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A B S T R A C T

Groundwater pumping for irrigation has led to declining groundwater levels in agricultural areas around the 
world, including the U.S. High Plains Aquifer. Here, we used a process-based crop model, AquaCrop, to assess the 
effectiveness of different irrigation management strategies during a synthetic multi-year drought. We focused on 
the Groundwater Management District 4 Local Enhanced Management Area (GMD-4 LEMA), a regional 
groundwater conservation program in the northwestern Kansas portion of the High Plains Aquifer. We first 
calibrated corn and sorghum AquaCrop models to simulate yield and irrigation using the Particle Swarm Opti
mization algorithm, and then applied a novel difference-based bias correction method to improve performance. 
We found that the corn models outperformed the sorghum models, likely due to limited observational sorghum 
data. However, both models performed satisfactorily during drought periods. We then evaluated the effectiveness 
of the groundwater conservation program in reducing water use during a synthetic five-year drought under three 
irrigation strategies. During the synthetic drought, corn irrigation requirements were roughly double those of 
sorghum. However, even simulated corn irrigation needs were generally less than current water allocations, 
supporting past work that suggests the current GMD-4 LEMA water allocations are ineffective for conserving 
water. Model simulations also indicated that water conservation strategies could reduce annual irrigation re
quirements without a substantial reduction in crop yield through improved water use efficiency, suggesting that 
lower allocations would be a feasible approach to reduce irrigation and slow groundwater decline rates.

1. Introduction

Groundwater resources across the globe are under threat due to 
unsustainable pumping rates and changes in climate (Gorelick and 
Zheng, 2015). Negative impacts of groundwater level declines include 
streamflow depletion (Lapides et al., 2023; Zipper, Brookfield, et al., 
2024), land subsidence (Miller et al., 2020; Teatini et al., 2006), 
increased groundwater extraction costs (Turner et al., 2019), saltwater 
intrusion (Peters et al., 2022), and overall decreased water quality 
(Dorjderem et al., 2020). As the climate continues to change and 
drought occurrences become more frequent (Chang and Bonnette, 2016; 
Cook et al., 2018; Dube et al., 2022), humans, natural ecosystems, and 
industries that rely on groundwater are faced with major challenges. 
Groundwater depletion is particularly challenging when there is limited 

ability to increase recharge, as is the case in some regions of the U.S. 
High Plains Aquifer (HPA). The HPA underlies 450,000 km2 of land 
covering parts of eight states (Colorado, Kansas, Nebraska, South 
Dakota, Wyoming, New Mexico, Oklahoma and Texas; High Plains 
aquifer, U.S. Geological Survey, 2024) and supplies about a third of the 
water used for irrigation in the US (Haacker et al., 2019). Continued 
depletion of the HPA poses a significant threat to food production, the 
US economy, and the livelihood of farmers (Deines et al., 2020).

Potential solutions to groundwater depletion can be classified into 
cognitive, technological, and structural fixes (Zwickle et al., 2021). 
Cognitive fixes aim to educate irrigators on the impacts of declining 
aquifer levels, while technological and structural fixes involve intro
ducing more efficient irrigation techniques and changing the factors that 
influence an irrigator’s behavior, respectively (Zelelew and Alfredsen, 
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2013). Groundwater management policies are an example of structural 
fixes that have been implemented to address aquifer depletion, and can 
be classified as either top-down or bottom-up practices. In top-down 
policies, a centralized government organization formulates rules, 
while bottom-up policies allow water users to develop self-governance 
strategies (Marston et al., 2022). Some have argued that top-down 
management practices tend to be less effective as irrigators have less 
input on the strategies which often leads to mistrust between the irri
gators and governing organizations (Marston et al., 2022). Additionally, 
Kiparsky et al. (2017) raised concerns about fairness and inefficiency of 
top-down management. On the other hand, bottom-up governance tends 
to promote collaboration among water users due to interdependence 
since one user’s actions affects the common pool resource and other’s 
ability to use it (Feltman, 2024). However, some have argued that 
bottom-up management practices are primarily driven by political and 
economic feasibility, rather than scientific knowledge, of the solution 
(Andresen, 2015), and therefore it is unknown how effective they may 
be.

Effective design of groundwater conservation programs is further 
challenged by climate change. Groundwater management programs 
based on current and historical water use practices may not perform as 
effectively in future climate conditions. Climate change-induced 
droughts are projected to lower crop productivity in Kansas due to 
shortening of the crop growing season and limited water availability 
(Araya et al., 2017). However, the extent to which existing groundwater 
conservation programs are effective, and whether they could be 
enhanced through alternative irrigation strategies, remains unknown. 
To address this knowledge gap, crop models can be used to simulate crop 
water productivity under varying climate and management scenarios. 
Here, we use the AquaCrop crop water productivity model to simulate 
crop yield and water use during a synthetic extreme drought to assess 
the effectiveness of a bottom-up groundwater conservation program in 
the Northwest Kansas Groundwater Management District 4 (GMD-4), 
which overlies a heavily depleted portion of the HPA. Our study asks the 
overarching questions, how effective are current agricultural water 
management practices for reducing groundwater withdrawals and what 
management strategies would be effective at reducing groundwater use 
while resilient to severe drought? To answer these questions, our study 
has three objectives: 

1. Conduct a sensitivity analysis of the AquaCrop model to determine 
influential parameters with respect to simulated yield and water use 
for irrigated corn and sorghum

2. Calibrate and validate the AquaCrop model for irrigated corn and 
sorghum crop productivity and irrigation requirements

3. Assess the effectiveness of different irrigation and crop choice stra
tegies for groundwater conservation programs under a synthetic 
multi-year drought.

2. Study area: GMD-4 LEMA

GMD-4 is a 12,623 km2 district overlying the HPA in semi-arid 
northwestern Kansas and includes ten counties (Fig. 1). Soils in the 
GMD-4 include the Ulysses-Colby Association (deep, grayish-brown to 
dark grayish-brown silt loams), which is found in the western region, 
and the Holdrege-Ulysses Association (deep to moderately deep, dark 
grayish brown silt loams and moderately deep gray clays) in the eastern 
region (Northwest Kansas Groundwater Management District No. 4: 
Revised Management Plan. 2021). Annual precipitation is relatively 
low, averaging 432 mm (17 in.) in the western counties and 533 mm 
(21 in.) in the eastern counties.

