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Estimating Groundwater Pumping for Irrigation:
A Method Comparison
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Abstract

Effective groundwater management is critical to future environmental, ecological, and social sustainability and requires
accurate estimates of groundwater withdrawals. Unfortunately, these estimates are not readily available in most areas due to
physical, requlatory, and social challenges. Here, we compare four different approaches for estimating groundwater withdrawals for
agricultural irrigation. We apply these methods in a groundwater-irrigated region in the state of Kansas, USA, where high-quality
groundwater withdrawal data are available for evaluation. The four methods represent a broad spectrum of approaches: (1) the
hydrologically-based Water Table Fluctuation method (WTFM); (2) the demand-based SALUS crop model; (3) estimates based on
satellite-derived evapotranspiration (ET) data from OpenET; and (4) a landscape hydrology model which integrates hydrologic- and
demand-based approaches. The applicability of each approach varies based on data availability, spatial and temporal resolution,
and accuracy of predictions. In general, our results indicate that all approaches reasonably estimate groundwater withdrawals in
our region, however, the type and amount of data required for accurate estimates and the computational requirements vary among
approaches. For example, WTFM requires accurate groundwater levels, specific yield, and recharge data, whereas the SALUS crop
model requires adequate information about crop type, land use, and weather. This variability highlights the difficulty in identifying
what data, and how much, are necessary for a reasonable groundwater withdrawal estimate, and suggests that data availability
should drive the choice of approach. Overall, our findings will help practitioners evaluate the strengths and weaknesses of different

approaches and select the appropriate approach for their application.

Introduction

Effective groundwater management is critical to
future environmental, ecological, and social security
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and sustainability (de Graaf et al. 2019; Jasechko and
Perrone 2021). Groundwater extraction around the world
provides 50% of domestic, 33% of industrial, and 40%
of agricultural water uses (IGRAC 2018). Groundwater
resources will become more important in many areas of
the world in the 21st century as we attempt to address
ongoing and emerging water security issues (Taylor
et al. 2013). Shifts in the global hydrological cycle are
occurring due to climate change and other anthropogenic
stressors (Vordsmarty et al. 2013). Water security
in many areas, including Western North America, is
threatened by shifts in streamflow timing and magnitude;
for example larger volumes of streamflow arriving in
the winter and early spring due to earlier snowmelt
(Stewart et al. 2005), increased duration and frequency of
no-flow conditions due to increasing aridity and water use
(Zipper et al. 2021; Zipper et al. 2022a), and increases in
frequency and intensity of droughts in recent years (e.g.,
Mujumdar et al. 2020). These changes have increased
reliance on groundwater resources and have important
implications for the agricultural sector, energy security,
and natural resource management.

Effective groundwater management hinges on accu-
rate estimates of past and current groundwater extraction.
Unfortunately, these measurements are not publicly
available in most areas around the world due to a variety

Groundwater 1


http://crossmark.crossref.org/dialog/?doi=10.1111%2Fgwat.13336&domain=pdf&date_stamp=2023-07-03

of reasons including physical, regulatory, and social
challenges (Condon et al. 2021; Marston et al. 2022a).
Physical challenges include those that stem from the
spatial and temporal variability of groundwater pumping
as it relates to frequency, volume, rate, and location of
pumping (Russo and Lall 2017). Collecting a comprehen-
sive dataset requires equipping each pumping well with a
flowmeter and logging the data at the time interval desired.
Logistical issues arise if data logging is completed man-
ually, requiring scheduling personnel to visit and record
the water level. There are also regulatory and social issues
related to well ownership and reporting requirements
that limit groundwater extraction data availability. For
example, most irrigation wells are privately owned, and
regulatory requirements often do not require reporting
groundwater extraction. While well locations and permit-
ted withdrawals are available in some countries (Perrone
and Jasechko 2019), actual groundwater withdrawal data
are rarely available, even in data-rich settings like the
United States (Foster et al. 2020). While regulations can
facilitate the collection and accessibility of groundwater
extraction data, it can also create social challenges in
adopting these rules. Groundwater use for irrigation is
directly linked to economic viability, and often regulations
governing the collection and reporting of groundwater
pumping data is construed as a threat to that viability.

Reliable estimates of groundwater extraction data
are critical for several disciplines and applications.
Groundwater extraction estimates are commonly required
for hydrological and hydrogeological studies to estimate
aquifer or watershed-scale water balance, identify the
drivers of hydrologic change, and develop inputs for sur-
face water and groundwater models (Bohling et al. 2021;
Zipper et al. 2022b). However, groundwater extraction is
also a key process linking human actions to environmental
systems, extending its utility beyond just water science.
In the case of transboundary water resources, estimates
of pumping volume are critical for allocating shared
water resources and therefore can have strong political
utility (Sanchez et al. 2020). Furthermore, accurate
groundwater extraction data is essential for developing
conservation strategies, for example by assessing the
impact of groundwater extraction on ecosystem function-
ing (Marston et al. 2022b). Groundwater pumping is also
necessary for understanding agricultural economics, due
to both the costs associated with groundwater pumping
and the importance of groundwater-sourced irrigation to
farm profitability (Foster et al. 2019; Turner et al. 2019).
Finally, groundwater extraction can have significant
regional-scale impacts on climate and therefore is
necessary for accurate climate modeling and forecasting
(Keune et al. 2019). Overall, estimates of groundwater
extraction are important for many applications and
disciplines, and despite its importance there is little
guidance on how to effectively estimate it.

