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ARTICLE INFO ABSTRACT

Keywords: Irrigation is one of the major adaptation strategies to combat the negative impacts of drought on crop yields.
Droughts However, during droughts, the water resources are limited and determining the exact irrigation amount and its
CROPWAT

response to crop yields are crucial. Existing crop yield simulation models are data-intensive and a majority of
these are point-based. Therefore, this study presents a novel integrated modeling framework by using two
parsimonious models (CROPWAT, an irrigation water requirement simulation model; and AquaCrop-GIS, a
spatial crop yield simulation model) to simulate corn and soybean yields under different irrigation application
rates during drought years at a spatial scale in the Mobile River Basin (MRB), Southeast U.S. To simulate crop
yields for drought years, first agricultural drought years are identified using an integrated drought index called
the Standardized Precipitation Evapotranspiration Soil Moisture Index (SPESMI). The results indicate that a
majority of the basin was affected by mild to extreme droughts during the years 2008, 2011, 2012, 2016. The
results of the integrated modeling framework illustrate the potential corn and soybean yields can be increased
from 10% to 259% and 20% to 229% respectively under different irrigation water application rates (50%, 75%,
and 100% of irrigation water requirement) relative to rainfed crop yields at the counties in the MRB during
drought years. These findings demonstrate the importance of overall irrigation and the integrated modeling
framework in devising robust irrigation water management plans in drought-affected areas at a spatial scale.
Failure in integrating irrigation water requirement models in crop yield simulations will result in erroneous yield
simulations, especially during droughts — this is salient given projections for frequent and intense droughts
globally. Although the study is focused on MRB, the framework developed is applicable for irrigation planners
and water managers in any region that experiences mild to extreme droughts, as long as the farmers have the
ability to adapt the irrigation in their practice given socio-economic constraints.

AquaCrop-GIS
Mobile River Basin
Corn

Soybean

1. Introduction

Drought is a natural phenomenon characterized with below-normal
water availability and can occur in any region across the world (Van
Loon et al., 2016). Severe and prolonged droughts can have serious
implications in agriculture and may result in significant crop yield re-
ductions posing a serious threat to food security (Hameed et al., 2020;
Park et al., 2016). According to a global study by Kim et al. (2019)
during the drought period of 1983 — 2009, 75% of the harvested areas
have experienced crop yield loss with an estimated value of 166 billion
US dollars. Additionally, Lesk et al. (2016) showed in a global study that
cereal production was reduced by 9 — 10% due to high temperature and
droughts during the period of 1964 — 2007. In another study in the

United States (US), corn (Zea mays) and soybean (Glycine max) yields
were found to be highly correlated with the Standardized Precipitation
Evapotranspiration Index (SPEI), with significant yield reductions dur-
ing intense drought periods (Pena-Gallardo et al., 2019). Similarly,
Zipper et al. (2016) analyzed US corn and soybean yield sensitivity to
meteorological drought from 1958 to 2007 and concluded that overall
droughts resulted in to 13% in crop yield variability, especially the
southeastern region which was becoming more sensitive over time.
Furthermore, Ray et al. (2018) identified that droughts negatively
impacted not only crop yield, but also cultivated areas (hectarage) in
Texas, US where the cotton and corn hectarage declined to 21% and 18%
respectively during drought years (2011 - 2013) compared to 30 year
average crop hectarage. These negative impacts of droughts on
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agricultural production have raised serious concerns regarding food
security among the science and research community (Kim et al., 2019;
Yu et al., 2018).

Irrigation is an effective adaptation practice that supplements the
additional water (unmet from precipitation) required by crops. Globally,
the irrigated areas have roughly doubled in the last five decades and
contributed to a significantly increase in crop yields (Foley et al., 2011).
Global land use based classification studies have confirmed that irri-
gated croplands account for 25% of the global cropped area, yet it
contributes to 43% of the global crop production (Portmann et al., 2010;
Siebert and Doll, 2010). A worldwide study on 26 crops reported that if
all the rainfed croplands were converted into irrigated lands, the global
crop production might rise by 20% under the current climate (Siebert
and Doll, 2010). Climate change projection studies have estimated the
global irrigated croplands in the future to range from 240 to 800 Mha in
2050 (Alexandratos and Bruinsma, 2012; Puy et al., 2020), and in the
range of 4.5 —21.9 Mha alone in the US by 2090 (McDonald et al., 2013).
Although these are either country-scale or global studies, at state scales
these projection values are different. For instance, in Alabama, Georgia,
and Mississippi the rate of increase in the irrigated area is significantly
lower than the major cropping belts in the US (Abbaszadeh et al., 2022;
Gavabhi et al., 2021; Schaible and Aillery, 2012). There are several fac-
tors contributing to this, but two major causes are: (1) the existence of
riparian water rights in Alabama and restriction in water use in Georgia
(100,000 gallons/day), and (2) high capital investment in irrigation
equipment and lack of incentives from the government (Hollis, 2011).

Several drought indices are developed across the US, a few of them
focusing on the southeast region. Specifically AgClimate (now Agro-
Climate), a climate forecast information system for agricultural risk
management (Fraisse et al., 2006) comprises of Agricultural Reference
Index for Drought, a drought index for estimating the water stress
affecting crop growth (Woli et al., 2012). Additionally, the US Drought
monitor and the Palmer Drought Severity Index (PDSI) were also spe-
cifically developed in the US. All of these indices indicate that the
southeast US region has experienced intense and frequent droughts in
the past and recently (as per US drought monitor in 2012 extreme to
exceptional drought and in 2018 severe to extreme drought during
cropping seasons) Gavahi et al. (2020) also highlighted the same. Since,
droughts are identified to have a negative influence on corn and soybean
yields in the US, specifically during the crop development periods
(Zipper et al., 2016), the states in the southeast US plan to intensify
irrigation in the future to avoid crop yield loss. Furthermore, climate
projection studies in the region suggest shortages of freshwater (Boretti
and Rosa, 2019; Sun et al., 2013). Therefore, judicious use of irrigation
water at regional scale (at county level) is critical for achieving the
potential yield and regional food security, especially during droughts
(Evans and Sadler, 2008).

While numerical modeling is an approach to calculating optimal
irrigation amount and assessing yields, the existing modeling studies are
limited to stand-alone application of irrigation water requirement (IWR)
estimation models for calculating irrigation amounts, and irrigation
scheduling (He et al., 2013; Mason et al., 2019). Additionally, the
existing crop yield model simulation studies are limited to simulating
crop yield based on user-defined IWR (Kephe et al., 2021; Mubeen et al.,
2020; Yu et al., 2018). Simulating IWR separately and then forcing these
into a crop yield simulation model is a two-step process and is tedious.
Although, there is a gridded crop model intercomparison simulation
dataset, which comprises global crop yield data under both rainfed and
irrigated conditions (Miiller et al., 2019), the spatial resolution of the
dataset is too coarse (0.5 arc-degree ~55 km) which limits its applica-
tion in regional planning and management (Kim et al., 2021). On the
other hand, a plethora of existing IWR and crop yield simulation studies
are generally point-scale (i.e., studies are done at a specific location or
an experimental station) but at a spatial-scale (e.g., county level) studies
are limited. Since a national or a state scale agricultural planning
(including agricultural water allocation) cannot be done based on point-
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scale studies, county-scale studies are critical and their importance is
undeniable.

Generally, crop models such as Decision Support System for Agro-
technology Transfer (DSSAT) (Jones et al., 2003) can simulate the IWR
using the water balance approach (Tsuji et al., 1998). However, these
widely applied models were developed for point-based studies and
cannot simulate crop yield or IWR at a gridded-scale. Recently Alderman
(2021) developed a parallel gridded simulation framework for DSSAT;
however, the input dataset (outputs) are required (generated) in NetCDF
format (which is not user-friendly), increasing its difficulty to use.
Moreover, the modeling framework requires several soil characteristic
datasets at grid-scale (i.e., the infiltration rate and drainage) which are
available at very coarse spatial resolution (~20-25 km), limiting its
application for county-scale studies. Additionally, since the gridded
version of DSSAT simulations is done using Message Passing Interface on
high performance computing, it requires high expertise to use the
model. In contrast, IWR models such as CROPWAT (Smith, 1992), are
simple and can be shared within multiple cores of a single personal
computer for parallel simulation. Additionally, CROPWAT calculates the
amount of irrigation based on the crop water requirement (evapo-
transpiration demand from crops and soil), which is primarily depen-
dent on the climatic variables, and simple soil characteristics including
maximum rooting depth, field capacity, permanent wilting point, and
initial soil moisture (all are specific for soil types) which are readily
available at a fine grid-scale and can be aggregated at county-scale.