Groundwater levels in GMD-4 have declined substantially since the 
onset of widespread irrigation in the area (Fig. 1). In 2012, irrigators in 
parts of Sheridan and Thomas counties (a 255 km2 area within GMD-4) 
formed a novel groundwater conservation program called a Local 
Enhanced Management Area (LEMA), commonly known as the 

Sheridan-6 LEMA (Orduña Alegría et al., 2024). The Sheridan-6 LEMA 
was a bottom-up groundwater conservation program, designed by irri
gators and enforced by the state, in which each water right was allocated 
a five-year (2013–2017) total of 1397 mm (55 in.) per irrigated ha with 
some variations based on water right. This target translated to an overall 
20 % pumping reduction from historic (2002–2012) average use (Deines 
et al., 2021; Drysdale and Hendricks, 2018). Assessment of the first cycle 
(2013–2017) of the Sheridan-6 LEMA showed that it was a major suc
cess: there was an overall 67 % decrease in the rate of water table 
decline and evidence for increases in crop profitability due to (1) 
enhanced irrigation efficiency through the use of soil moisture sensors, 
(2) switching from water intensive corn and soybeans to more drought 
tolerant sorghum and wheat, and (3) prioritizing highest net profits over 
highest yields (Butler et al., 2018; Deines et al., 2019, 2021; Orduña 
Alegría et al., 2024; Whittemore, Butler, Bohling, et al., 2023). The 
Sheridan-6 LEMA has subsequently been renewed for additional 
five-year cycles for 2018–2022 and 2023–2027. However, the first 
LEMA cycle was characterized by average to wetter-than-average 
weather conditions (Fig. S3) and the LEMA has not yet been stressed 
by a severe and prolonged multi-year drought.

The success of the Sheridan-6 LEMA led to the creation of a district 
wide LEMA covering the rest of GMD-4 in 2018. However, the goals and 
groundwater allocations within the GMD-4 LEMA differed significantly 
from those of the Sheridan-6 LEMA. In the GMD-4 LEMA, groundwater 
levels measured between 2004 and 2015 were used to group areas with 
similar annual groundwater decline rates into township groups. Water 
allocations were then set based on a combination of historic ground
water decline rates (with lower allocations for areas with higher decline 
rates) and position within GMD-4 (with lower allocations in the eastern 
portion of the district where mean annual precipitation is higher). As a 
result, 49 townships were identified and five-year water allocations 
ranged from 2286 mm (90 in.) to 1638 mm (64.5 in.) (Fig. 2). For irri
gators within the Sheridan-6 LEMA, the more stringent limits of the 
Sheridan-6 LEMA superseded these township-level allocations.

3. Methods

To assess the effectiveness of the GMD-4 LEMA under severe drought, 
we used a process-based crop model (AquaCrop) trained on historical 
data. In this section, we describe the AquaCrop model, the input and 
observational data used, and the calibration and model bias correction 
methods used, and the drought scenarios simulated.

3.1. AquaCrop model

A number of carbon-, radiation-, and water-driven crop models have 
been used to simulate crop productivity using mathematical relations 
that link the crop, environmental, and management conditions. Com
mon crop models used for assessing irrigation and yield response to 
variable climate and management conditions include AquaCrop 
(Steduto et al., 2009), DSSAT (Jones et al., 2003), APSIM (McCown 
et al., 1996), EPIC (Cavero et al., 2000), AgroIBIS (Kucharik, 2003), and 
ARCWHEAT (Weir et al., 1984). These types of models have been 
applied to address a variety of management-relevant questions in irri
gated landscapes, including the impacts of limiting irrigation on crop 
yield (Araya et al., 2016; Araya, Kisekka, Vara Prasad, et al., 2017), the 
effects of rooting depth and planting density on crop yield (Nyakudya 
and Stroosnijder, 2014), evaluating drivers of drought resilience (Zipper 
et al., 2015; He et al., 2014), and quantifying the impacts of projected 
climate change on crop yield (Onyekwelu et al., 2024; Reilly et al., 
2003).

The AquaCrop model is a widely-used crop water productivity model 
developed by the United Nations Food and Agriculture Organization. 
AquaCrop uses a soil water balance approach at the daily timestep to 
calculate the growth and water requirements for agricultural crops (Raes 
et al., 2009). Crop growth and irrigation requirements are determined 
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Fig. 1. Map showing the High Plains Aquifer and measured decreases in aquifer thickness in the Groundwater Management Districts in Kansas since the onset of 
widespread pumping for irrigated agriculture. The GMD-4-LEMA is made up of 10 counties in northwest Kansas (CH-Cheyenne, RA-Rawlins, DC-Decatar, SH- 
Sherman, TH-Thomas, SD-Sheridan, GH-Graham, WA-Wallace, LG-Logan, and GO-Gove). The Sheridan-6 LEMA is represented by the solid-white line. 
Figure modified from Whittemore et al. (2023) under CC-BY license.
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primarily by the soil water depletion in the root zone. For irrigated 
crops, the user can set a soil moisture threshold (smt) to trigger irriga
tion. The smt is defined as a percentage of the Total Available soil Water 
(TAW), which is the depth of plant available water in the root zone at 
field capacity (WFC) after subtracting out the depth of plant available 
water at permanent wilting point (WPWP) as shown in Eq. 1: 

TAW = WFC − WPWP (1) 

The irrigation depth is then calculated based on the soil water 
depletion as described in the Supplementary Material. The crop growth 
is simulated daily by first estimating canopy cover (CC) followed by the 
growth of above-ground crop biomass which is estimated using the 
product of the ratio of the daily ratio of transpiration (Tr) to reference 
evapotranspiration (ETo) and the normalized water productivity (WP*). 
From biomass (B), crop yield can then be calculated as the product of the 
reference harvest index (HI0), B, and the harvest index adjustment factor 
for stress (fHI) such as soil water depletion and excess heat or cold (Eq. 
2): 

Crop Yield(Y) = fHI ∗ B ∗ HI0 (2) 

In this study, we used AquaCrop-OSPy, which is the open source 
Python implementation of AquaCrop (Foster et al., 2017; Kelly and 
Foster, 2021), referred to as ‘AquaCrop’ throughout the manuscript for 
brevity. A more detailed description of AquaCrop is provided in the 
Supplemental Material and associated references.

3.2. Data Sources

The required input for the AquaCrop model includes daily meteo
rological data (precipitation, minimum temperature, maximum tem
perature, and reference evapotranspiration), crop parameters, 
management parameters, and soil data (Xing et al., 2017). Since this 
study focused on regional groundwater conservation patterns, we 
consolidated the field-scale level input data and calculated the county 
level average soil and average daily meteorological conditions as 
described below. For the 2006–2020 study period, we used a cultivated 
field dataset (Gao et al., 2017) to extract the dominant annual crop type 
from the United States Department of Agriculture National Agricultural 
Statistics Service (USDA NASS) Cropland Data Layer (CDL) (USDA - 
National Agricultural Statistics Service - Charts and Maps - County Maps, 
2023) and irrigation status from the Annual Irrigation Maps - High 
Plains Aquifer (AIM-HPA) dataset as in Zipper et al. (2024). Since our 
study focused on irrigated corn and sorghum, we averaged soil type from 
the Probabilistic Remapping of SSURGO (POLARIS; Chaney et al., 2016) 
dataset and daily meteorological data from the Gridded Surface Mete
orological (gridMET; Abatzoglou, 2013) dataset. Planting dates for each 
year were defined based on the annual planting dates in the north
western Kansas region since field-specific planting dates were not 
available (USDA - National Agricultural Statistics Service - Charts and 
Maps - County Maps, 2023).