The availability and quality of groundwater pumping
data varies greatly between regions, from those where
groundwater pumping is not monitored or regulated at all,
to others that have mandated the use of flow meters and

2 A. Brookfield et al. Groundwater

reporting withdrawals. The number of regions measuring
and reporting groundwater pumping data are increas-
ing as the importance of this data for effective water
management strategies, such as California’s Sustainable
Groundwater Management Act, becomes more apparent
(California 2014). Despite the increased availability of
groundwater pumping data in some regions, indirect
measures are needed to estimate groundwater pumping
volumes in unmonitored basins and at spatial and tempo-
ral resolutions useful for hydrologic modeling and water
management decisions. Indirect methods estimate pump-
ing volumes from other available data through statistical
relationships, water balance methods, or estimates of
consumptive use (e.g., Ruud et al. 2004; Wada et al. 2014;
Foster et al. 2019, 2020; Majumdar et al. 2020). In regions
with pumping data, the temporal and/or spatial resolution
of the data often requires further processing to inform
water management decisions (e.g. downscale from yearly
to seasonal pumping volumes, distribute regional-scale
pumping volumes to field-scale), using methods similar
to those employed in regions with no pumping data at all
(e.g., Leenhardt et al. 2004; Castellazzi et al. 2016).

Despite the critical need for accurate groundwater
pumping estimates, a review and comparison of meth-
ods, in addition to an assessment of their suitability
to local conditions, has not been completed to our
knowledge. Here, we conduct a qualitative review and
quantitative comparison of four common methods of
quantifying groundwater extraction for irrigation: (1)
hydrologically-based Water Table Fluctuation method
(WTFM); (2) demand-based crop modeling; (3) estimates
based on satellite-derived evapotranspiration (ET) data;
and (4) landscape hydrology modeling which integrates
hydrologic- and demand-based approaches. To do so, we
implement each method for the same irrigated domain
in Kansas, USA, and evaluate the estimated pumping
volumes across methods against a well-curated ground
dataset based on extensive groundwater well monitoring
in this region. While the focus of this work is on
quantifying groundwater extraction for irrigation, which
is the primary global use of groundwater, we acknowl-
edge that many regions may also extract groundwater
for other purposes, such as domestic, municipal, and
industrial water supply. Some methods used in this work
would may require modification in order to estimate
groundwater extraction by these sectors.

Methods of Estimating Groundwater
Extraction Volumes

Extracting groundwater for irrigation predominantly
impacts physical and ecological components of the
hydrologic cycle by altering the water budget and opti-
mizing the crops’ growth. Here, this distinction is used to
categorize methods of estimating groundwater extraction
between hydrologically-based approaches, demand-based
approaches, and integrated approaches that utilize both.
Hydrologically-based approaches use the response of the
hydrologic system, such as variability in groundwater
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levels, evapotranspiration (ET), or other water balance
components to estimate groundwater extraction volumes.
Hydrologically-based approaches include hydrologic
numerical models and water balance approaches that
estimate groundwater extraction as the residual of the
water balance (e.g., Doll et al. 2014; Pefia-Arancibia
et al. 2016; Xiao et al. 2017; Tolley et al. 2019).
Demand-based approaches estimate crop water require-
ment to optimize or maximize crop growth based on crop
models or estimates of crop coefficients, or use estimates
of electrical consumption to estimate pumping volume
(e.g., Frenzel 1985; Basso and Ritchie 2015; Basso
et al. 2016). Integrated approaches estimate groundwater
extraction using information about the hydrologic con-
ditions and crop requirements. Examples of integrated
approaches include integrated hydrologic models that
simulate both hydrologic fluxes and storage and crop
growth (e.g., Samaniego et al. 2010; Koch et al. 2020;
Niswonger 2020).

The distinction between approaches is not discrete,
but rather they occur along a spectrum of approaches.
Purely hydrologically-based approaches, such as the
water balance method based on groundwater level
fluctuations, represent one end of the spectrum, whereas
demand-based approaches, such as crop models that sim-
ulate irrigation, represent the other end (Figure 1). While
these approaches have relatively small data requirements
compared to more complex approaches, their ability to
represent or predict other scenarios, such as changes
in land use or climate, is limited. The middle of this
spectrum captures the integration of the complex models
from both the hydrologic- and demand-based approaches,

Able to address
one scenario

Able to address

one scenario
High data needs

Able to address
many scenarios

Low Parameter Requirements High

WTFM OpenET LHM SALUS

Low Application Uncertainty High

Integrated

Model Approach

Hydrologic

Figure 1. The spectrum of modeling approaches to quantify
groundwater extraction for irrigation. Each end-member
represents simple hydrologic- or demand-based approaches,
with increased model complexity towards the center. Specific
models indicated in this figure (WTFM, OpenET, LHM,
and SALUS) represent the four approaches used in the
model intercomparison. Their location along the x-axis is a
general approximation of their parameter requirements and
application uncertainty and would vary based on the specific
manner in which they are being used.
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which have the highest data requirements, but also the
most flexibility for scenario analysis.

