38'10" Patuxent
USGS0159400(¢ LITTLE PATUXENT RIVER AT SAVAGE 39°08'04" 76°48'58" Patuxent River
USGS0148500¢ POCOMOKE RIVER NEAR WILLARDS 38°23'20" 75°19'28" Eastern Shore
USGS0149100G CHOPTANK RIVER NEAR GREENSBORO 38°59'50" 75°47'09" Eastern Shore
USGS0317000(¢ LITTLE RIVER AT GRAYSONTOWN 37°02'15" 80°33'25" New
USGS0316700¢ REED CREEK AT GRAHAMS FORGE 36°56'20" 80°53'15" New
USGS0316500¢0 CHESTNUT CREEK AT GALAX 36°38'45" 80°55'10" New
USGS0316100¢0 SOUTH FORK NEW RIVER NEAR JEFFERSON 36°23'36" 81°24'25" New
USGS0205950¢ GOOSE CREEK NEAR HUDDLESTON 37°10'23" 79°31'14" Roanoke
USGS0206250( ponnOCE (STAUNTON) RIVER AT 37°02'22.0" | 78°56'44.6"|  Roanoke
USGS0205690(0 BLACKWATER RIVER NEAR ROCKY MOUNT 37°02'42" 79°50'40" Roanoke
USGS02077670 MAYO CR NR BETHEL HILL 36°32'27" 78°52'19" Roanoke
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3.33. Drought Indices

In this study, both SWAT and VIC were used to calculate the input variables of various
drought indices as the Modified Palmer Drought Severity Index (MPDSI) (Mo and Chelliah.,
2006), Standardized Soil Moisture Index (SSI), and Multivariate Standardizedji@rondex
(MSDI) to evaluate future droughts. For instance, S\W&sTimatedSW was used for calculating
MPDSI, SSI, and MSDISimulated ET, PET, surface runoff, and baseflow were also used to
calculate the MPDSI.

In some studies, multivariate drougidicators hae examined using joint distribution and
probability (Hao and Aghakouchak, 2013; Aghakouchak, 2015). In order to adopt this approach,
the MSDI was derived and applied using the joint probability of-k@mgn precipitation and soll
moisture obsrvations (Hao and Aghakouchak, 2013; Aghakouchak, 2015). The joint distribution

of two variables are described as:
0 d © n (3)

where,p is joint probability of the precipitation and soil moisture. The MSDI can be defined as
follows (Hao and Aghakouchak, 2013):

-3%$)r 0 (4)

wheren is the standard normal distribution function.

In this study, Grigorten plotting position formuém alternative method to derive empirical
joint probability was used to alleviate the computaiaconcern to fit the parametric distributions
(Gringorten 1963; Yue et al. 1999; Benestad and Haugen 2007), and it can be expressed as follows:

0 @ o N (5)

whered is the number of occurrences of the paifp) for & @ and @ &, andé is the
number of the observations. After the joint probability welsievedrom Equation 5, it was used
to Equation 4 to estimate the MSDI. To compuseahd 31, the univariate form of the Gringorten
plotting formula (Euation 6) (Gringorten, 1963) was used.
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. (6)

whereg is the number of observations, afid the rank of the observed values from the smallest.
Historic and future MPDSI values were calculated using the input and owdpuSWAT
and VIC, and they were as follows: precipitation, ET, PET, soil moisture, and runoff. MPDSI uses
water budget framework and tladterationbetween the climatologicaind actual calculation
known as #AClIimatically ap(pQAoFpEd)act ewhfiocrh eixsi sd x

follows:
Q 0 6 06 OQwhere (7)
#1 &%#H0% 02 r02/ 10, (8)

where PE is the potential evapotranspiration, PR is the potential recharge, PRO is the potential
runoff, and PL is the potential soil moisturedpghe coefficient iy ir PA T YAare the ratio of the

mean variables. More comprehensive explanations of MPDSI are available from Mo and Chelliah
(2006). In this study, the weekbgaleof SSI, MSDI (25week scale), and MPDSI wetalculated

by usingthe input and output variables from SWAT and VIC models, and they were used to

evaluate future drought conditions in the CB watershed.