To calibrate and evaluate the model’s performance, we used 

Fig. 2. Map showing the GMD-4 LEMA zones (vertical lines with the zone number at the bottom) and water allocations. The LEMA allocated are set at the resolution 
of townships, which are 9.7 × 9.7 km (6 ×6 miles) squares of land defined as part of the Public Land Survey System. The purple boxes represent the GMD-4 LEMA 
Level 1 allocations (townships with a 0.5 % - 1.0 % average annual decline), yellow boxes the GMD-4 LEMA Level 2 allocations (townships with a 1.0 % - 2.0 % 
average annual decline), and the red boxes the GMD-4 LEMA Level 3 allocations (townships with +2.0 % average annual decline). Figure modified from map 
prepared by Shannon Kenyon.
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observed irrigation and crop yield data for each county. Irrigation 
depths in the GMD-4 region were extracted from the Kansas Water In
formation and Management and Analysis System (WIMAS) well data 
(WIMAS, 2023) a statewide pumping database that irrigators are 
required to submit annual pumping volumes, crop types, and irrigated 
acreage. Following methods by Obembe et al. (2023), we first excluded 
wells that reported irrigation on areas < 40 acres or > 500 acres, and 
those with irrigation depths outside of the 1st and 99th percentile, to 
eliminate outliers that may be linked to misreported or misrecorded 
data. For each county and year, we then calculated the annual median 
irrigation depth for corn and sorghum. We eliminated counties where 
the specified crop (corn or sorghum) was grown less than three times 
over the entire study period to ensure a more robust analysis.

We obtained annual county level yield data for the 2006–2020 
period for the 10 counties in the GMD-4 area from the Kansas State - 
Extension Yield Correlation Tool (https://www.agmanager.info/crop 
-insurance/crop-insurance-papers-and-information/kansas-yield-corre 
lation-tool) which uses data reported by the United States Department of 
Agriculture Risk Management Agency (USDA-RMA), and the United 
States Department of Agriculture National Agricultural Statistics Service 
(USDA/USDA/USDA/NASS QuickStats Ad-hoc Query Tool, 2023). We 
compared the two yield datasets and excluded any counties or years 
where the difference between them exceeded 10 % to account for po
tential errors in the reported data since the two data sources are 
aggregated in different ways. Due to multiple missing observations in 
the USDA NASS dataset, the USDA-RMA data was used as the primary 
dataset. For instances where there were missing observations in the 
USDA-RMA dataset, the USDA-NASS was used to fill the gaps and 
complete the dataset. We eliminated the years and counties where hail 
and freeze caused significant crop losses, since these processes are not 
simulated by AquaCrop. To do this, we removed county-years from the 

dataset where losses due to hail and/or freeze exceeded $1,000,000 as 
reported in the loss data from the United States Department of Agri
culture Risk- Management Agency.

3.3. Sensitivity analysis, calibration, and bias correction

The AquaCrop model was calibrated using observed yield and irri
gation depth data reported between 2006 and 2020 in the ten GMD-4 
counties (Fig. 1). We first used the Sobol Method (Sobol, 1993) to 
identify influential model parameters for simulating crop yield and 
irrigation requirements, and then used a Particle Swarm Optimization 
(PSO) algorithm to calibrate parameters that were identified as sensitive 
and applied a difference bias correction method to improve model 
performance (Fig. 3).

3.3.1. Sensitivity analysis
Our sensitivity analysis was intended to identify parameters with the 

greatest influence on simulated corn and sorghum yield and irrigation 
under dry, normal, and wet meteorological conditions. We used 12 
scenarios which were a factorial combination of the meteorological 
condition (dry, normal, or wet year, defined based on the lowest, me
dian, and highest annual precipitation during the model period), crop 
type (corn or sorghum), and response variable (irrigation or yield). For 
each sensitivity analysis scenario, the Sobol method (Sobol, 1993) was 
applied to crop parameters related to (1) crop development and tran
spiration, (2) biomass and yield, (3) water stress, and (4) management 
using the SALib Python package (Herman and Usher, 2017). We evalu
ated a total of 12 parameters for corn and 8 parameters for sorghum 
(Table S1). Parameter ranges used in this study were obtained from the 
model documentation (Raes et al., 2023) and previous studies in the 
surrounding regions (Araya et al., 2016; Araya, Kisekka, Lin, et al., 

Fig. 3. Methodology for calibrating the AquaCrop model integrating sensitivity analysis, model calibration, and bias correction.
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2017; Masasi et al., 2019). For example, the maximum daily and sea
sonal irrigation depths during the calibration period were 6.5 mm and 
600 mm for corn, and 6.5 and 450 mm for sorghum based on field ob
servations from Kansas State Research and Extension (Ciampitti et al., 
2022, 2023) and each crop’s maximum observed irrigation depths from 
WIMAS. For parameters included in the sensitivity analysis, we analyzed 
the first, second and total indices, which were summed to define the 
total sensitivity index (ST). To distinguish between the influential and 
non-influential parameters, we defined a threshold: parameters with ST 
greater than 10 % of the maximum ST from each scenario were defined 
as influential. Please refer to the Supplementary Material and Ndlovu 
(2024) for more details on the sensitivity analysis methods and findings.

3.3.2. Calibration using particle swarm optimization (PSO)
Particle Swarm Optimization (PSO) is a bio-inspired global optimi

zation algorithm based on the social behavior of biological organisms 
such as a flock of birds or a school of fish (Kennedy and Eberhart, 1995; 
Reynolds, 1987). In PSO, each particle in the swarm moves in a multi
dimensional search space over a given time, which is determined by the 
number of iterations. Each particle in the search space represents a 
potential solution which optimizes the objective function (Umapathy 
et al., 2010). The particle swarm optimization (PSO) algorithm was used 
because it is easier to implement, has fewer parameters, converges 
faster, and requires fewer computational resources than other global 
optimization methods (Liu et al., 2022; Noel, 2012).