Hydrologically-Based Approaches

A water balance is the foundation of hydrologically-
based approaches. The quantity and timing of groundwater
extraction is estimated as the residual of other inflows,
outflows, and changes in storage to the system. The accu-
racy of the groundwater extraction estimates relies on the
accuracy of individual components of the water balance
estimates, and the uncertainty from these measurements
or the methods. Additional problems arise when all the
components of the water balance are not known, resulting
in the unsolvable issue of more unknowns than equations.
Fortunately, advances in both in situ and remote sens-
ing approaches across a wide range of spatio-temporal
scales have improved the availability and accuracy of
individual water balance estimates. Examples include var-
ious gridded or remotely sensed products for precipita-
tion (e.g., TRMM, Meneghini et al. 2000; GPM, Pradhan
et al. 2022), evapotranspiration (e.g., OpenET, Melton
et al. 2021) and soil moisture (e.g., ERS-1 and ERS-2,
Wagner et al. 2003).

Hydrologically-based approaches can vary in their
spatial and temporal resolution, in addition to their
complexity. Simpler approaches estimate groundwater
extraction by closing the water budget. These approaches,
such as the WTFM, use observed changes in the
hydrologic system, often through lumping processes and
characteristics across large regions and timescales (e.g.,
basin-wide and yearly), to provide an estimate of total,
cumulative groundwater extraction (Ruud et al. 2004;
Xiao et al. 2017). Similarly, remotely sensed ET-based
methods can infer irrigation depths through multiple
approaches, including comparing total ET to precipitation
within irrigated fields and comparing ET in irrigated
and non-irrigated fields of the same crop type (Foster
et al. 2020). Neither of these approaches is predictive;
they can only be used to estimate past extraction volumes
for periods in which all required datasets are available.
These approaches have been used to estimate water
use in data scarce basins (e.g., Ahmad et al. 2005), as
the primary advantage of these simpler approaches is
lower data requirements in comparison to more complex,
predictive methods, such as physically-based hydrologic
models.

Hydrologic models are capable of varying levels of
complexity (ranging from lumped to physically based,
fully distributed) and are applied extensively from local
to global scales to estimate groundwater withdrawals as
a function of hydroclimatic and geologic conditions (e.g.,
Doll et al. 2014; Pefia-Arancibia et al. 2016). Ground-
water extraction estimates can also be obtained through
calibration of hydrologic models (e.g., Tolley et al. 2019).
While the ability to represent increased levels of com-
plexity is generally thought to increase the representa-
tiveness of the results, the increased parameterization can
also increase the prediction uncertainty (Saltelli 2019).
To reduce prediction uncertainty and computational cost,
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hydrologic models have been merged with remotely
sensed data products to improve water budget estimation.
For example, several remotely sensed-derived products
map irrigated area (e.g., Deines et al. 2019; Xie and
Lark 2021), which is an important product for param-
eterizing models. In recent years, satellite soil moisture
products in combination with the water balance equation
were used to estimate the total amount of applied irriga-
tion. For example, Brocca et al. (2018) developed a new
approach by using coarse resolution remotely sensed soil
moisture products to estimate irrigation at nine pilot sites.
Results showed accuracy of irrigation estimates depends
on the uncertainty of soil moisture measurements, reso-
lution of the satellite product and hydroclimatic condi-
tions.

Demand-Based Approaches

Demand-based approaches focus on the growth
patterns of the crops, providing estimates of the volume
and timing of irrigation water needed to supplement pre-
cipitation to optimize crop growth, and hence crop yield.
While recent research has demonstrated that estimating
irrigation demand based on plant biophysical needs does
not always reflect measured groundwater withdrawals
(Foster et al. 2019), demand-based approaches remain a
common method of determining irrigation water needs
(e.g., Garcia-Vila et al. 2009) and thus can be used to esti-
mate groundwater withdrawals (e.g., Deines et al. 2021).
Fundamental assumptions of these methods are that
the irrigators apply water to their crops at the volume
and timing that optimizes their growth (or through an
alternate prescribed irrigation scheduling algorithm such
as deficit irrigation), and that enough water is available
to meet model-estimated irrigation demand. As with
the hydrologically-based approaches, data availability,
model parameterization, and calibration methods and
targets can lead to significant uncertainty. Similar to the
hydrologically-based approaches, crop-models vary in
complexity ranging from deterministic approaches with
significant data requirements to empirical and analytical
approaches requiring relatively limited data (Mulla
et al. 2020). With increased availability of remote sensing
observations, the ability to use the more data-intensive
approaches has also increased and has allowed application
of crop models to larger areas (Kasampalis et al. 2018).
Some of the more popular crop models, such as DSSAT
(Jones et al. 2003) and CERES-based SALUS (Basso
et al. 2006; Basso and Ritchie 2012, 2015) integrate,
and often rely upon, remotely sensed data for their
simulations. In addition, recent application of machine
learning approaches in crop modeling provides another
method of estimating groundwater withdrawals that can
be adapted depending on data availability and scale of
application (van Klompenburg et al. 2020).