Therefore, given that the available grid-scale global/national-scale
models are spatially coarse, data-intensive, and require high technical
expertise, a simpler modeling approach that can simultaneously esti-
mate crop yield under different IWR at county-scale is paramount. In
order to address this issue, a novel integrated modeling framework was
developed in this study utilizing satellite, and ground-based information
to assess the potential increase in crop yields under different levels of
irrigation relative to rainfed agriculture. The framework was employed
for two major cultivated crops (corn and soybean) under droughts at
Mobile River Basin (MRB) in the Deep South US, as a case study where
rainfed agricultural practice is dominant. Additionally, the developed
framework was employed at county-scale, which is also another novelty
of this study relative to the traditional IWR and crop yield estimation
studies which are generally point-scale studies. The specific objectives
are 1) identification of county-scale agricultural drought at MRB; 2)
establishing relationships among drought and rainfed crop yields (corn
and soybean); and 3) developing an integrated modeling framework of
IWR and crop yield simulation models to assess the potential increase in
crop yield under different irrigation application rates during droughts.
The findings of this study can be integrated with a robust weekly to
seasonal weather prediction system in devising better irrigation water
management policies in the region and the novel framework developed
is also be applicable at any rainfed agriculture dominant region to
combat yield losses encountered during droughts.

2. Study area and datasets

Fig. 1 displays the study area MRB, highlighted within the US. The
basin spans over four states including Tennessee, Mississippi, Georgia,
and Alabama comprising approximately 115,200 km?. Roughly two-
thirds of the MRB is contained in Alabama. The flow in the basin is
generated from the Upper Appalachian Plateau, located in the north,
and drains out in the Mobile Bay, in the south. Forest is the predominant
land use, comprising approximately 60% of the basin, while agriculture
and urban areas comprise of 26% and 3%, respectively. Additionally,
water bodies, streams, and reservoirs comprise the rest 11% in the basin
(Warner et al., 2005). Corn is generally sown between mid-March and
early-May and is harvested between mid-July and early-September
(USDA, 1997). Similarly, soybean is sown between mid-May and mid-
June and harvested between early-September and early-October (Balk-
com et al., 2014). The predominant soil in the basin is sandy loam (20%
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Fig. 1. Location of MRB within the US (top) and the counties and states within the river basin (bottom).

plant available water [PAW]); however, the central region of the basin is
characterized by a predominant silty loam soil (15.8% PAW) (Deb et al.,
2019; Mitchell et al., 2004). The average annual discharge of the basin at
the Mobile Bay is approximately 1760 m3s-1 and ranks as the fourth
largest discharge in the US. The basin is comprised by 101 counties
which were considered in this analysis (Fig. 1). The average annual
precipitation and temperature range from 1270 to 1524 mm and 15 °C
(in the north) to 21 °C (in the south), respectively; 65% of the precipi-
tation occurs during the cropping season of corn and soybean. The major
agricultural crops comprise corn, soybean, cotton, and hay. Approxi-
mately 67% of the cropped area is rainfed, while 27% is irrigated and
concentrated in Georgia (~33.6%), Tennessee (3.5%), and Mississippi
(~44.4%) states (NRCS, 2017). The most grown corn cultivar/variety in
MRB is Pioneer 1319 (Glass et al., 2016); whereas for soybean, Asgrow
46X6 is mostly grown in Alabama, and USDA-N8002 is grown in
Georgia, Tennessee, and Mississippi states (Glass et al., 2018).

In order to pursue the study, several datasets were required including

meteorological data, soil characteristics, groundwater data, crop-
specific information and crop management data, satellite-based actual
evapotranspiration (ET.), and soil moisture data. The details of the
datasets used in the study are provided in Table 1.

In addition to the above mentioned datasets, average county-scale
crop yield data was collected from the National Agricultural Statistics
Service (NASS), United States Department of Agriculture (USDA). This
dataset comprises of the average crop yield from irrigated and rainfed
cropping conditions. Since rainfed corn and soybean yields play a crit-
ical role in this study, particularly in achieving objective two and cali-
bration/validation of the models (discussed later), additional crop yield
datasets were also collected from the state agricultural research centers,
particularly, Auburn University Alabama Agricultural Experiment Sta-
tion (Alabama), Mississippi State University Agricultural and Forestry
Experiment Station (Mississippi), University of Georgia Cooperative
Extension on Crop and Soil Sciences (Georgia), and University of Ten-
nessee Institute of Agriculture (Tennessee). These research centers
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Table 1
Datasets, their spatial and temporal resolutions, and their sources used in this
study. Note: temporal datasets were collected for the period 2008 — 2019.

Data Spatial Temporal Source

resolution resolution

Precipitation 4 km Daily PRISM (https://prism.
oregonstate.edu/)

Temperature 4 km Daily PRISM (https://prism.
oregonstate.edu/)

Solar radiation 12.5 km Daily NLDAS-2 (https://ldas.gsfc.
nasa.gov/nldas/nldas-2-m
odel-data)

Wind speed 12.5 km Daily NLDAS-2 (https://ldas.gsfc.
nasa.gov/nldas/nldas-2-m
odel-data)

Relative humidity 12.5 km Daily NLDAS-2 (https://ldas.gsfc.
nasa.gov/nldas/nldas-2-m
odel-data)

Soil hydraulic 1 km - Dai et al. (2019)

conductivity

Soil texture 1 km - Dai et al. (2019)

Groundwater - USGS (https://nwis.waterda

table ta.usgs.gov/usa/nwis/gw
levels)

Cultivar - - Published state government

characteristics reports

Crop management  — - Published state government
reports

MODIS ET. 500 m 8-day https://modis.gsfc.nasa.
gov/data/dataprod/mod16.
php

Root zone soil 12.5 km Daily NLDAS-2 (https://ldas.gsfc.

moisture nasa.gov/nldas/nldas-2-m
odel-data)

Shallow zone soil 1 km 2-3 days Abbaszadeh et al. (2019),

moisture Abbaszadeh et al. (2021)

means not applicable.

Phase 1

County scale SPESMI :

Spatial variation of rainfed
crop yield

Detrending crop yield

Correlation between
SPESMI and detrended crop
yield

Objective 1; Objective 2
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publish annual crop yield datasets for both irrigated and rainfed con-
ditions for their several research stations where each research station
corresponds to a few counties. A simple arithmetic calculation (Eq. (1))
is done to estimate the rainfed corn and soybean yield under rainfed
conditions for the unreported counties.

CX+Y

z
2

(€]
where Z is the average crop yield for a county retrieved from NASS (and
is available for all the counties), X and Y are the irrigated and rainfed
crop yields, respectively retrieved from the research stations. From Eq.
(1) Y (rainfed crop yield) can be calculated for the unreported county as
in Eq. (2).

Y=02x2)-X (2)

It is to be noted that the irrigated crop yield is assumed to be the same
as the crop yield reported in the nearby regional research station as per
the suggestion of Novak et al. (2008).

3. Methods

The methods employed in this study can be divided into two phases
where Phase 1 addresses the first and second objectives, and Phase 2
addresses the third objective (Fig. 2). Furthermore, Phase 1 can be
classified into three stages; (1) 3-month Standardized Precipitation
Evapotranspiration Soil Moisture Index (SPESMI) was calculated at a
county-scale within the river basin for the cropping season from March
to October for each year [2008 — 2019]; (2) the rainfed crop yields were
mapped at county-scale, and (3) relationships among SPESMI and
detrended crop yields were established at the county-scale level where
detrending was done by using simple linear regression model (Quiring
and Papakryiakou, 2003). Finally, in Phase 2 potential avoidance of
drought-affected rainfed crop yield loss under irrigation was estimated

Phase 2

/| Stand-alone calibration and
validation of CROPWAT and
AquaCrop-GIS

Developing novel
framework of integrating
both models

N~

Simulating crop yield under
irrigated conditions at
different irrigation water
application rate (50, 75 and
100%)

Obijective 3

Fig. 2. Flowchart displaying the tasks undertaken in this study to achieve the three objectives.
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by employing a novel integrated framework of two models at the county-
scale. All of these tasks are provided in detail in the following sections.