The user specifies the population size of the ‘swarm.’ For each par
ticle within the swarm, initial parameter values are randomly generated 
from a uniform distribution within the user specified bounds. The PSO 
implementation followed methods documented in previous studies (Poli 
et al., 2007; Wagner et al., 2020) to estimate coefficients for parameters 
identified as influential by the sensitivity analysis (Table 1) that maxi
mized model fit to observed county-resolution crop yields and irrigation 
depths. We used a swarm size of 100 with 500 as the maximum number 
of iterations. Other required PSO parameters were ω (set to 0.5 following 
Eberhart and Shi, 2001), c1 and c2 (set to 2). For c1 and c2, values that 
are less than or equal to two are mostly used (Anandakumar and Uma
maheswari, 2018). The algorithm was set to terminate when the mini
mum change in swarm’s best position and objective value were 1x10− 8 

and 0.1, respectively, or when the maximum number of iterations was 
reached. We defined the weighted least square’s objective function as 
follows: 

S(b) =
∑

wy[ytc − ytc(b) ]2 +
∑

wi[itc − itc(b) ]2 (3) 

where:
w = weight of the observation where wy and wi are the weights for 

yield and irrigation depth, respectively. The weights are calculated as 1/ 
variance.

y = observed yield (t/ha)
y(b) = simulated yield (t/ha)
i = observed irrigation depth (mm)
i(b) = simulated irrigation depth (mm)
tc = summations done over all counties and years in the training data
While the focus of our scenario analysis is severe drought, we 

incorporated all counties and years with available data into our cali
bration and validation to increase the data available for calibration 
purposes, thereby reducing equifinality, and because we do not expect 
these parameters to be different in drought years. We randomly split the 
observed yield and irrigation data into calibration and validation using 
an 80:20 split. We also used multi-model analysis and model selection 
(Barnhart et al., 2020; Hill and Tiedeman, 2007) to (1) compare alter
native models and (2) quantify the uncertainty of the model calibrations. 
Following recommendations by Hill and Tiedeman (2007), fifteen 
alternative models were developed through a factorial combination of 
the (1) three initial soil water contents (field capacity (FC), saturation 
(SAT) and wilting point (WP)) and (2) five random model input re
alizations. From these, we selected the best overall model for each crop 
to simulate irrigation depth and crop yield, which used FC for initial soil 
water content (Fig. S1, Fig. S4, Fig. S5, Table S3, Table S4). Model 
performances were evaluated using the Kling-Gupta Efficient (KGE; 
Gupta et al., 2009), root mean squared error (RMSE), and RMSE 
normalized by the mean (NRMSE).

3.3.3. Difference method for bias correction
Environmental systems are complex, and even calibrated models 

have inevitable limitations due to poorly constrained parameters, 

Table 1 
Influential model parameters used in model calibration (see Supplementary Material for details on parameter selection and ranges). Highlighted rows indicate pa
rameters considered only for corn and the remaining parameters were used for both corn and sorghum.
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processes, or model conceptualization (Saltelli et al., 2020). In our 
study, we are simulating crop productivity and irrigation applications 
across the scale of a county, which integrates thousands of different 
fields and makes it impossible to precisely specify a uniform and 
representative set of parameters for all fields. Additionally, some pa
rameters are unknowable from existing data. For example, unobserved 
heterogeneity in soil properties or irrigation system efficiency would be 
likely to affect crop growth and sensitivity to rainfall variability and 
crop models are unable to represent factors such as cooling effects from 
irrigation that might limit impacts of lower rainfall on yields. As a result, 
crop models can be subject to equifinality in which a single parame
terization is unknowable (Lamsal et al., 2018).

While calibration limitations are commonly addressed via bias 
correction in hydrological and climate models (Acharya et al., 2013; 
Bosompemaa et al., 2025; Fang et al., 2015; Jaiswal et al., 2022), bias 
correction has not been widely applied to crop models, despite the po
tential to improve model simulation outputs. However, a handful of 
studies suggest that bias correction can improve simulated crop yields 
for several other crop models, such as the GLAM model (e.g. Watson 
et al., 2015; Yang et al., 2016; Ramirez-Villegas et al., 2017), while 
post-hoc yield scaling has also been employed successfully in large-scale 
regional or global applications of AquaCrop such as by Mialyk et al. 
(2022) and Su et al. (2025).

We have not, however, observed bias correction methods applied 
jointly to yield and irrigation estimation in a regional crop model. Here, 
we evaluated the ability of the difference method of bias correction, 
which establishes a correction factor based on the difference between 
the observed and simulated data (Kaur and Kaur, 2023), to improve crop 
yield and irrigation simulation performance. We selected the difference 
method because it produced lower errors and was more efficient in a 
comparison of multiple bias-correction models for climate projections 
(Kaur and Kaur, 2023). We implemented the difference method by 
establishing two additive correction factors; one for the predicted 
annual crop yield and another one for the irrigation. Both crop yield and 
irrigation were bias-corrected with a correction factor as follows: 

Y∗
pred = Ypred + Ĉ (4) 

where Y∗
pred and Ypred denote the bias-corrected and calibrated model 

predictions for crop yield or irrigation. Ĉ is the correction factor or 
estimated model residuals, which is calculated for all the years and 
counties using the linear relationship between the model predictions 
(Ypred) and the model residuals: 

Ĉ = mYpred + b (5) 

where m and b are the slope and intercept of the regression line, 
respectively. Fig. 4 shows an example of the relationship between re
siduals and simulated values that is used to develop the relationship in 
Eq. 5. We used a linear regression since we observed a strong linear 
relationship between simulated values and the residual (Fig. S4 and 
Fig. S5), though the method would be adaptable to other functional 
forms.

3.4. Assessing LEMA effectiveness during drought

To simulate the potential effectiveness of the GMD-4 LEMA to severe 
drought, we used historic (2006–2020) meteorological data from the 
region to create a synthetic dataset with the five lowest growing season 
precipitation years during the study period (2012, 2020, 2006, 2013, 
and 2007; Fig. S3). For a spin-up prior to the drought, we also included 
five randomly selected non-drought years (Fig. S3). We then used the 
bias-corrected corn and sorghum models to simulate crop yield and 
irrigation requirements during spin-up and synthetic drought period, 
and assessed the impact of different water management strategies on 
crop productivity and irrigation requirements during the synthetic 
drought.

As discussed in Section 2, the LEMA operates on a five-year water 
allocation system and water allocations vary spatially (Fig. 2). To assess 
the impacts of water conservation on crop yield and irrigation re
quirements during the drought period, we evaluated three irrigation 
strategies: Conservative (CV), Current Status (CS), and Unlimited Water 
(UW). We defined the CS scenario as the calibrated and bias-corrected 
models, which reflect the current irrigation practices. The target irri
gation requirements under the CV and CS scenarios were based on 
regional irrigation practices. We then reduced the smt thresholds by 
10 % to create the CV scenario, and increased the smt thresholds by 10 % 
and increased the maximum allowable seasonal irrigation to create the 
UW scenario (Table 2). The model defaults for maximum seasonal irri
gation were used for the UW scenarios. The other model parameters 
remained unchanged from the calibration process.