Another demand-based approach that we do not
evaluate in this study is based on the amount of energy
used for groundwater withdrawals. The energy-based
groundwater abstraction method estimates pumping rates
as a function of pumping efficiency, total water lift from
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the pumping level to the land surface, and pressure
head at the land surface (Frenzel 1985). Accuracy of the
method depends on the pumping efficiency and accurate
estimates of water lift. In some cases, this formula is
simplified and the measured electricity is converted to
the volume of pumped water using a fixed conversion
factor. However, this approach is not very accurate as
the conversion factor changes as a function of seasonal
changes in groundwater levels and other hydrogeologic
conditions (Wang et al. 2020) and estimates of energy
used for groundwater pumping alone can be difficult to
obtain.

Integrated Approaches

Integrated approaches include components from both
the hydrologic- and demand-based approaches, coupling
them to form a model that accounts for the hydrologic
conditions that control water availability, and the crop
growth dynamics that drive the demand. These approaches
range in complexity and applicability similar to the
hydrologic- and demand-based approaches and have the
parameterization requirements of both approaches. The
error and uncertainty associated with these additional
parameterization requirements are often considered to be
offset by the increased representativeness and applicability
to a wide variety of hydrologic and vegetation-based
scenarios.

Integrated approaches have increased in use over
the past several years due to increases in data avail-
ability and computational ability. For example, Koch
et al. (2020) setup the multiscale Hydrologic Model
(mHM, Samaniego et al. 2010) over the Haihe River
Basin in China and calibrated it to discharge and ET for
rainfed fields. They estimated monthly net irrigation rates
(evaporative loss from irrigation water) by computing the
differences between the estimated ET from the PT-JPL
model using remotely sensed land surface temperature
and vegetation data and the mHM forced without irri-
gation. While irrigation data is not available for model
verification, uncertainty in irrigation estimates are mostly
attributed to the precipitation and ET data.

Recently, machine learning methods (e.g., random
forests) have been used in conjunction with remotely
sensed products such as precipitation, evapotranspiration,
and land cover to predict groundwater withdrawals in the
High Plains aquifer (HPA) in the USA (Majumdar
et al. 2020). A new Agricultural (AG) water use
package for GSFLOW, a coupled surface water model-
groundwater model created by coupling MODFLOW with
the precipitation-runoff modeling system (PRMS), was
recently developed to simultaneously estimate ground-
water pumping based on crop demand and soil water
balance when surface water for irrigation is not available
(Niswonger 2020). The benefit of this new package
compared to the MODFLOW Farm process package
(Hanson et al. 2014) is in higher temporal resolution and
explicit consideration of soil water balance.

Some hydrologic models internally calculate irriga-
tion demand based on soil moisture deficit or plant water
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stress, and a set of user defined rules for water sup-
ply and demand priorities. The integrated groundwater-
land surface model, ParFlow.CLM, that simulates terres-
trial hydrologic processes from the top of the canopy
to groundwater, is coupled to a water allocation mod-
ule to simulate water management operations based on
supply and demand preferences and sources (Condon and
Maxwell 2013). Similarly, global-scale applications of
the PCR-GLOBWB hydrological model integrate water
balance and demand to estimate water use (de Graaf
et al. 2014, 2019). These management models use an opti-
mization approach to determine the pumping and surface
water diversion rates to satisfy agricultural water demand.
The biggest challenge with these models is the increased
computational demand for solving the partial differential
equations representing surface water and subsurface flow
systems and ensuring that enough observations exist for
adequate parameterization.

Classifying by Temporal and Spatial Scale

Irrigation estimation approaches can also be classi-
fied based on the spatio-temporal scale of their application
and resolutions. While some methods such as hydrologic
models have greater flexibility for implementation at a
range of scale and resolutions depending on the model
type, groundwater levels and remote sensing approaches
are limited by the support scale of measurements, number
of observation wells, and spatio-temporal resolutions of
sensors, respectively (Toth and J6zkéow 2016). We con-
sider the most common scales and resolutions applied
using these approaches in the literature (Figure 2). Crop
models are often implemented at a field scale where
plant growth or ET demand are calculated at a daily
time step and spatially distributed soil and land cover
information are available to parameterize them (Tenreiro
et al. 2020). These models typically do not incorporate
surface or subsurface lateral connectivity among the mod-
eling grid cells and cannot be easily implemented at
continental scale. Most water balance methods, such as
the WTFM, are based on local-scale groundwater level

observations, and estimating groundwater abstraction at
a larger, often watershed or aquifer, scale depends on
the data spatial distribution and frequency of observa-
tions. Satellite based remotely sensed approaches can be
applied at scales from an individual field to the region or
continent, typically with tradeoffs between spatial resolu-
tion and scale as global products require coarser sensor
resolution. Developing finer spatial resolution remotely
sensed products are achieved through multi-sensor fusion
and/or at the expense of reducing temporal resolution
(Cammalleri et al. 2014; Melton et al. 2021). Hydrological
models have greater flexibility in terms of application at
multiple spatial and temporal scales but their application
depends on the data availability to parameterize them
and flexibility in representing irrigation types and sources
(e.g., Condon and Maxwell 2013). The WTFM and
hydrologic models depending on the model structure could
provide estimates of total groundwater extraction. How-
ever, crop models and remote sensing approaches (e.g.,
Brocca et al. 2018) typically provide estimates of total
consumptive water use and additional data or assumptions,
for example related to irrigation efficiency, are needed to
obtain total groundwater extraction volumes.