3.1. Calculation of Standardized precipitation evapotranspiration soil
moisture index (SPESMI)

Identifying agricultural drought years was a crucial step in this study
and SPESMI was used to identify those years. SPESMI is a non-
parametric multivariate drought index which was developed by
combining the marginal probability distributions of root zone soil
moisture and the differenced variable of precipitation and evapotrans-
piration (Xu et al., 2020). Time series of 3-month SPESMI was calculated
at a grid-scale of 12.5 km spatial resolution using the 40-100 cm soil
moisture information derived from the Noah land-surface model of the
North American Land Data Assimilation System (NLDAS-2). The Noah
outputs were used due to their superior performance over other model
outputs in the Deep Southern states (Xia et al., 2015). In this study, the
approach developed by Xu et al. (2020) was used to calculate grid-scale
SPESMI. The SPESMI was developed based on the copula function (as
suggested by Masud et al., 2015) of the joint probability of root zone soil
moisture and the differenced variable of precipitation and evapotrans-
piration. The main merit of this approach is that it can be employed for
two different variables with diverse marginal distributions (Madadgar &
Moradkhani, 2013). Since Xu et al. (2020) gave a comprehensive
description of the SPESMI, only a brief introduction is presented in this
paper. The joint cumulative distribution function (CDF) among precip-
itation and the differenced variable is expressed in Eq. (3).

P(X <x,Y <y) = CIFy(X), F2(Y)] = Clur, 12) (3)

where X and Y are soil moisture and the differenced variable of pre-
cipitation and evapotranspiration, respectively, the copula is denoted by
C, F; and F, are the CDFs of X and Y, respectively. Prior to the CDF
estimation, X and Y variables were calculated by subtracting the
monthly averaged values for each grid for the cropping season. Since ET,
was available at a spatial resolution of 500 m, it was aggregated at 4 km
spatial resolution for consistency with the Parameter-elevation Re-
gressions on Independent Slopes Model (PRISM) precipitation dataset.
Because PRISM dataset accounts for physiographic features such as
variability in terrain, it is considered superior to other datasets (Molter
et al., 2021) and hence was used in this study. The Y variable (the dif-
ference between precipitation and evapotranspiration) was further
regridded to 12.5 km to match the spatial resolution of the root zone soil
moisture. All of these conversions were done using ArcPy scripts. The
calculated SPESMI outputs representing each grid of 12.5 km spatial
resolution were averaged at county-scale using the Zonal Statistics tool
in ArcPy programming to represent the county-specific SPESMI values.
Additionally, in order to determine agricultural drought year, 3-month
SPESMI outputs (March to October; crop growing season) for each
county were calculated and then temporally averaged for the duration,
representing yearly mean SPESMI from 2008 to 2019. Similar to the
drought classification of Standardized Soil Moisture Index (SSMI) and
Standardized Precipitation Index (SPI) by McKee et al. (1993), SPESMI
was classified into eight categories which are given in Table 2. The

Table 2
Drought classification based on SPESMI values.

SPESMI values Drought class

SPESMI > 2.00 Extreme wet

1.50 < SPESMI < 1.99 Severe wet
1.00 < SPESMI < 1.49 Moderate wet
0.50 < SPESMI < 0.99 Mild wet
—0.49 < SPESMI < 0.49 Normal
—0.99 < SPESMI < -0.50 Mild dry
—1.49 < SPESMI < —1.00 Moderate dry
—1.99 < SPESMI < —1.50 Severe dry

SPESMI < —2.00 Extreme dry
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agricultural drought year in this study was defined as the year with over
50% of counties experiencing any drought of intensity more than mild
dry conditions (Table 2). In this study, normal precipitation year was
defined as the years when over 65% of counties comprised of SPESMI
values were within the range of —0.49 to 0.50.

3.2. Spatial and temporal mapping of rainfed crop yields

Before establishing the relationship between drought and crop
yields, identifying spatial and temporal variations of the crop yield was
essential. Therefore, county-scale annual rainfed corn and soybean
yields were extracted from the National Agricultural Statistics Service
(NASS), United States Department of Agriculture (USDA), and plotted to
represent their spatial and temporal variability. The time period
considered to assess this variability was from 2008 to 2019. Several
county-specific yield values of the NASS dataset of 2008 and 2009 were
missing and hence, the multiple imputation approach (Rubin, 1987) was
employed to infill the missing values. In the multiple imputation
approach, first the missing values were replaced by random imputed
values which were sampled from the predictive distribution of the
observed data. These imputations were done to generate multiple
datasets. Secondly, standard statistical methods were used to fit a model
(regression) to each imputed dataset. Finally, outputs of the multiple
models were combined to generate the single imputed value. The mul-
tiple imputations were identified to be the most appropriate method in
imputing missing crop yield data of NASS and further details on this
approach can be found in Lokupitiya et al. (2006).

3.3. Relationship among SPESMI and detrended rainfed crop yield

Generally, crop yields are associated with stochastic trends and
climate variability (Schauberger et al., 2018). The stochastic trend
component reflects the contribution of several factors including man-
agement practices and technological advances, whereas, the climate
variability component (includes climate disasters) can induce high-
frequency fluctuations such as droughts affecting the crop yield
(which is the focus of this study) (Lu et al., 2017). To establish the
relationship between the drought index and crop yields, it is crucial to
remove the trend component from the yield values. Therefore, based on
the finding of Yu et al. (2018), the Hodrick-Prescott (HP) filter was
applied on time series of rainfed corn and soybean yield data. The details
of the HP filter algorithm can be found in Harvey & Trimbur (2008). In
this study, hpfilter code within mFilter package in R programming lan-
guage was run across all the counties to detrend the corn and soybean
yields.

Post detrending the yield values, the Pearson correlation coefficient
was derived among time series of annual SPESMI values and detrended
corn and soybean yields at the county-scale. The correlation coefficient
is a measure of the drought impacts on rainfed crop yields.

3.4. Modeling crop yield under irrigation during drought years

Since field experimental trials to assess water requirement are
painstaking and time-consuming, in this study, a coupled modeling
approach of integrating a deterministic IWR model (CROPWAT 8.0)
(FAO, 1992) and a water-driven spatial crop yield simulation model
(AquaCrop-GIS) (FAO, 2017; Steduto et al., 2009) was developed to
assess the potential increase in crop yields under irrigation relative to
rainfed yields during the drought years.

3.4.1. Models’ description

To pursue this study the models chosen were CROPWAT 8.0 and
AquaCrop-GIS. CROPWAT is one of the robust and widely used IWR
estimation models and hence is used in this study. Moreover, the
AquaCrop-GIS model was chosen for crop yield estimation since it is a
water-driven model and since this study deals with drought (water
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stress), it was the best fit. More details on the model are given below.

3.4.1.1. Cropwat 8.0. CROPWAT is a Microsoft Windows based com-
puter program developed by the Food and Agricultural Organization
(FAO) for irrigation planning and management. The specific applica-
tions of this model include calculating reference evapotranspiration
(ET,), crop-specific actual evapotranspiration, crop water requirement,
crop irrigation requirement, and irrigation scheduling. The model cal-
culates reference evapotranspiration by employing the Penman-
Monteith equation (Allen et al., 1998). Then, ET, is further used to
calculate the ET, in Eq. (4).

ET, = Kc¢ x ET, ()]

where ET, is actual crop evapotranspiration (mm day 1), ET, is refer-
ence evapotranspiration (mm day’l) and Kc is crop coefficient. Daily
root zone soil water balance is employed in the computation of the IWR
and the outputs are calculated at 10-days intervals. Additionally, the
irrigation schedule accounting for the amount and irrigation timing is
also stored separately for the cropping season. The model requires daily
climate data (precipitation, temperature, relative humidity, sunshine
duration, and wind speed), soil data (maximum rooting depth, field
capacity, permanent wilting point, and initial soil moisture), and crop
information (crop type, planting, and harvesting dates, and days of each
crop stage). The model also requires four parameters to be calibrated for
optimal model performance. These parameters are primarily the crop
coefficients (k;) (Eq. (4)) during different crop growth stages, which are
initial (Kciy;), development (Kcge,), middle (Kcyiq), and late (Kcjq). The
model also allows users to couple with an external model parameteri-
zation software or algorithm for model optimization. Although the
model has several outputs (as mentioned above), the main outputs used
in this study were the IWR and irrigation scheduling. Further details on
the model can be found in FAO (1992).

3.4.1.2. AquaCrop-GIS. AquaCrop-GIS is a spatial-scale (user-defined
spatial information required, either grid-scale or administrative level)
crop yield simulation model that uses the widely used water-driven
AquaCrop model in its core. The model is a Microsoft Windows based
program to simulate the crop yield at a user-defined spatial-scale. Seven
classes of datasets are required for yield simulation. These datasets
include crop information, details of the soil initial condition, soil type
data, groundwater table data, management details (including planting,
weeding, irrigation, and harvesting dates), weather data (precipitation,
temperature, and ET,), and study area map (.shp format file).