4. Results and discussion

4.1. Sensitivity analysis

Results from the sensitivity analysis showed that there were more 
influential parameters for crop yield compared to irrigation depth 
(Table 3, with sensitivity indices plotted in Fig. S2A, Fig. S2B). This is 
likely because yield simulation is more complex than irrigation simu
lation in AquaCrop; the equations governing yield production begin 
with water balance calculations prior to seed germination and continue 
through to the estimation of yield based on biomass towards the end of 
the plant growing cycle. For irrigation, the only influential parameters 
were rtx and the smt parameters. The rtx parameter controls the rooting 
depth, which defines the depth to which soil water can be used by the 
plant, and the smt parameters all determine when and how much water 

Fig. 4. The relationship between simulated values and model residuals used to 
establish the correction factor for bias correction. Specific relationships for all 
models are shown in Fig. S4 and Fig. S5.

Table 2 
Irrigation strategies used to assess the effectiveness of the GMD-4 LEMA. The 
LEMA is represented by the CS parameter values from the model calibration. The 
soil moisture threshold (SMT) values are decreased and increased by 10 % under 
Conservative (CV) and Unlimited Water (UW) conditions, respectively to 
represent variations in conservation strategies.

Parameter Conservative (CV) Current Status 
(CS)

Unlimited Water 
(UW)

Max Irrigation 
(Corn)

600 mm 600 mm 1000 mm

Max Irrigation 
(Sorghum)

450 mm 450 mm 1000 mm

SMT Calibrated value - 
10 %

Calibrated 
value

Calibrated value 
+ 10 %
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is applied to the crop. For corn and sorghum yield, the biomass and yield 
formation parameters (wp and hi) and a stress parameter (hipsveg, which 
links restricted vegetative plant growth to yield changes) were influ
ential in addition to smt values. Additionally, we identified the canopy 
development and senescence parameters (ccx, rtx, and kc) as sensitive, 
aligning with findings from past studies (Lu et al., 2021; Ran et al., 
2022). To calibrate the model for each crop, we used the influential 

parameters identified for yield or irrigation across any of the three 
meteorological scenarios (Table 3, last row). Influential parameters 
were calibrated while non-influential parameters were fixed to simplify 
the model calibration.

4.2. Model calibration and bias correction

4.2.1. Overall model calibration and bias correction
For corn, KGE for simulated irrigation depth indicated that the skill 

of the model (-0.01 ≤ KGE ≤ 0.04; Fig. 5, Table S3) exceeded the 
performative benchmark of KGE = -0.41 (Knoben et al., 2019). 
Furthermore, the corn irrigation RMSE were comparable between the 
calibration (127 mm) and validation (138 mm) stages, which indicated 
that the model was not subject to overfitting. Due to the similar RMSE, 
the NRMSE was also similar in the calibration and validation steps. 
While the models performed satisfactorily in simulating irrigation 
depths during calibration and validation, we observed poor KGE values 
for corn yield during both stages (KGE ≤ − 0.41; Table S3). Despite the 
fair NRSME values (NRMSE < 0.3) for yield during these stages, the 
RMSE values were high (3.2 t/ha ≤ RMSE ≤ 3.5 t/ha) and above those 
reported in the literature, which ranged between 0.14 t/ha and 1.77 
t/ha (Ahmadi et al., 2015; Heng et al., 2009; Paredes et al., 2014; 
Sandhu and Irmak, 2019). The performance of the sorghum models were 

Table 3 
List of sensitive parameters for irrigation depth and crop yield under different 
meteorological conditions. The bold final row indicates the full list of parameters 
used to calibrate the models. Parameters are defined in Table 1.

Variable and 
Scenario

Sensitive Parameters 
(Corn)

Sensitive Parameters 
(Sorghum)

Irrigation, dry year rtx, smt1, smt2, smt3 rtx, smt1, smt2, smt3
Irrigation, normal year rtx, smt1, smt2, smt3 rtx, smt1, smt2, smt3
Irrigation, wet year rtx, smt1, smt2 rtx, smt1, smt2
Yield, dry year rtx, smt1, smt2 rtx, hi, smt1, smt2
Yield, normal year ccx, rtx, kc, wp, hi, smt1, 

smt2, smt3
ccx, wp, hi, smt2, smt3

Yield, wet year ccx, rtx, kc, wp, hi, hipsveg, 
smt1, smt2

ccx, rtx, kc, wp, hi, smt1, 
smt2

Parameters used in 
calibration

ccx, rtx, kc, wp, hi, hipsveg, 
smt1, smt2, smt3

ccx, rtx, kc, wp, hi, 
smt1, smt2, smt3

Fig. 5. Comparison of simulated and observed corn (left column) and sorghum (right column) irrigation (top row) and yield (bottom row) during the calibration, 
validation, and bias-correction steps.
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generally worse for both irrigation and yield compared to the corn 
models (Fig. 5). For sorghum irrigation, we observed ‘acceptable’ KGE 
values (KGE ≈ 0.07) and high RMSE (133 mm ≤ RMSE ≤ 143 mm) and 
NRMSE (0.62 ≤ NRMSE ≤ 0.85) values during the calibration and 
validation stages (Fig. 5, Table S4). For sorghum yield, KGE values were 

poor while RMSE and NRMSE were less than 2.6 t/ha and 0.38, 
respectively during both stages.

We observed a significant improvement in the model performances 
for both crops and variables after applying the bias correction (Fig. 5). 
For the corn and sorghum models, there was high correlation between 

Fig. 6. Comparison of observed, calibrated and bias-corrected irrigation and yield for corn over the 2006–2020 period for each county in the study domain. The blue 
and gray boxes show the bias-corrected NRSME values for irrigation and crop yield, respectively. The panels are arranged based on the location of the counties 
(Fig, 1).
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the simulated values and the residuals prior to the bias correction pro
cess (yield r2 ≥ 0.66; irrigation r2 ≥ 0.86; Fig. S4, Fig. S5), which meant 
that the modified difference bias correction approach was effective at 
improving model performance without any additional data beyond 
simulated outputs. The bias correction of the corn model resulted in fair 
crop yield and irrigation performances with ‘medium’ KGE and ‘fair’ 
NRMSE values (Table S3). After bias-correction, the corn models (RMSE 
= 1.2 t/ha (yield) and 79 mm (irrigation), NRMSE = 0.10 (yield) and 
0.22 (irrigation)) still outperformed the sorghum models (RMSE = 1.0 t/ 
ha (yield) and 87 mm (irrigation), NRMSE = 0.15 (yield) and 0.41 
(irrigation)), but for both crops and variables the bias-corrected results 
provide the best match with observations compared to non-bias- 
corrected model output. For corn yield, the RMSE and NRMSE were 
1.2 t/ha and 0.10, respectively within the range observed in other 
studies (Ahmadi et al., 2015; Heng et al., 2009; Paredes et al., 2014; 
Sandhu and Irmak, 2019). The bias correction of the sorghum model 
improved all the fit metrics and led to crop yield RMSE (1.0 t/ha) values 
that were closer to the 0.5 t/ha - 0.7 t/ha range reported by Masasi et al., 
(2019) and Fazel et al., (2023). However, the bias correction compro
mised the sorghum model’s ability to accurately simulate variations in 
observed values. Hereafter, models without bias correction are referred 
to as ‘calibrated models’ and their simulation results as ‘calibrated’, 
while those with bias correction are denoted as ‘bias-corrected models’ 
and their simulation results as ‘bias-corrected’.