Method Comparison

To demonstrate how groundwater extraction esti-
mates vary between some of the approaches described
above, four methods are applied to one site in north-
west Kansas and results are compared against each
other and against reported water use. The four meth-
ods applied to this site are a demand-based approach
(SALUS), two hydrologically-based approaches (WTFM
and OpenET satellite-based estimates), and an integrated
approach (LHM). The intention of this comparison is
not to identify or demonstrate a “best” way to estimate
groundwater extraction volumes, but rather to demonstrate
and discuss the differences, advantages, and disadvan-
tages of the selected methods using a well-constrained
example.
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Figure 2. Commonly used irrigation estimation methods are classified based on spatio-temporal scale of their application, as
well as resolutions. Spatial and temporal resolutions are limited by the inherent properties of the sensors and configurations

for a particular application.
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Figure 3. Water level measurement locations in the study region. Colors indicate Pearson r coefficients for the WTFM method
compared to reported water use values when water level measurements from that location were removed from the analysis,
so a lower value (darker color) corresponds to a greater influence of that specific well. The dark blue dot within the LEMA
boundary indicates the well with the most significant influence over the performance of the method.

Site Description

The Sheridan 6 Local Enhanced Management Area
(SD-6 LEMA) in northwest Kansas, USA, was selected
for comparison of methods. This 255 km? area is located
in Sheridan and Thomas counties (Figure 3) and was the
first participant in Kansas’ Local Enhanced Management
Area (LEMA) program, a stakeholder-driven initiative
designed to reduce groundwater extraction and extend
the life of the High Plains Aquifer (Butler et al. 2018;
Marston et al. 2022b). This area is underlain by the
HPA, one of the world’s largest and most productive
aquifers which support agricultural production in the
area, which is primarily irrigated with common crops
including corn, soybeans, wheat, and sorghum. The
aquifer in this region is part of the Ogallala formation,
consisting of sand and gravel interbedded with silt and
clay, and is generally considered to be unconfined with
aquifer thickness generally ranging from 10 to 30m
(Whittemore et al. 2018; KGS 2023). This region has an
arid climate, receiving approximately 55cm of average
annual precipitation per year (KGS 2023). The SD-6
LEMA received significant attention and study in recent
years as a result of the LEMA program and has good data
availability which allows us to test multiple approaches
of estimating groundwater extraction volumes. For our
purposes, annual well-specific groundwater extraction
volumes are reported for all non-domestic wells in Kansas
and are publicly available from the Kansas Department
of Agriculture, Division of Water Resources through
an online portal administered by the Kansas Geological
Survey known as WIMAS. The LEMA program restricted

6 A. Brookfield et al. Groundwater

water use by 20% relative to 2002—2012 levels over
the 5-year period from 2013 to 2018 (Drysdale and
Hendricks 2018). The program was highly successful,
with realized water use reductions estimates at 26—31%
(Drysdale and Hendricks 2018; Deines et al. 2019).
Water savings were primarily attributed to improved
irrigation efficiency (Deines et al. 2021). As a result
of the success of the SD-6 LEMA’s initial term,
it was renewed for another 5years (2019-2023) and
similar local groundwater conservation programs have
been developed elsewhere in Western Kansas. Further
information about this site can be found in Kansas
Department of Agriculture (2022).

Methods

Water Table Fluctuation Method

The WTFM is a simple water balance approach for
estimating the volume of groundwater extracted from
an aquifer based on the change in water levels over
a designated period. WTFM has several assumptions,
notably that the specific yield (for unconfined systems)
and recharge of the aquifer are known, as are any other
inputs or outputs to the system. Here, we simplify the
SD-6 region to consider only water level fluctuations
(Ah), recharge (R), and groundwater extraction (GWE;
Equation 1). Recent research has indicated that the local
water balance can be strongly influenced by lateral flow
through the HPA, in addition to the possibility of other
recharge sources, such as water movement from an
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aquifer below the HPA or irrigation return flows (Glose
et al. 2022). These additional sources that are unaccounted
for in WTFM will increase the uncertainty and error of
model results in settings where they are important.

GWE =Sy x A x Ah — R. 1

Over 1500 wells in the HPA of Kansas are measured
for water level yearly in late winter/early spring. These
water levels are measured manually using the steel tape
method, as many wells are irrigation wells that contain
submerged pumps. Repeat measurements are taken in any
wells with trends in water level inconsistent with other
wells in the region, or with significantly different water
levels from previous years (KGS 2022). Of these wells,
57 were within our study region (Figure 3), and water
levels were kriged to create a continuous map of water
level change. Both specific yield and recharge estimates
are provided by the USGS (McGuire et al. 2012; Houston
et al. 2013).

To investigate the sensitivity of the WTFM results
to the quantity of water level measurements, two further
analyses were conducted. To identify the importance
of any one sampling point, groundwater extraction
was estimated when each sampling point was removed
individually. We also evaluated how random subsets of
the data would perform by randomly selecting measuring
points ranging from 20 to 100% of the available data.
However, one data point, identified as significantly
important when each sampling point was removed, was
kept in all subsets. If this was not done the performance
of the approach was heavily reliant on the presence or
absence of that one data point in the subset.