3.34. Climate Projections

The effectiveness of a climate model to simulate present climate and hidtemaahcies
results provides higher confidence in the projected future climate scenarios (Reifen and Toumi,
2009; Wuebbles et al., 2014)he Climate Modeling Intercomparison Project Phase 5 (CMIP5)
provides multimodel simulations of historic and futureinchtes that correspond to diverse
greenhousgas (GHC) emissions scenarios (Taylor et al., 2012). Several studies have assessed the
CMIP5 outputs at both global and regional scales (Jin and Sridhar, 2012; Feng etlaHa20ét
al., 2013; Schubert andrh, 2013; Sheffield et al., 2013; Sillmann et al., 2013; Sridhar et al.,

2013), and reported that the muitodel ensemble mean of CMIP5 outputs show reasonable
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spatial trends of hydrolimatic variables. Especially, Nasrollahi et al. (2014) investiggiatics

temporal robustness of CMIP5 climate models across the globe, and their results suggest that most
CMIP5 models agreed with observed global trends in projecting the extent and severity of future
drought conditions.

3.35. Model Analysis Descriptiofor Historic and Future Drought Projection

The VIC and SWAT models were run at a daily time step for the historic {1999) and
future periods (f1: 202@049, f2:20562079) with Representati@oncentration Pathways (RCP)

4.5 and 8.5 scenarios. Theren 1,248 climate grid points in the CB watershed and 480 grid
points in the five river basins from the CMIP5 climate models &t dégjree resolution.

For the historic simulation, calibration and validation was performed udaily
streamflows fromthirty-four USGSstations to derive a proper parameter set. Also, other outputs
from these models such as ET, PET, soil moisture, and runoff were indirectly validated with
comparisons of PDSI from NOAA and with computed MPDSI from the output of VIC and SWAT
models. Based on the results of the calibration and validation, both historic and future simulations
were carried out to compute drought indices (SSI, MSDI, and MPDSI). Lastly, the historic and
future drought indices were compared based on weekly and aétism series plots, as well as
spatial analysis of drought occurrences.

Historic and future drought occurrences were determined as a noticeable drought event
when the SSI and MSDI values were less tigimoderate to extreme drought), the MPDSI values
were less thar2 (moderate to extreme drought). Afterwards, the differences between the historic
and future drought occurrences were computed at-hasib (SWAT) or 1/8 grid (VIC) level in
order to quantify the relative change in droughts. The hissomulation period was from 1970 to
1999, and future simulation periods were performed during two time windows;22d20(f1)
and, 20562079 (f2).

3.4. Results and Discussion

3.4.1.Past and Future Climate
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Table 5 shows the changagrecipitation and temperature for each CMIP5 model between
the historical and future periods, averaged over the entire CB watershed. Overall, the magnitudes
of change in precipitation and temperature during the f2 period were higher than during the f1
period for botrRCP 4.5 and RCP 8.5. For the CB watershed, the maximum precipitation increase
for RCP 4.5 was 14.1% in the S7 model during the 2 period, while there was a 3.7% decrease in
precipitation in the S9 model during the f1 period. Additionally, the maximum giteodon
increase for RCP 8.5 was 9.3% in the S4 model during the f2 period, whereas there was a decrease
in precipitation by 2.3% in the S9 model during the f1 period. In addition, the maximum
temperature increase for RCP 4.5 was 3.6°C in the S2 modabdte f2 period, while the
minimum temperature increase was 0.9°C in the S9 model during the f1 period. Finally, the
maximum temperature increase RCP 8.5 was 4.4°C in the S1 model during the f2 period,
whereas there was an increase of 1.0°C in tesyper in the S9 model during the f1 period.

Table 6 shows the changes in precipitation and temperature for the five river basins, the
maximum precipitation increase for RCP 4.5 was 17% in the S7 model during the f2 period,
whereas there was a 3.4% decreas@recipitation in the S9 model during the f1 period.
Furthermore, the maximum temperature increase for RCP 4.5 was 3.0 °C in the S1 model during
the f2 period, whereas the minimum temperature increase was 0.9 °C in the S9 model during the
f1 period. Futhermore, the maximum precipitation increase for RCP 8.5 was 20.7% in the S3
model during the f2 period, whereas there was a decrease in precipitation by 1.6% in the S9 model
during the f2 period. Furthermore, the maximum temperature increase for RCRs353wWC in
the S8 model during the f2 period, whereas there was an increase of 0.9 °C in temperature in the

S9 model during the f1 period.
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Figure 5. Spatiainaps ofchange irprecipitation foreach RCP angeriod. Negative values are represented
in brown, and they indicate a decrease in precipitation. Positive values are represented in yellow, green,
and navy, and they indicate an increase in precipitation in the future.

Figure 6. Spatiamaps ofchange intemperature foeach RCP angberiod. Low increases in temperature
are represented in green, whereas high increases in temperature are represented in orange and red.
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