4.2.2. Spatial and temporal variability in performance

4.2.2.1. Corn model. The corn model successfully captured the general 
temporal pattern observed in the irrigation depths but tended to over
estimate the variability of the fluctuations (Fig. 6A). For example, in 
2008 and 2020, as well as between 2011 and 2013, there were signifi
cant differences between the observed and calibrated irrigation depths 
in counties located in the central and eastern parts of the region (Gove, 
Logan, Rawlins, Sheridan and Thomas). In contrast, the bias-corrected 
model more accurately simulated the temporal dynamics in irrigation, 
though it tended to underestimate variability compared to observations. 
In the western counties (Cheyenne and Sherman) with higher observed 
irrigation rates, the bias-corrected model underestimated irrigation 
depths from 2006 – 2017, while it did the same in Wallace between 2006 
and 2008. The irrigation bias-correction was most effective for counties 
in the central and eastern part of GMD-4, specifically Gove, Graham, and 
Decatur (Fig. 6A).

There were fewer fluctuations in the observed corn yield across all 
counties over the study period (Fig. 6B). During the extremely dry years, 
such as 2011 and 2012, the calibrated model underestimated yield (<2 
t/ha) and overestimated irrigation requirements (Fig. 6) due to high 
temperature stress (above 35 ◦C). This is due to a combination of (1) a 
reduction in the potential harvest index due to heat stress during the 
flowering period and (2) water stress during a high crop water demand 
period. Given the proportional relationship between hi and yield, (Eq. 
2), reductions in hi result in lower yield. Moreover, temperatures above 
30 ◦C slow plant growth by limiting photosynthesis (Miller, 2018) and 
reducing grain fill (Zhao et al., 2022). Although the calibrated model 
underestimated irrigation applications between 2017 and 2019 in Gove 
and Graham counties, the simulated yields were generally comparable 
to the observed yields. Since the amount of irrigation applied is a 
function of both physical conditions (weather, soil) and human decisions 
(management strategy, resource availability), this suggests difficulties in 
simulating farmer behavior differences between years, which would not 
be well-captured by a crop model unless it explicitly simulates 
time-varying decision-making processes (i.e., Lin et al., 2024), or limi
tations related to soil hydrology that are causing incorrect relationships 
between irrigation, soil moisture, and crop water stress (Heng et al., 
2009; Sandhu and Irmak, 2019a). During these years, the 
bias-correction model substantially improved the match between 

simulated and observed yields.

4.2.2.2. Sorghum model. The performance of the sorghum model was 
impacted by the limited availability of observational data for irrigation 
and yield (Fig. 7). For example, the number of annual observed irrigated 
sorghum fields ranged from one to seventeen. Compared to corn, there 
were more fluctuations in the observed sorghum irrigation depths as 
well as lower overall irrigation rates, possibly due to the smaller overall 
amount of sorghum being grown in the area (Zipper et al., 2024) and 
therefore observed data being more subject to variability in the irriga
tion practices of sorghum growers and the influence of potential outliers. 
We believe this contributed to the model’s difficulties in accurately 
capturing the dynamics of sorghum growth (Fig. 7). Our analysis shows 
that the calibrated model tended to overestimate irrigation depths 
(Fig. 7A). For example, in 2008 and 2011, the calibrated model failed to 
simulate the decreases in irrigation depths in Cheyenne, Sherman and 
Sheridan, and instead simulated sharp increases (Fig. 7A). Additionally, 
some of the calibrated irrigation depth peaks were out of phase with the 
observed data such as those in Gove, Sheridan and Thomas. Although 
the performance of the calibrated model was generally poor across most 
counties, its performance in Graham County was exceptional and closely 
matched the observed data (Fig. 7A). Similar to corn yield, the drought 
in 2012 led to low simulated crop yields and high simulated irrigation 
depths (Fig. 7). However, due to sorghum’s greater tolerance to water 
stress (Lamm et al., 2014), simulated sorghum yields were generally 
more stable than those for corn.

Generally, the sorghum bias correction eliminated the major peaks in 
the simulated data, which led to the underestimation of the irrigation 
depths during dry years, when irrigation is higher, and overestimation of 
irrigation depths during wet years, when irrigation is lower (Fig. 7A). 
Across the nine counties with irrigation data, the bias correction resulted 
in significant improvements in Thomas and Sheridan counties, begin
ning in 2011, when irrigation depths became consistent. Although the 
calibrated model failed to closely match most of the observed yields, it 
had more variability which matched some of the trends in the observed 
data (Fig. 7B). The bias-correction yield model lowered the magnitude 
of the residuals for the study period, but it also eliminated the model’s 
ability to capture the fluctuations in irrigation and yield. Overall, the 
bias-corrected sorghum model outperformed the calibrated model 
particularly during the drier periods (2006, 2007, 2012, 2013 and 
2020), suggesting it is appropriate to use in our synthetic drought 
scenario.

4.2.3. Utility of bias-corrected models
Bias-correction is a valuable tool to improve model performance in 

other disciplines that investigate complex environmental systems, such 
as climate modeling and hydrology, but rarely used in crop modeling. 
Since the focus of our modeling exercise was assessing the potential 
effectiveness of the GMD-4 LEMA during severe drought conditions, we 
specifically examined the bias-corrected models’ capabilities during dry 
periods. As discussed in previous sections, the bias-corrected corn model 
performed satisfactorily throughout the study period (Fig. 6). During 
extreme drought periods such 2012 and 2013, the bias-corrected model 
accurately simulated the decrease in crop yield. For most counties in the 
central and eastern parts of the GMD-4 region, the increase in irrigation 
depths was correctly simulated. However, for counties in the west 
(Cheyenne, Sherman, and Wallace), which had slightly higher observed 
irrigation depths, the bias-corrected model underestimated the irriga
tion requirements by about 50 mm (approximately 8–13 % of observed 
irrigation values). On the other hand, improvements in the bias- 
corrected sorghum model were not as strong, as discussed in Section 
4.2.2, which led to less variability in biased corrected values than 
observed data (Fig. 7). While alternate bias correction approaches, such 
as a non-linear or segmented difference-based bias correction may have 
provided a better fit, the relationships between residuals and simulated 
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sorghum yield were highly linear except at the very highest residuals, 
where they flattened off (Fig. S5). This suggests that the incorporation of 
additional variables for model calibration or application of alternate 
bias-correction functional forms may be able to address these extreme 
years and improve performance. For sorghum yield, the bias-corrected 

model simulated values of about 6 t/ha while the observed yield 
ranged between 3 t/ha and 8 t/ha. In countries that experienced a major 
increase in pumping rates during the 2012 drought (Sherman and Gra
ham), the model severely underestimated the irrigation requirements by 
close to 200 mm. However, in 2006 and 2007 which had low 