Crop Modeling via SALUS

System Approach to Land Use Sustainability
(SALUS) is a demand-based approach; a process-based
crop model that simulates the interactions between
soil, weather, crop genetics, and management (Basso
et al. 2006; Basso and Ritchie 2012, 2015). It simulates
plant growth and development, and water and nutrient
fluxes in response to management at a daily time step.
SALUS was developed from the CERES crop model
(Ritchie and Otter 1985; Basso et al. 2016), and was
previously applied to the SD-6 region to assess the sustain-
ability of the LEMA (Deines et al. 2021). The crop water
budget in SALUS includes plant transpiration, soil evap-
oration, irrigation water applied, precipitation and a soil
water balance to simulate the top 2 m of soil in the SD-6
model (Deines et al. 2021). For more information about
SALUS please see Basso and Ritchie (2012, 2015), and
for the SD-6 application, please see Deines et al. (2021).

In this work, the results from the SD-6 application
in Deines et al. (2021) are used without modification
to compare against reported and other modeled values.
Notably, unlike the other approaches used in this study,
SALUS was calibrated to match observed pumping
volumes by Deines et al. (2021). This is different than
the Deines et al. (2021) work aimed at assessing the
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sustainability of the LEMA groundwater management
plan in the region.

Landscape Hydrology Modeling via LHM

The Landscape Hydrology Model (LHM) is a
process-based, spatially-explicit integrated ground- and
surface-water model (Hyndman et al. 2007; Kendall 2009;
Wiley et al. 2010). It is driven by input climate data
at sub-daily intervals (here, hourly), including air tem-
perature, wind speed, solar radiation, relative humidity,
and precipitation. The landscape, including vegetation,
land cover, and irrigation technology are described via
remotely-sensed or other spatial data products.

Here, we simulated the SD-6 region as a “slice,” or
smaller model subset, from a larger model that encom-
passes a groundwater management district in Kansas
(GMD4). The model is run hourly from 2000 to 2019 with
square cells at 250-m resolution. Weather data are pro-
vided by the NLDAS-2a forcing dataset (Xia et al. 2012),
a model-data fusion product incorporating observed pre-
cipitation and temperature data along with solar radiation,
wind speed, and cloud cover. Satellite Leaf Area Index
(LAI) data come from the MODIS sensors, specifically
the MCD15A3H product, a 4-day repeat 500 m resolution
fusion of both Terra (MOD) and Aqua (MYD) prod-
ucts. Land cover data are reclassified from the National
Land Cover Dataset (NLCD), including the years 2001,
2004, 2006, 2008, 2011, 2013, 2016, and 2019. Soils
data are derived from the gSSURGO (Soil Survey Staff
[Dataset] 2020) dataset, with hydraulic properties com-
puted for each soil horizon, component, and unit using
the ROSETTA 2 database (Schaap and Leij 2000).

For this study we apply a version of LHM
with a novel irrigation module, developed since Wiley
et al. (2010), documented in part in Haacker (2018),
Smidt (2017), and Liu (2018). Irrigation is triggered in the
module when soil moisture reaches a parameter-specified
fraction of plant available water (the differences between
field capacity and permanent wilting point). For more
detail, please see Data S1. We have also developed this
module further to simulate each of the following irrigation
types: (1) high pressure center-pivot irrigation, (2) low-
pressure center pivot (variable height), (3) low-pressure
precision application (LEPA), (4) furrow, (5) flood, and
(6) subsurface drip irrigation. These technologies are dif-
ferentiated by the height of application, the width of the
spray pattern (if applicable), and whether the application
happens above/below the canopy, or beneath the soil sur-
face. Furthermore, the user can specify pump flow rates,
as older high-pressure irrigation systems typically require
larger flow rates than new systems. Here, system flow rate
was set uniformly at 135 m3/h (~600 Gpm) for all fields.

LHM incorporates another mechanism that differenti-
ates technologies, an empirically-driven quantification of
wind drift evaporation. Wind drift evaporation is the loss
of water to evaporation either before the droplets land
on the leaves, or outside of the line of irrigation (i.e.,
not immediately below the pivot arm). Here, we com-
pute potential wind-drift evaporation from six different
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empirically-derived models and take the arithmetic mean
on an hourly basis. For more details on the wind-drift
evaporation estimates please see Data S1.

For this study, we use two different irrigation tech-
nologies: traditional center-pivot (CP) and low-pressure
low-elevation spray application (LESA). Spray heights
were 4.5 and 0.5 m, and spray widths were 20 and 2 m for
CP and LESA, respectively. As a result of the different
spray widths, application rates differ significantly. Details
on the application rate calculations and differentiation
between irrigation technologies are provided in Data S1.

All of the physical aspects of irrigation described
above only apply once a farmer has decided when to
turn on their system, and how much water to apply.
These behavioral components of irrigation water use are
poorly documented in the literature, thus here we must
infer them by tuning model parameters to better match
total irrigated water use. This approach was taken by
Deines et al. (2021) for the SD-6 region, and arrived at
different parameters prior to the onset of the LEMA (i.e.,
2012 and earlier). Before LEMA, Deines et al. (2021)
inferred that farmers applied 3.175cm per event, and
after LEMA just 2.5cm. For LHM, we determined that
a different irrigation threshold was necessary, due to
the different hydrologic descriptions within SALUS and
LHM. Here, before LEMA irrigation (business-as-usual;
BAU) occurred when soil moisture reached 70% of
plant available water, and after LEMA just 33%. These
parameters were not calibrated extensively and could

be better adjusted to fit observed data, as the results
show. Most importantly, the observed pumping amounts
cannot be matched well by a model that does not change
irrigation parameters in 2013, providing strong evidence
that farmer irrigation behavior changed at that time.