The versatility, applicability (Deb et al., 2015; Shrestha et al., 2014),
and the lesser input data requirement (Babel et al., 2019) of the Aqua-
Crop model is the primary reason for its selection in this study. The
model uses normalized water productivity and the ratio of transpiration
to ET, to calculate above-ground biomass (Eq. (5)). Also, the yield is
considered and calculated as a function of reference harvest index and
above-ground biomass (Eq. (6)).

B =Ksy x WP" x ) 5)

Tr
ET,
Y =fiy x HI, x B 6)

where B is above-ground biomass (kg m’z), Ksy, is air temperature stress
coefficient, WP* is normalized water productivity (kg m2 rnm’l), T, is
transpiration (mm day’l), ET, is reference evapotranspiration (mm
day ™). Y is crop yield (kg m™2), fy is the adjustment factor for all
stresses affecting crop yield, HI, is the reference harvest index and B is
above-ground biomass. Further details on the model can be found in
Steduto et al. (2009).
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3.4.2. Integrating irrigation water requirement (IWR) and crop yield
simulation models

The spatial estimation of crop yield under irrigation can be assessed
by three approaches: (1) using a crop yield simulation model (with IWR
as input either calculated or simulated by another model); (2) integra-
tion of IWR model and crop yield simulation model; and (3) developing a
new model/code while considering both components (i.e., calculation of
IWR and crop yield simulation). While the first option is the simplest, it
is not feasible since the exact amount of IWR under droughts is unknown
and manual calculation at a grid- or county-scale is simply impractical.
Similarly, the third option has its own disadvantages including data
constraints and computational limitations associated with its testing and
validation prior to its application. On the other hand, the second option
provides the flexibility of choosing different models and is more robust
since the chosen models are well developed and applied in diverse re-
gions around the world. Therefore, in this study, the second option was
selected using CROPWAT 8.0 and AquaCrop-GIS models, previously
described. Although the traditional AquaCrop model can simulate IWR,
the “percentage of readily available water in the root zone” data is not
readily available at county-scale and requires intensive field/laboratory
testing. Moreover, scaling up this variable from field/laboratory to
county/grid-scale is impractical. On the other hand, CROPWAT uses
simple soil characteristics, particularly total available soil moisture
(which is constant for a particular soil type and fine resolution soil maps
are available), and climatic variables such as maximum, minimum
temperature, relative humidity, precipitation, solar radiation, and wind
speed to simulate IWR and irrigation scheduling and therefore used in
this study. More importantly, the integrated modeling framework is easy
to implement and does not require much technical expertise or intense
coding.

In the integrated modeling framework, both the CROPWAT and
AquaCROP-GIS models are loosely coupled to diminish the model
component interdependencies and increase the flexibility of the frame-
work as it allows users to altercate the models. Basically, it consists of
three major steps: (1) stand-alone calibration and validation of CROP-
WAT and AquaCrop-GIS for normal precipitation years; (2) simulation of
IWR and irrigation scheduling by CROPWAT under drought conditions;
(3) using the IWRs from CROPWAT as input in AquaCrop-GIS to simu-
late the crop yield during drought years. Given that AquaCrop-GIS is a
spatial model, the model setup within the study domain is relatively
simple (in terms of model setup) compared to the CROPWAT model,
where the latter is required to be set for each county (in this study).

3.4.2.1. Model calibration and validation. Both models were calibrated
independently using a the Shuffled Complex Evolution (SCE) algorithm
(Duan et al., 1994; Duan et al., 1993), a widely used stochastic global
optimization algorithm. In this approach, first stochastically a sample of
points is distributed over the parameter space within the lower and
upper bounds. Every sample point is considered as a member of the
population and each individual is characterized by its unique genetic
information. By altering the genetic information i.e., the parameter
values, the population tends to direct towards an optimum, which is the
optimum of the objective function corresponding to the model simulated
values and the observed values. The initial sample of the population is
also divided into several sub-samples (also called complexes). Each
combination of complexes produces offspring following the simplex
procedure of Nelder & Mead (1965). The likelihood of an individual in
reproduction depends on its fitness. The older points are then replaced
by the offspring. This proceeds towards a global optimum which is
assisted by (a) a probability that new points are spontaneously created
within the feasible parameter space and (b) a regular combination of the
points into new complexes. Further details on the SCE algorithm can be
found in Duan et al. (1993).

Since this is a county-scale study and the AquaCrop-GIS model
consists of over 40 conservative and non-conservative model
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parameters, sensitivity analysis is essential to avoid the computational
burden. First, the most crucial parameters (12 in total) were identified
from the literature (Deb et al., 2015; Shrestha et al., 2016), followed by a
sensitivity analysis (Table 3). Each parameter was adjusted by + 15%
(Deb and Kiem (2020); Uniyal et al. (2019)) relative to their default
value and a model simulation was done for the year 2015 keeping other
parameters to their default values. Based on the |percentage change in
yield|, the parameters were classified as “high” (>% 10), “moderate”
(5%-10%), and “low” (<5%) sensitive parameters based on the range of
the absolute value of percent change in the simulated yields corre-
sponding to the changed parameter value relative to the default
parameter value. The criteria used in this study was set by Geerts et al.
(2009). In this study only the high and moderate sensitive parameters
were selected for the model calibration. It is to be noted for reducing
computation burden, the sensitivity analysis was done for only one corn
and soybean growing county within the Alabama state (Dallas) where
both the crops were grown intensively. Also, the sensitivity analysis was
done for the Pioneer 1319 cultivar of corn (grown in the entire MRB) and
the Asgrow 46X6 cultivar of soybean (grown in Alabama). The USDA-
N8002 cultivar of soybean (which is mostly grown in Tennessee, Mis-
sissippi, and Georgia states) was not used in the sensitivity analysis due
to similarity in physiological characteristics with the Asgrow 46X6
cultivar.

The CROPWAT model consists of four coefficients (crop coefficients
based on the crop growth stages, which are initial, development, middle,
and late) which were optimized by linking the model with the SCE al-
gorithm. The AquaCrop-GIS model was calibrated against the annual
corn and soybean yield for normal precipitation years (2009, 2010,
2013, 2014, 2015, and 2019) and the time series of soil moisture (at
daily time-step) for the year 2015 (since a majority of the counties
received precipitation around the 30-year average rainfall) against 1-km
downscaled soil moisture (5 c¢m) for Conterminous United States
(CONUS) developed by Abbaszadeh et al. (2019). Since AquaCrop-GIS
simulates the soil moisture on a volumetric basis (i.e., m3/m?), the
moisture content for the top soil layer (5 cm) simulated by AquaCrop-
GIS is calculated by multiplying 50 to the volumetric soil moisture

Table 3
The 12 AquaCrop-GIS model parameters with their upper and lower bounds used
in the sensitivity analysis and their default values.

Parameters Description Lower Upper Default
bound bound value

MCC Maximum Canopy Cover 0.56 1.0 0.63
(fraction)

CGC Canopy growth coefficient (% 5.0 22.0 13.0
day "

CDC Canopy decline coefficient (% 2.0 10.0 5.5
day™1)

RTX Maximum effective rooting 0.84 1.56 1.10
depth (m)

Pupper Water stress coefficient for 0.455 0.845 0.635
canopy expansion (upper)
(fraction of Total Available
Water (TAW))

Plower Water stress coefficient for 0.14 0.26 0.17
canopy expansion (lower)
(fraction of TAW)

PSENSHP Water stress coefficient curve 2.1 3.9 2.85
shape (—)

SsC Stomatal stress coefficient 1.75 3.25 2.60

ASC Aeration stress coefficient 0 1.0 0.43

HI ¢ Coefficient, Harvest Index (HI) 0 3 0.70
increased by inhibition of leaf
growth at anthesis

HI pp Coefficient, HI reduced by 0 1 0.20
inhibition of leaf growth at
anthesis

KSsen Canopy senescence stress 0 1 0.40

coefficient
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simulated by AquaCrop-GIS. This results in soil moisture in mm water
per 5 cm depth of soil per unit area, which is compared against the 1-km
downscaled soil moisture. CROPWAT model was calibrated against the
time series Moderate Resolution Imaging Spectroradiometer (MODIS)
500 m resolution ET. data (MOD16A2) available at the 8-day interval for
the year 2013 since the year was a normal precipitation year. Both
models were calibrated at county-scale and the spatially varying cali-
bration parameters were stored with county IDs in two data frames (one
for CROPWAT and another for AquaCrop-GIS) for use in simulation. Post
calibration, both models were also validated at the study basin. Since the
time series of crop yield data was limited, AquaCrop-GIS model was
validated against time series of volumetric soil moisture content
(derived from Abbaszadeh et al. 2019) for the year 2018 (normal pre-
cipitation year and not to overlap the year for CROPWAT calibration) at
county-scale. Similarly, for CROPWAT validation at county-scale, the
model simulated time series ET. was compared against 8-day MODIS ET,
for the same year (2018). For evaluation of the model performance,
Nash-Sutcliffe Efficiency (NSE), coefficient of determination (RZ), and
correlation coefficient were used. Further details on these evaluation
metrics can be found in Moriasi et al. (2007).