Fig. 7. Comparison of observed, calibrated and bias-corrected irrigation and yield for sorghum over the 2006–2020 period for each county in the study domain. The 
blue and gray boxes show the bias-corrected NRSME values for irrigation and crop yield, respectively. The panels are arranged based on the location of the 
counties (Fig. 1).
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precipitation, the differences between the observed and bias-corrected 
crop yield and irrigation depths were within acceptable ranges and 
generally less than 1.5 t/ha and 50 mm, respectively. Since the bias- 
corrected corn model successfully captures most spatial and temporal 
patterns, we conclude that it can be effectively used in studies investi
gating regional agricultural water management objectives, including 
those focused on crop-water productivity during extreme drought.

Our analysis accounted for various sources of model uncertainty, 
such as the uncertainty due to initial soil moisture conditions, input 
parameters and the calibration optimization algorithm used. However, 
disentangling the proportions of uncertainties from each source remains 
challenging for crop models, particularly since they are primarily cali
brated and assessed relative to year-end values (yield and irrigation). 
Since many different factors interact to determine these year-end values, 
crop models are subject to model equifinality, meaning that multiple 

model parameterizations can provide similar performance (Lamsal 
et al., 2018). Therefore, it is therefore difficult to determine precisely 
which specific uncertainties the bias correction method addresses. 
Although several bias correction methods have been proposed in pre
vious literature (Section 3.3.3), a major limitation is that they typically 
require large datasets and daily-scale data. Given that our study is based 
on limited annual data, these methods were not feasible for our analysis. 
Studies such as that by Roberts et al. (2017) further demonstrate the 
potential benefits of combining statistical models with process-based 
crop simulation models, in particular to account for impacts of unob
served heterogeneity in model inputs and uncertainties in model 
parameterization and structure. Overall, our results suggest that 
bias-correction can be a potentially valuable tool to improve the ability 
of models to simulate observed irrigation and crop yield dynamics.

Fig. 8. Predicted annual irrigation depths for corn and sorghum during synthetic drought simulation under UW, CS, and CV irrigation scenarios. The horizontal lines 
represent the GMD-4 LEMA allocations (Level 1–3) in the six zones within the GMD-4 LEMA shown in Fig. 2. The blue line represents the Sheridan-6 LEMA annual 
allocation based on the 55 in./5-year LEMA cycle allocation. Error bars represent the irrigation RMSE values from the bias-corrected models.
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4.3. Effectiveness of different water management strategies during severe 
drought

4.3.1. Variation in yield, irrigation, and water use efficiency
We evaluated the effectiveness of different irrigation management 

strategies (UW, CS, and CV; Table 2) by comparing irrigation (Fig. 8), 
yield (Fig. 9), and water use efficiency (Fig. 10) averaged over our 
simulated synthetic drought scenario using the bias-corrected models 
for the counties in the GMD-4 LEMA. We compared simulated irrigation 
to the average annual GMD-4 and Sheridan-6 LEMA allocations to assess 
how each management strategy compared to authorized water with
drawals. In our study, irrigation begins earlier in the UW scenario due to 
soil moisture thresholds (SMTs) for triggering irrigation being 10 % 
higher than in the CS scenario, while it is delayed in the CV scenario due 
to SMT values being 10 % lower than in the CS scenario. As a result, 
irrigation is highest during the UW scenario and lowest during the CV 
scenario. We observed relatively minor differences in the corn irrigation 
depths between the three scenarios, with average differences between 

UW and CV scenarios of ~70 mm. The differences among years was 
greatest during the driest years and caused by variation in the timing 
and depth of irrigation application events, which was ultimately driven 
by the root zone water balance’s role in triggering irrigation (Ndlovu, 
2024). For sorghum, irrigation depths during the CS and CV scenarios 
showed little variation.

Overall, the GMD-4 LEMA water allocations tended to be greater 
than the irrigation requirements for both corn and sorghum in most 
zones and irrigation management scenarios. Only townships in Zone 1 
and 5 exceeded the Level 3 allocations under the corn UW scenario. 
However, after accounting for the model uncertainty, corn irrigation 
under CS and UW scenarios exceeded the GMD-4 LEMA Level 2 allo
cation limits in several zones. Corn cultivation under the three scenarios 
resulted in irrigation application depths that were higher than the 
Sheridan-6 LEMA allocations in all zones. Sorghum, on the other hand, 
required substantially less water than corn did for each scenario. As a 
result, under sorghum cultivation none of the water allocation thresh
olds were exceeded.

Although there were differences in the corn irrigation application 

Fig. 9. Predicted annual crop yield for corn and sorghum during synthetic 
drought simulation under UW, CS, and CV irrigation scenarios. Error bars 
represent the crop yield RMSE values from the bias-corrected models.

Fig. 10. Predicted annual crop yield water use efficiency (WUE) for corn and 
sorghum during synthetic drought simulation under UW, CS, and CV irriga
tion scenarios.
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rates across the three scenarios, their impact on crop yield was relatively 
small. Within a given county and management zone, the crop yield 
differences for both corn and sorghum were less than 1.0 t/ha (Fig. 9). 
Comparing across all six zones, for a given irrigation strategy, the 
simulated crop yields were similar (10 t/ha – 13 t/ha range) across 
counties. While some of the similarity may be linked to the bias 
correction process, in particular for sorghum (Fig. 7), the bias-corrected 
crop models were generally able to simulate yield reductions during 
drought (Fig. 5, Fig. 6), suggesting that the simulated yield dynamics are 
reasonable. However, dynamics that may occur during a severe multi- 
year drought but were not reflected in crop yield data during our cali
bration and validation period may not be captured here. In general, 
sorghum yield was approximately half of corn yield, reflecting the lower 
overall yield potential of this crop. The maximum corn yield was 13 t/ha 
while the maximum sorghum yield was 7 t/ha.