Remote Sensing of Irrigation via OpenET

We estimated field-resolution irrigation depths
using actual evapotranspiration (ET) estimates from
the OpenET project (Melton et al. 2021), which we
refer to as the “OpenET” estimates of groundwater
extraction, though many other data products were also
used (Figure 4). The OpenET data provided monthly,
30-m spatial resolution estimates of ET from six dif-
ferent satellite-based approaches: DisALEXI (Anderson
et al. 2007, 2018), eeMETRIC (Allen et al. 2005, 2007,
2011), geeSEBAL (Bastiaanssen et al. 1998; Laipelt
et al. 2021), PT-JPL (Fisher et al. 2008), SIMS (Melton
et al. 2012; Pereira et al. 2020), and SSEBop (Senay
et al. 2013; Senay 2018), as well as an ensemble mean,
for the 2016-2021 period. To estimate field-resolution
irrigation, we obtained the average monthly ET depth for
each field using a Kansas-specific field boundary dataset
(Gao et al. 2017; MardanDoost et al. 2019) and combined
it with field irrigation status (Deines et al. 2019; available
1984-2020), crop type from the USDA Cropland Data
Layer (USDA National Agricultural Statistics Service
2021; available 2006-2021), and precipitation from
gridMET (Abatzoglou 2013; available 1979-2021).

500

Irrigation %
0%

50% 100%

Corn . Soybeans
Sorghum . Winter Wheat

Land Cover

Grass/Shrub . Developed
AlfalfarHay [ Wetiand  [Jl] Other Crops

Fallow/Idle

Figure 4. Data sources used to estimate annual irrigation from OpenET data include annual ET (ensemble mean), irrigation
status by land parcel (modified from Deines et al. 2019), and crop type (from USDA Cropland Data Layer).
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Figure 5. Reported groundwater extraction volumes vs. estimated groundwater extraction volumes using the WTFM method
over the S6 region in Kansas for each year between 1998 and 2020. Interpolated lines between estimated/reported annual

values demonstrate temporal trends.

Combined, this gives a common 5-year period
(2016-2020) where all necessary data are available.

To estimate irrigation from these ET data, we
calculated the difference between annual ET and annual
precipitation (ET-P) depth for each irrigated field within
the SD-6 LEMA. Irrigation for any fields that had a
negative ET-P was set to 0, therefore GWE =max(0,
ET-P). This approach provides a field-resolution estimates
of consumptive irrigation water use, meaning that it is
unable to estimate total applied irrigation because it does
not account for other potential losses of irrigation water
to the environment (i.e., deep percolation as irrigation
return flows; Deines et al. 2021; Glose et al. 2022).
We compared OpenET estimates to WIMAS estimates
at the LEMA-scale. For comparison with WIMAS, we
converted field-resolution irrigation depth to irrigation
volume by multiplying by the field area and summing the
total irrigation volume for all irrigated fields in the LEMA.

Method Comparison Results and Discussion

Water Table Fluctuation Method

Results indicate that after 2000 the WTFM was
good at estimating groundwater extraction from the SD-6
region, though with a persistent underestimate over much
of the study period (r =0.80, » =0.72 for results starting
in 1997; Figure 5). This is consistent with other research
that found the reliability of reported water use increased
after 2000 (Butler et al. 2018). Between 1997 and 2000 the
results fluctuated significantly, with negative extraction
volumes for 1997 and 1999. Taken at face value, this
would insinuate that water was injected into the aquifer
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rather than removed (e.g., greater inflows to the aquifer
compared to extractions) which is unrealistic. After 2000
the estimates of groundwater extraction using the WTFM
are more reasonable, and, for the most part, follow the
trends and relative magnitudes of the reported values.
This is likely due to the large number of high-quality
annual water level data available across Kansas, including
in the SD-6 region (Bohling et al. 2021). Water balance-
based methods are sensitive to accurate specific yield
estimates, which relate changes in water level to changes
in water storage (Butler et al. 2018), and therefore will
likely be most effective in areas with well-characterized
hydrostratigraphy.

Water level measurements from each well location
were removed from the analysis. Resulting Pearson r
coefficients indicate that most measurement locations only
contributed marginally to the fit of the WTFM to reported
values (Figure 3). One well, located within the LEMA
region, did have a significant impact on the WTFM
results, reducing the fit of the entire study period from
r=0.72 to below 0.60 when removed. All correlation
coefficients are statistically significant at p =0.05. This
means that, had data from this one measurement point
not been available, that our results would be much less
representative. Unfortunately, we were unable to identify
any unique characteristics to distinguishes this well from
any of the others within the LEMA region. There are
several other wells within the same vicinity that are
screened in the same interval of the same aquifer, yet their
impact on the groundwater withdrawal estimates is lower
than the most important well and similar to each other.
Work continues to try to elucidate the reasons behind the
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importance of this measurement location. While it may
be possible to relate the variability in water levels in
this well to the groundwater volumes extracted, inferring
the importance of this well to the estimates without the
actual reported values would not be possible. The only
generalized recommendation is that having more wells
increases the chances of having a measurement point
that significantly increases the representativeness of the
estimates, which is further demonstrated when the WTFM
is applied to subsets of data. A few wells, mostly located
outside of the LEMA region, increased the fit slightly to
a maximum of 0.78.