3.4.2.2. Simulating irrigation water requirement (IWR) and irrigation
scheduling for drought years. Once the CROPWAT model was calibrated
at each county for the year 2013, the model was used in simulating the
IWR and irrigation scheduling for the drought years derived from the
step described in Section 3.1 over the entire basin. The time-variant
input variables (i.e., precipitation, temperature, relative humidity,
sunshine duration, and wind speed) were used only for the cropping
duration i.e., from March to October for each year in the simulation.

3.4.2.3. Integrating CROPWAT and AquaCrop-GIS. A schematic repre-
sentation of the integration of both models is shown in Fig. 3.

As mentioned earlier both models were loosely coupled in the inte-
grated simulation phase where the outputs of the CROPWAT model were
forced in the AquaCrop-GIS model. Post calibration of the CROPWAT
model, the input variables (climate, soil, and crop data) were forced into
the model for simulating the IWR of the crops for the drought years. The
model simulates IWR at 10-day intervals and the county-scale 10-day
period IWR was calculated. Additionally, the model also simulates irri-
gation scheduling where the amount of irrigation water and the timing
of irrigation are calculated. Based on the irrigation amount calculated in
this step, the irrigation water application rates were calculated for 50%,
75%, and 100% (full) of the net irrigation requirement. These irrigation
water application rates were calculated for each county and values were
stored into time series of ASCII files for the cropping season corre-
sponding to the irrigation timing. It is worth mentioning that the cu-
mulative irrigation water amount simulated from the irrigation
scheduling step throughout the cropping season gives the total IWR.

In the following step the calibrated AquaCrop-GIS model was forced
with calibrated parameters (stored in the data frame) along with the
input weather variables, soil, crop, groundwater, initial soil water, crop
management data, the county shapefile, and the time series of ASCII files
with irrigation information. The final outputs from the model were
county scale corn and soybean yield under 50%, 75%, and 100% IWR for
the drought years. The simulated yields were then compared against the
actual county-scale rainfed yield calculated based on USDA NASS and
regional agricultural research stations. The findings are presented in
spatial maps for ease of representation.

4. Results
4.1. Identification of drought years

Fig. 4 represents the spatial and temporal variation of the SPESMI
representing the agricultural drought in the MRB. The results indicate
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Fig. 3. Flowchart showing the integrated CROPWAT-AquaCrop-GIS modeling framework used to simulate crop yield under irrigation conditions in drought years

at MRB.

that a significant part of the MRB experienced droughts in the years
2008, 2011, 2012, and 2016. The drought intensity ranged from mild
(SPESMI - —0.50) to severe (SPESMI — —1.99) during the years 2008 and
2011, with severe droughts in the eastern and southern counties for the
respective years. Similarly, for 2012 the drought is noted to range from
mild to extreme (SPESMI < —2.00) with the eastern counties (east
Alabama and Georgia) experiencing severe and extreme droughts. The
year 2016 is relatively milder with central Alabama to western Georgia
experiencing mild to moderate (SPESMI — —1.49 to —1.00) droughts.
These results are consistent with the findings of Xu et al. (2020), where
droughts within the range of mild to moderate are noted for the states of
Alabama, Georgia, Mississippi, and Tennessee during 2016. Few
counties are also noted to experience mild droughts in the years 2009,
2015, 2017, and 2018 (Fig. 4), however, given that the area under
drought is <20% of MRB and of mild drought intensity, these years are
not considered as the drought years in the preceding analysis.

4.2. Rainfed corn yield

Fig. 5 displays the spatial and temporal variability of rainfed corn
yield within MRB. The rainfed corn yield is noted to range from 3.0 t/ha
to 12.9 t/ha both spatially and temporally. The lowest corn yields are
noted for the drought-affected counties in the years 2008, 2011, 2012,
and 2016. Overall in MRB, the year 2012 is observed to have the lowest
corn yield (within the range of 3.0 to 6.9 t/ha), with the minimum
values in the eastern counties (in Georgia state). Similarly, in the year
2011, the lowest yield is also noted within the same range of 2012, but
for the southern counties. For the year 2016, the entire state of Alabama

(except for a few counties in the western region) and all Georgia are
noted to have an average yield ranging from 4.0 to 6.9 t/ha. During non-
drought years, interestingly a lower yield is also noted for the state of
Alabama relative to Mississippi (western region) and Georgia. For
example, in the case of 2013 (normal precipitation year), Georgia and
Mississippi are noted to have an average yield ranging from 8.0 to 8.9 t/
ha and 7.0 - 8.9 t/ha respectively, whereas, Alabama consists of an
average yield ranging from 6.0 to 6.9 t/ha (except 4 counties in the east).
Similar lower yields in Alabama can also be observed for the years 2010,
2015, 2018, and 2019. This poor yield can be attributed to the poor crop
management strategies (such as weeding, fertigation, pesticide appli-
cation, etc.) including hand weeding is practiced within the state of
Alabama (Molnar et al., 2011; Duzy et al., 2016). Nevertheless, drought-
affected counties over the whole MRB experience reduced rainfed corn
yield within the study period.

4.3. Rainfed soybean yield

The areal average rainfed soybean yield for each county throughout
the MRB ranges from 0.6 t/ha to 4.0 t/ha during 2008 to 2019 (Fig. 6).
The eastern counties of the basin (lying in the state of Georgia and few
counties of Alabama) are noted to have an average yield ranging from
1.1 to 1.5 t/ha for the year 2008. The eastern Alabama region is also
noted to have an average yield of 1.6 — 2.0 t/ha for the corresponding
year. The lowest yields are observed for the counties in southern Ala-
bama and eastern Georgia for the years 2011 and 2012 respectively,
with an absolute value of 0.6 to 1.0 t/ha. In contrast to the counties with
lowest corn yields concentrated in the central and eastern region of the
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Fig. 4. Spatial and temporal variability of SPESMI (agricultural drought indicator) in the MRB. Drought classification corresponding to the range of SPESMI is based

on Carrao et al. (2016).

basin in 2016, the counties with lowest soybean yield (0.6 — 1.0 t/ha) for
the same year are distributed throughout the central and eastern region
of the basin. It is worth mentioning that all of the counties with yields
ranging from 0.6 to 1.5 t/ha have experienced mild to extreme droughts
over the study period (2008 — 2019). Similar to the rainfed corn yield,
poor soybean yield is also observed for non-drought years in Alabama,
for example in the years 2010, 2013, 2018, and 2019, the average

soybean yield in Alabama ranges from 2.1 to 3.0 t/ha, whereas, for
Mississippi and Georgia, the yield ranges from 3.1 to 4.0 t/ha.

4.4. Relationship between drought and rainfed crop yields

Fig. 7 represents the county-scale Pearson correlation coefficient
among the agricultural drought index (SPESMI) and the detrended



P. Deb et al.

~ ]
ALF
-
Smp
|
~

i

M s
AR
N

(b) 2009 i
el N
\-.’“’ﬁ“
e X7\
-.‘II"’%.?