Crop water use efficiency (defined here as simulated yield per mm of 
simulated irrigation) generally showed consistent patterns between crop 
type and irrigation management scenarios (Fig. 10). Among crops, water 
use efficiency was higher for sorghum than for corn. Comparing irri
gation scenarios for a given crop, the greatest water use efficiency 
generally occurred in the CV scenario. In the easternmost portion of the 
domain (Zones 5 and 6), the water use efficiency for UW sorghum ten
ded to still be greater than for CV corn, indicating the dominant control 
of crop type over water use efficiency variation. In the western counties, 
such as Zones 1–3, CV corn tended to have a greater water use efficiency 
than UW sorghum, but lower than CS sorghum.

4.3.2. Assessment of effectiveness
Comparing the simulated annual irrigation demands for corn and 

sorghum under CV, CS and UW scenarios to the annual GMD-4 LEMA 
pumping limits shows that this LEMA is ineffective, meaning that the 
limits would not promote reductions in water use because they are 
generally higher than existing crop requirements (Fig. 8). In most 
townships and zones, the GMD-4 LEMA can effectively support corn 
irrigation, which requires approximately 400 mm on average, under all 
three scenarios, without exceeding the GMD-4 LEMA Levels 1–3 
pumping limits (Fig. 8). However, these corn irrigation requirements 
exceeded the lower average annual allocations of the Sheridan-6 LEMA 
(279.4 mm; 11 in.), which has effectively reduced water use (Orduña 
Alegría et al., 2024; Whittemore et al., 2023). These findings suggest 
that corn cultivation under the current GMD-4 LEMA allocations would 
be ineffective at conserving groundwater during prolonged droughts. 
This aligns with a previous assessment of the effectiveness of GMD-4 and 
Sheridan-6 LEMA conservation practices, which showed that the 
Sheridan-6 LEMA was more effective at reducing water use than the 
GMD-4 LEMA (Whittemore et al., 2023). Their study shows that the first 
GMD-4 LEMA achieved very little water conservation while the two 
Sheridan-6 LEMA cycles led to a 27.4 % reduction in total irrigation 
groundwater use decrease in water table decline rates from 0.43 m/year 
(1.4 ft/year) during the pre-LEMA to 0.18 m/year (0.6 ft/year) during 
the LEMA (Whittemore et al., 2023). In contrast, the GMD-4 LEMA water 
allocations, which were generally higher than the average irrigation 
water use during the pre-LEMA period, have only affected a few irri
gators with high irrigation rates due to the LEMA restrictions 
(Whittemore et al., 2023).

Our study also provides evidence that switching to sorghum culti
vation offers significant benefits for overall groundwater conservation. 
During droughts, sorghum utilizes about half of the GMD-4 LEMA Level 
2 allocations (~180 mm) under all scenarios compared to corn which 
requires ~90 % of the allocations. Furthermore, sorghum cultivation 
requires irrigation application rates that are within the Sheridan-6 
LEMA allocations, making it a sustainable option for water resource 
management in the region. While yield is also lower for sorghum 
compared to corn, it typically has a greater overall water use efficiency 
in the region (Fig. 10). However, we acknowledge that apart from crop 
water use, farmers in the region also select crops based on economic 

returns, available government programs including crop insurance, crop 
adaptability in the area and overall crop production (Hu and Beattie, 
2019; Klocke et al., 2012; Zipper et al., 2024). Based on an irrigator’s 
priority, preference may be given to corn which is used as feed grain for 
the beef and dairy industry and also for ethanol production (Bhattarai 
et al., 2020).

We also found that both crops had relatively little yield sensitivity to 
the three irrigation application rates (CV, CS, and UW) that we tested 
(Fig. 9). This may be due to one of several factors, including the rela
tively small (10 %) changes in smt values between irrigation strategies, 
issues with model calibration, or dampened sorghum yield variability 
caused by bias correction (see Section 4.2). However, other studies have 
also shown that sorghum is both more water stress tolerant and less 
responsive to irrigation compared to corn (Lamm et al., 2014). In one 
study, Klocke et al., (2012) found total irrigation depths of 25 mm 
produced 91 % of yields from the 200 mm irrigation treatment. Eck and 
Musick (1979) also indicated that sorghum yield was not affected by 
13–15 days of water stress; however, yield reductions of about 27 % and 
50 % were observed after 27–28 and 35–42 days of stress, respectively. 
We found that reducing corn irrigation by up to 70 mm between the UW 
and CV scenarios led to crop yield differences that were less than 1.0 
t/ha (Fig. 9). A field study done in Kansas showed that limiting irrigation 
by about 60 mm - 70 mm led to average yield that was 95 % of the full 
irrigation treatment (Klocke et al., 2012). Similarly, in Texas, 75 % 
(413 mm) and 100 % (550) irrigation treatments resulted in similar end 
of season crop yield for one of the irrigation sprinkler methods 
(Schneider and Howell, 1998). Moreover, the overall yield difference 
between the 75 % and 100 % irrigation treatments across all four 
sprinkler methods was only 1.5 t/ha (Schneider and Howell, 1998). 
Therefore, our results highlight the potential to improve water use ef
ficiency by reducing crop irrigation rates without significant yield los
ses, even during prolonged droughts.

5. Conclusions

This study sought to understand the current and potential effec
tiveness of an innovative groundwater conservation program. To 
accomplish this, the goals of this study were to calibrate the corn and 
sorghum AquaCrop models for GMD-4 LEMA using sensitivity analysis, 
the PSO algorithm, and a novel bias-correction approach; and use the 
calibrated models to assess the effectiveness of different irrigation 
management strategies relative to local LEMA water allocation limits 
during a synthetic five-year drought. From this analysis, the key findings 
were: 

1. In GMD-4, AquaCrop was better at simulating corn irrigation and 
yield compared to sorghum. The worse sorghum performance is 
likely due to limited observational data, leading to challenges in 
model calibration. However, both models had some limitations in 
capturing the spatial pattern of the observed data, particularly the 
higher irrigation requirements in the western portion of GMD-4.

2. The incorporation of a residual-based difference method for bias 
correction substantially improved irrigation and yield simulation 
performance for both crops. Overall, the difference method bias 
correction worked better for corn models, which had fewer varia
tions in observed data, than for sorghum models. Performance im
provements were particularly notable during the extremely dry 
periods, such as the 2012 drought. This suggests that bias-correction 
may be a useful tool for crop modeling in complex and poorly- 
constrained systems.

3. Under our synthetic drought simulations, all three water manage
ment scenarios were able to maintain high crop yield. Simulated 
irrigation depths during the synthetic drought were generally below 
the GMD-4 LEMA water allocations, suggesting that the high water 
allocations may be ineffective for conserving water. However, the 
corn irrigation requirements exceeded the Sheridan-6 LEMA 
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allocations, which have been effective in promoting groundwater 
conservation in the region.

4. During the multi-year severe drought scenario, there was a relatively 
small impact of decreasing irrigation application on crop yield for 
both crops. This highlights the potential to reduce crop irrigation 
rates without significant yield losses during extended droughts 
through improved water use efficiency.
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