Journal of Hydrology 609 (2022) 127760

(i) 2016

& ¢ 0¥ 8%,0% 0% 0¥ % o°

Fig. 5. Spatial and temporal variability of county-scale rainfed corn yield within MRB. Note: years 2008, 2011, 2012 and 2016 are drought years.

rainfed crop yields (corn and soybean) from 2008 to 2019. The results
indicate an overall positive correlation among the variables with cor-
relation coefficients ranging from 0.30 to 0.69 for corn and 0.30 to 0.79
for soybean. This indicates that a higher intensity of drought (greater
magnitude of SPESMI negative value) results in lower yield across the
MRB for both crops. It is important to note that majority of the counties
are observed to have a poor to moderate Pearson correlation coefficient
(ranging from 0.30 to 0.59) among drought intensity (higher negative

10

value of SPESMI) and detrended rainfed corn yield. This indicates that
although a higher magnitude of the drought index hinders the crop
yield, yet the effect is not as intense as compared to the soybean yield
(where the correlation coefficient is much higher). This potential weak
correlation among the detrended corn yield and drought intensity can be
attributed to the fact that corn is a C4 plant and has the ability to adapt
under elevated carbon dioxide and hot, dry environments to a certain
extent (Lara and Andreo, 2011). This is because C4 plants alter the C3
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Fig. 6. Spatial and temporal variability of county-scale rainfed soybean yield within MRB. Note: years 2008, 2011, 2012, and 2016 are drought years.

photosynthesis pathway (as in soybean) by minimizing the water loss,
reducing photorespiration and increasing the photosynthetic efficiency
(Edwards and Walker, 1983). Therefore, yield loss is likely to be reduced
under mild and moderate droughts relative to soybean and leads to a
poor correlation. Interestingly, the relationship between drought in-
tensity and detrended rainfed soybean yield reveals the highest Pearson
correlation values for Alabama state (Fig. 7(b)) with correlation

11

coefficients between 0.5 and 0.8 (majority values ranging from 0.6 to
0.8). This implies that the rainfed soybean yields are more impacted by
severe droughts in Alabama relative to other states and corn.

4.5. Standalone model calibration and validation

This section provides the results of the standalone model calibration
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(a) Corn

Fig. 7. Spatial variability of Pearson correlation coefficient between SPESMI and detrended (a) corn and (b) soybean yields at county-scale within MRB. Note:

Pearson correlation coefficient is calculated based on SPESMI values and detrended annual yields for each county within the basin for the study period of 2008
—2019.
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Fig. 8. Spatial variability of stagewise crop coefficients for the CROPWAT model estimated by the SCE algorithm. The adjusted crop coefficients for Kci,; (initial
stage), Kcgey (development stage), Kcnig (middle stage), and Kcy,, (late stage) are presented in (a), (b), (c), and (d), respectively for Pioneer 1319 cultivar of corn.
Similarly, the corresponding four stages for Asgrow 46X6 (grown in Alabama) and USDA-N8002 (cultivated in Georgia, Mississippi, and Tennesse states) are pre-
sented in (e), (f), (g), and (h), and (i), (j), (k), and (1), respectively. Note: white color indicates no values in plots (e) to (1).
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and validation including the calibration parameters for both CROPWAT
and AquaCrop-GIS models.

4.5.1. Cropwat

Fig. 8 represents the stagewise CROPWAT model crop coefficients
estimated by the SCE algorithm over the MRB. The initial stage crop
coefficient varies widely across the MRB ranging from 0.561 to 0.720 for
corn (Pioneer 1319 cultivar), whereas it varies from 0.481 to 0.640, and
0.481 to 0.560 in the case of Asgrow 46X6 and USDA-N8002 cultivars of
soybean respectively. In contrast, a lower variation in the crop coeffi-
cient is observed for the development stage, where it varies from 0.960
to 1.139 for corn, and 1.020 to 1.139 for Asgrow 46X6 cultivar of soy-
bean, and 0.990 to 1.109 for USDA-N8002 cultivar of soybean. In the
case of middle stage of corn, the crop coefficient is observed to vary from
1.141 to 1.260 for corn, and 1.081 to 1.200 (1.061 to 1.160) for Asgrow
46X6 (USDA-N8002) cultivar of soybean. Similarly, for the late stage,
the crop coefficient varies from 0.881 to 0.980, and 0.821 to 0.960
(0.821 to 0.900) for soybean cultivar of Asgrow 46X6 (USDA-N8002).
Overall, higher values of crop coefficient are noted for corn, followed by
the Asgrow 46X6 cultivar of soybean, and the lowest for the USDA-
N8002 soybean cultivar.

Based on the optimized values of the crop coefficients during model
calibration, Nash Sutcliffe Efficiency (NSE) of 0.56 to 0.90 (with a me-
dian value ranging from 0.61 to 0.65) is observed for simulated and
MODIS derived ET, across the MRB in the case of corn (Fig. S2(a)). For

(a) CGC corn (b) CDC corn (€) Pupper COMN

(h) CGC soyben (i) CDC soybean  (j) Pypper SOybean

(0) CGC soybean
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the same output variable (ET,), a relatively higher value of median NSE
is noted for Asgrow 46X6 and USDA-N8002 cultivars of soybean ranging
from 0.71 to 0.75, and 0.66 to 0.70 respectively (Fig. S2(b)). Overall,
throughout the MRB for both soybean cultivars, NSE ranges from 0.61 to
0.85. The difference in the simulated cumulative ET. and MODIS derived
ET, for corn ranges from —29 to 40 mm for the entire cropping season
(from May to October) of 2013. Similarly, for Asgrow 46X6 and USDA-
N8002 cultivars of soybean, the difference ranges from —49 to 40 mm
for the whole cropping season. Overall, both NSE and difference in ET.
reflect a very good calibrated CROPWAT model throughout the entire
MRB.

The CROPWAT model validation reflects NSE ranging from 0.65 to
0.84 for corn across all counties with higher NSE values ranging from
0.69 to 0.84 in the central and the western counties for the cropping
season of 2018. The eastern counties display poor model performance
with majority of the counties inheriting NSE in the range of 0.65 to 0.72
(Fig. S3(a)). A relatively slight poor performance is observed for the
model validation results for soybean across the study area. The NSE for
soybean ranges from 0.60 to 0.80 with lower NSE values concentrated in
the central and southern region of the basin (Fig. S3(b)). The difference
between 8-day accumulated CROPWAT simulated ET. and 8-day MODIS
ET, also shows an analogous pattern with close to zero values in the
central and western counties for corn (Fig. S3(c)). In case of soybean, the
difference between MODIS and model simulated ET. shows values
ranging from —39 mm to —20 mm in most of the counties in the western
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Fig. 9. Spatial variability of calibrated AquaCrop-GIS model parameters using the SCE algorithm. The calibrated model parameters for corn (cultivar Pioneer 1319)
are shown in panels (a) to (g), and for Asgrow 46X6 and USDA-N8002 cultivars of soybean are presented in panels (h) to (n), and (o) to (u) respectively. Note: white
color indicates no values in panels (h) to (u). Here CGC, CDC, Pupper, Plower, HILBF, HILF, and SSC represent canopy growth coefficient (% day-1), canopy decline
coefficient (% day-1), water stress coefficient for canopy expansion (upper) (fraction of Total Available Water (TAW)), water stress coefficient for canopy expansion
(lower) (fraction of TAW), coefficient of HI reduced by inhibition of leaf growth at anthesis (-), coefficient of Harvest Index (HI) increased by inhibition of leaf growth

at anthesis (-), and stomatal stress coefficient (-), respectively.
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and central region, whereas, higher positive values in the range of 21
mm to 40 mm in the eastern counties (Fig. S3(d)). These results indicates
the model performs slightly better for corn relative to soybean in the
study area, although the magnitude of both NSE and difference in ET,
estimates indicates CROPWAT model performance is acceptable for both
crops.

4.5.2. AquaCrop-GIS

Fig. 9 represents the spatial variability of the calibrated AquaCrop-
GIS model parameters across MRB. As identified in the sensitivity
analysis seven model parameters are considered in the optimization
(Tables S1 and S2). The parameters canopy growth coefficient (CGC;
ranges between 5.0 and 22.0), coefficient, harvest index increased by
inhibition of leaf growth at anthesis (HI r; ranges between 0.0 and 3.0),
and coefficient, harvest index reduced by inhibition of leaf growth at
anthesis (HI pF; ranges between 0 and 1.0) vary widely across the river
basin for corn ranging from 11.00 to 19.99 (Fig. 9(a)), 0.690 to 0.789
(Fig. 9(f)), and 0.080 to 0.239 (Fig. 9(g)) respectively. On the contrary,
for soybean cultivars the variability of the corresponding model pa-
rameters are slender (Fig. 9(h), (m), (n), (0), (), and (u)). Interestingly,
it can also be seen that the calibrated values of all model parameters are
lower for soybean crop relative to corn. Moreover, the calibrated values
are noted to be lower for the USDA-N8002 cultivar compared to the
Asgrow 46X6 cultivar.

The spatial variation in the AquaCrop-GIS model performance during
model calibration is shown in Fig. S4. The coefficient of determination
(R?) of corn and soybean yields ranges from 0.70 to 0.87, and 0.79 to
0.93 respectively (Fig. S4(a and b)). Similarly, the R? among the
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AquaCrop-GIS simulated shallow soil moisture (5 cm) and 1-km soil
moisture derived from Abbaszadeh et al. (2019) indicates variability
from 0.70 to 0.87 and 0.73 to 0.90 for corn and soybean cropping sea-
sons respectively. Since R? > 0.70 throughout the MRB, using the
criteria set by (Moriasi et al., 2007), the model is well calibrated.

For AquaCrop-GIS model validation the correlation coefficient
among model simulated and observed soil moisture is noted to range
from 0.56 to 0.90 for corn and 0.56 to 0.85 for soybean across the MRB
(Fig. S5(a and b)). Similarly, the R? ranges from 0.66 to 0.90 and 0.60 to
0.85 for the corresponding crops (Fig. S5(c and d)). Similar to CROP-
WAT model, a slightly better performance in model simulations is
observed for corn crop compared to soybean at the study area. A lower
correlation coefficient and R? is observed in the central region for soy-
bean. Nevertheless, both correlation coefficient and R? suggests
AquaCrop-GIS performs well for both crops.

4.6. Irrigated corn yield during drought years

The result of the integrated modeling framework depicts a wide
spectrum of yield change under irrigation relative to the rainfed yield at
MRB during drought years. The irrigated corn yield is noted to change
from 10% to 259% with the highest yields observed for 100% irrigation
of IWR in the year 2012 (Fig. 10(k)). On the contrary, the lowest in-
crease in corn yields (10 — 29%) is noted for the 50% irrigation of IWR,
particularly in the western region (Mississippi) and northern region of
the years 2008 and 2011 respectively. This potential low increase in
yields is obvious pertaining to the unmet crop water demand during
droughts even under irrigated conditions. Although, the eastern region

(c) 2012

(12016

Fig. 10. Percent change in corn yield under irrigated conditions relative of rainfed corn yield at 50% of IWR for the years (a) 2008, (b) 2011, (c) 2012, and (d) 2016;
75% of IWR for the years (e) 2008, (f) 2011, (g) 2012, and (h) 2016); and 100% of IWR for the years (i) 2008, (j) 2011, (k) 2012, and (1) 2016 simulated by integrated
CROPWAT-AquaCrop-GIS modeling framework. Note: The average rainfed corn yield for whole MRB is 7.70 t/ha.
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(Georgia) of the basin experienced severe to extreme droughts in the
year 2012, a higher increase in the corn yield (70 — 109%) is observed
under 50% irrigation for the corresponding region relative to the central
(Alabama) and western (Mississippi) regions (Fig. 10(c)).

In the case of 75% irrigation of IWR, a hike in the simulated yield is
observed relative to the 50% irrigation for all counties irrespective of the
drought years. Overall the increase in corn yield ranges from ~50% to
179% for all four drought years. A majority of the counties are noted to
have a yield increase within the range of 100-159% for the year 2012
(Fig. 10(g)). This pattern of potential yield increase is consistent with
that of the 50% irrigation of IWR for the eastern counties which expe-
rienced severe to extreme droughts for the year 2012. In case of the year
2016, the western counties (including Alabama and Mississippi) expe-
rienced a yield increase of 20 — 79%, whereas, the central (Alabama) and
eastern (Georgia and Tennessee) counties observed to have an increase
in yield within the range of 120 — 179%. This potential low yield in-
crease in the western counties can be attributed to the near-normal
precipitation conditions in the region in 2016 reflecting that IWR is
met by the precipitation. On the other hand, for the eastern counties,
persistent drought during the cropping period resulted in unmet IWR,
which is supplemented by 75% irrigation resulting in a higher yield
increase.

The corn yield simulated for 100% irrigation of IWR illustrates that
the yield increase ranges from 70 to 239%, 70 to 219%, 80 to 259%, and
30 to 209% for the years 2008, 2011, 2012, and 2016 respectively across
all the counties relative to the rainfed corn yield (Fig. 103, j, k and 1)).
The maximum and minimum yield increases are observed for the years
2012 and 2016, which corresponds to the highest and lowest drought
intensities respectively. Interestingly for three out of four years (2008,

(a) 2008
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2012, and 2016), the peak increase in irrigated corn yield is observed for
the eastern region (state of Georgia). Nevertheless, compared to all three
irrigation water application rates, 100% irrigation results in the
maximum potential increase in corn yield relative to the rainfed corn
yield for all drought years.

4.7. Irrigated soybean yield during drought years

The irrigated soybean yield results of the integrated CROPWAT-
AquaCrop-GIS modeling framework illustrates an increase in potential
yield relative to the rainfed soybean yield for all counties under all three
irrigation water application rates. The yield increase ranges from 20% to
229% throughout all counties under all three irrigation water applica-
tion rates for all four drought years (Fig. 11). For 50% irrigation water
application of IWR, the lowest potential increase in yield is noted for the
year 2008 with a magnitude of 20 to 79% in the counties of central
(Alabama) and western (Mississippi) region. However, the soybean yield
increase is higher (90 — 119%) for the eastern region counties (Georgia).
Similar results are also noted for the potential yield increase in the case
of the year 2012. While for 2011, counties in the middle and the
northern region are observed to have a lower magnitude of the potential
yield increase relative to the southern region, the potential increase in
yield is noted to range from 80% to 129% for central to eastern counties
and 20% to 49% for western counties.

In the case of 75% of irrigation water application rate of IWR, the
potential increase in soybean yield ranges from 50% to 189% across all
counties and all four years. An analogous pattern of increase in yield is
noted for the years 2008 and 2012, where the eastern counties are
observed to have the highest potential increase in yield relative to the

(d) 2016

Fig. 11. Percent change in soybean yield under irrigated conditions relative of rainfed soybean yield at 50% of IWR for the years (a) 2008, (b) 2011, (c) 2012, and (d)
2016; 75% of IWR for the years (e) 2008, (f) 2011, (g) 2012, and (h) 2016); and 100% of IWR for the years (i) 2008, (j) 2011, (k) 2012, and (1) 2016 simulated by
integrated CROPWAT-AquaCrop-GIS modeling framework. Note: The average rainfed soybean yield for whole MRB is 2.20 t/ha.
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central and western counties (Fig. 11(e and g)). The yield increase in the
case of 2016 ranges from 130% to 169% in central (Alabama state) and
eastern (Georgia state) counties, whereas, 50% to 99% in western
counties (Mississippi state).

Similar to the results of irrigated corn yield, the maximum potential
increase in yield is observed for the 100% irrigation of IWR for all years.
In Georgia and Tennessee states, the yield increase ranges from 190% to
219% relative to rainfed yield in 2008. A relatively lower increase in
yield is observed for Alabama state (100 — 169%), followed by Mis-
sissippi (80 — 129%) for the corresponding year. The southern counties
are observed to have the highest potential increase in soybean yield for
the year 2011 (Fig. 11(j)). A relatively low range of potential soybean
yield increase (100 — 139%) is observed for a majority of the counties in
the year 2012, except for the eastern counties in Alabama and Georgia
where the range is observed to be 140 — 229% for the corresponding
year. Most of the counties in 2016 are noticed to have irrigated soybean
yield in the range of 130% to 219% in Alabama, Georgia, and Tennessee
states, whereas, the yield increase is merely 100% to 139% in Mississippi
state (Fig. 11(1)).

5. Discussion

Droughts negatively impact crop yields by affecting the critical
growth stages (Deb et al., 2015; McNider et al., 2015; Yu et al., 2018). In
this study, first, county-scale agricultural drought was identified and the
results indicate a majority of the counties are impacted by droughts
during the years 2008, 2011, 2012, and 2016, with the most severe
drought during 2012. This finding is consistent with the US drought
monitor (Svoboda et al., 2002), and the SPESMI approach findings by Xu
et al. (2020). By visual comparison of the drought severity derived from
the SPESMI (Fig. 4) and rainfed corn and soybean yields (Figs. 5 and 6),
it can be clearly seen that the yield is a response to drought severity, with
lower yields noted for counties under severe to extreme droughts.
Although in this study the effect of drought intensity/severity at
different stages of the crop life cycle is not investigated, it would be
interesting to further evaluate this in a future study.

A positive relationship between detrended crop yield and SPESMI
(agricultural drought index) is found among all counties within the
MRB. A positive correlation means a higher magnitude of the drought
index (higher negative value; representing intense drought) leading to a
poor crop yield. Although a low-intensity drought does not always
guarantee a higher yield, the study region has also experienced several
low intensity and frequent flash droughts (ranging from weeks to two
months) in the past (Christian et al., 2019; Mo and Lettenmaier, 2020),
where the crop growth can be significantly reduced, if droughts occur
during the critical crop growth stages. While this analysis considered 3-
month SPESMI, the effects of short-term droughts in crop yields are not
accounted for, since this is beyond the scope of this paper. Nevertheless,
a similar positive correlation among drought indices and crop yields was
also reported by Pena-Gallardo et al. (2019) and Zhou et al. (2020) for
different crops in the major cropping belts over the CONUS. Another
significant finding of the correlation test is that higher correlation co-
efficient is noted for the state of Alabama in case of soybean crop
(Fig. 7). The underlying cause for this is most likely due to the choice of
soybean cultivar: Asgrow 46X6. Although this cultivar is a high yielding
indeterminate variety (new leaves grow even after flowering), the
cultivar is drought intolerant (Ross, 2019), since its high photosynthesis
demand provokes high water stress during droughts, leading to early
plant death. On the other hand, farmers of Georgia, Tennessee, and
Mississippi choose a drought-resistant cultivar “USDA-N8002” over
other traditional cultivars (Carter et al., 2016) which exhibits delayed
canopy wilting even under drought stress leading to higher yield relative
to Asgrow 46X6 cultivar.

As mentioned earlier, the novel part of this study is integrating an
IWR model and a spatial crop yield simulation model in the robust
estimation of crop yields during drought years while accounting for the
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simulated IWR/irrigation scheduling within the framework. The initial
step requires, stand-alone calibration of both models, and the results of
model performance are presented in Figs. S1 and S2 (supporting infor-
mation file); and calibration parameters are presented in Figs. 8 and 9. It
is worth noting that the poor CROPWAT model performance during
validation for corn in the eastern counties is likely due to the underes-
timation of the plant available water by the model, particularly in
Georgia. This is because Georgia has the highest number of farmland in
the region leading to a significant amount of soil preparation (tillage)
and since the model employs the USDA soil conservation service
approach of effective rainfall calculation (which is empirical), the model
likely fails in the robust calculation of the water loss leading to inac-
curate estimation of plant available water. Similar poor CROPWAT
model performance in agriculture dominant regions were also reported
by Awad et al. (2021) and Babu et al. (2015). Overall, these results
indicate both models are in good agreement with the observed/reported
variables across all counties.

While the overall area under irrigation in the US continues to rise,
specifically in the major corn and soybean belts, rainfed agricultural
practices are dominant in the deep southern states (Portmann et al.,
2010). The results of this study indicate that IWR varies spatially and
temporally at MRB. For instance, IWR ranges from 80 to 319 mm and 60
to 419 mm during the years 2008 and 2012 respectively for corn (Fig. S6
(a and ¢)). Similarly, IWR varies between 0 and 259 mm and 40 to 419
mm for the corresponding years respectively in the case of soybean
(Fig. S7(a and c)). This illustrates that a significant amount of water
required by crops is unmet by precipitation during drought years.
Another critical finding of the IWR simulation is that the severe to
extreme drought-impacted counties show higher IWR. This is apparent
since during droughts vapor pressure deficit is higher relative to the
normal precipitation period and this results in higher transpiration from
crops (Luo et al., 2016). Although, it is also argued that during water
stress, crops either roll up or reduce intake of sunlight to reduce
photosynthesis and thus the lowering water requirement; however, crop
transpiration does not significantly reduce until the soil moisture falls
below 50% of the available water capacity (Schneekloth and Andales,
2017). Nevertheless, this study indicates that the IWR is higher in the
counties experiencing severe to extreme droughts.

The simulation of the integrated framework illustrates the maximum
yield can be potentially achieved at the counties which experience the
most intense droughts. This is obvious since supplemental irrigation
eliminates plant water stress (Fereres and Soriano, 2007). It is note-
worthy that during intense droughts, higher temperature leads to
increased plant water use and this contributes to high plant mortality
rate/reduced yield since water is unavailable during droughts under
rainfed agriculture (Will et al., 2013). Another important finding of the
integrated modeling framework is that the maximum yield can be
attained by 100% irrigation of IWR in the most intense drought-affected
counties for both crops (Figs. 10 and 11). These findings highlight that in
order to meet the water demands of increasing the corn and soybean
yields, irrigation is imperative and hence a change in the current agri-
cultural practices is crucial to combat these negative impacts of droughts
and make the region more self-reliant. Moreover, given the projected
scarcity of water in the future, judicious use of water is critical and in-
tegrated modeling approaches such as one suggested here can play a
decisive role in increasing crop yield under droughts relative to the
concurrent practices.

While global gridded crop models are also available in literature
which can be forced with IWR datasets, due to their coarse spatial res-
olution (grid size often >70 km), the results are unreliable and are not
applicable for regional to county-scale irrigation water planning and
management. Moreover, these models require high performance
computing and high-level coding skills. Whereas, the integrated
modeling framework employed here is widely applicable for regional-
scale studies and does not require high coding expertise, and can be
used by a water modeler for simulating robust county-scale agricultural
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plans under droughts. The authors acknowledge that a limitation of this
study is lumping the spatial soil characteristics at county-scale in the
integrated modeling framework. However, this study intends to
demonstrate the applicability of the novel framework at county-scale for
better agricultural planning and management under drought conditions
in rainfed dominant regions. Of course, with the availability of finer
spatial information (farm-scale or micro-basin scale crop yield, weather
dataset, and soil information) the outputs of the integrated modeling
framework can be of further help for micro-basin scale agricultural
management. It is also critical to note that although more irrigation
water requires higher monetary investment (including water cost,
installation, and maintenance of the irrigation system), analyzing this
and identifying the optimal irrigation water application rate while ac-
counting for the irrigation costs is beyond the scope of this paper.

A plethora of studies have coupled crop models with hydrological
(both surface water and groundwater) and irrigation models in the past
(e.g. McNider et al., 2015; Mcnider et al., 2011; Lopez et al., 2017;
Rossetto et al., 2019; Roy et al., 2019; Sabzzadeh & Shourian, 2020).
While these studies are conducted with the primary objective of opti-
mization of irrigation using subsurface water retention technology,
developing irrigation scheduling in a crop model, and simulating
conjunctive use of irrigation water resources, none has applied a multi-
model integration framework in simulation of maximizing the potential
crop yields using irrigation under droughts. Moreover, although Aqua-
Crop (the core component of the AquaCrop-GIS model) is a widely used
model globally, the application of the spatial version of the model i.e.,
AquaCrop-GIS model employed in this study is limited, therefore, this
study further reinforces the latter’s applicability at the basin-scale.
Furthermore, the model integration framework proposed in this study
is simple and provides the flexibility of model selection (since models
used in this framework can be replaced by other models) over other
published studies. Hence, it is a versatile framework and its further
application is suggested at a continental/country scale for robust irri-
gation planning and management.

6. Conclusion

While crop yields under rainfed cultivation practices generally
decline during droughts, irrigation can play a critical role in reducing
crop yield loss. However, given the constraint of water scarcity during
droughts, an accurate estimation of the IWR and irrigation scheduling is
critical. Therefore, this study presents a novel integrated modeling
framework by using two parsimonious models namely, CROPWAT (an
IWR simulation model) and AquaCrop-GIS (a spatial crop yield simu-
lation model) to simulate corn and soybean yields at county-scale under
droughts in the MRB. The calculation of SPESMI (agricultural drought
index) suggests mild to severe droughts varying spatially across the
counties during the years 2008, 2011, 2012, and 2016. Additionally, a
moderate to strong positive correlation is also noted among SPESMI and
detrended crop yields across the counties. Furthermore, the integrated
modeling approach reveals an increase in corn and soybean yields
ranging from 10% to 259% and 20% to 229% respectively under
different irrigation water application rates relative to rainfed crop yield
for the four drought years within MRB.

Although the integrated modeling framework presented in this study
is time-consuming, it is essential in the Deep South region and other
similar regions where droughts are frequent and recurrent, and farmers
generally practice rainfed agriculture (Craig et al., 2019). The integrated
modeling framework simulates IWR and crop yield robustly and helps in
devising better irrigation planning and management under drought
conditions. This is because the integrated modeling framework is
capable of intaking the current operational weather prediction as input
in calculating appropriate IWR and resulting potential increase in the
crop yields, especially during forecasted droughts. Furthermore, the
findings of this study can be used by state or local governments for ca-
pacity building and educating farmers to transition from rainfed to
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irrigated agriculture to avoid crop yield loss in the future. It is worth
noting that shifting from rainfed to irrigated agriculture may consume
the regional surface or groundwater resources. While some regions may
be water-limited and are not capable to attain the 100% irrigation level,
the irrigation should be based on water availability. Although the aim of
this paper is not to evaluate how much water is realistically available for
irrigation during droughts or whether is it economically viable, the
authors plan to investigate these questions in their future research.
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