To understand the influence of the number of water
level measurements on the WTFM results, random subsets
of the measurement locations were selected, representing
20-90% of the available locations, in intervals of
10%. To remove the influence of the well identified as
highly influential in the previous analysis, water level
measurements from this well were always included in the
subsets. As expected, results indicate that as water levels
from more locations are included, the Pearson r coefficient
increases linearly, from <0.10 when only 20% of data are
used to 0.72 when all data are included (Figure S1).

Crop Modeling via SALUS

The SALUS model used here was calibrated to total
pumping across the SD-6 region (Deines et al. 2021),
and therefore it is not a surprise that it was able to
match total volumes well (Figure 6). The purpose of the
SD-6 SALUS model was to not only simulate historic
irrigation water use, but also to evaluate the sustainability
applications of the newly implemented water management

program (Deines et al. 2021). Here, we include these
results, unaltered from the Deines et al. (2021) to
demonstrate how these demand-based models are used,
how they compare to other methods, and to demonstrate
the potential value of known extraction volumes.

An advantage of the SALUS method is in simu-
lating the temporal and spatial distribution of irrigation
(Figure 7). Due to the complexity of the water rights allo-
cation and places of use, it is not possible to directly com-
pare the field-based irrigation estimates between SALUS
and WIMAS. Places of diversion, such as the groundwater
supply wells, can be registered to provide water to more
than one place of use, or agricultural field. In addition,
each place of use can be registered to receive water from
more than one point of diversion. There is no requirement
by the water right holder to equally distribute the water
among places of use, or to report the distribution of water
to these places. As such, it is not possible to determine the
exact distribution of irrigated water from wells to specific
fields.

Landscape Hydrology Modeling via LHM

LHM tends to over-predict irrigation volumes
(Figure 8), though the broad patterns are largely captured.
Further calibration of parameters including wait time
between events, soil moisture thresholds, and event
volumes could allow for more accurate simulation. A
key outcome of these simulations is that LHM cannot
reasonably simulate irrigation both before the SD-6
LEMA went into effect (2013) and after without altered
irrigation behavioral parameters. This model experiment
supports other lines of evidence (Deines et al. 2021) that

4.0e+07
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3.0e+07 1
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2.5e+07 1
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Figure 6. Comparison of SALUS estimated pumping volumes for the S6 region compared to the measured well data for each
year between 2008 and 2017. Interpolated lines between estimated/reported annual values demonstrate temporal trends.
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Figure 7. Spatial distribution of simulated irrigation (in mm) for the S6 region via the SALUS crop model. Note, individual
pixels and fields are simulated using identical behavioral parameters, calibrated only to SD-6 totals. Thus, individual pixels

are not necessarily representative of actual water use.

farmers responded to the LEMA not by altering irrigated
area, but primarily by changing their water application
amounts and timing (Drysdale and Hendricks 2018;
Deines et al. 2019).

One notable disagreement is the decline in simulated
irrigation water use by LHM during the 2012 drought.
LHM predicts that water use decreased, while the
observations indicate that use increased, as would be
expected during deep drought. This is likely due to two
factors: (1) effective irrigated area declined as farmers had
to reduce irrigation, and (2) farmer behaviors changed
to provide for higher supplemental water needs during
the drought. In this particular simulation, the amount per
application was fixed and could not respond as farmers
might naturally during a drought.

Across the 20-year simulation period (2000—-2019),
LHM predicts roughly 350 mm of annual irrigation in
most fields, with somewhat less in fields irrigated only
during more recent years (Figure 9). This amount reflects
the higher per-acre irrigation totals used during earlier
years with CP technology dominated the region. Lower
amounts are more common (typically around 250 mm,
not shown separately) with newer LESA technology and
following the SD-6 LEMA implementation.

Remote Sensing of Evapotranspiration via OpenET
Overall, the OpenET-based estimates of irrigation
agreed with the WIMAS reported groundwater extrac-
tion volumes in magnitude. However, we found that there
was more interannual variability in the OpenET-based
estimates of irrigation volumes compared to the reported
volumes from WIMAS (Figure 10). The different algo-
rithms varied widely, with the lowest irrigation estimates
typically provided by DisALEXI, the highest from SSE-
Bop, and the Ensemble mean most closely matching the
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reported water use data (Figure 10a). The algorithms best
agreed with the WIMAS data in 2018, a year with near-
average precipitation, and had the worst agreement with
a persistent overestimate across all algorithms in 2020,
which was the driest year of the comparison. Since the
LEMA allocated a specific amount of water to each field,
we also compared WIMAS to allocation-shifted OpenET
irrigation estimates, in which we shifted OpenET esti-
mates of irrigation so that the mean total irrigation depth
for fields irrigated in all 5years was equal to 1397 mm
(55”), which is the 5-year water allocation prescribed
by the LEMA. This substantially reduced the variabil-
ity among algorithms and brought the low- and high-
estimating algorithms closer to the reported groundwa-
ter extraction (Figure 10c), though there was still more
interannual variability in OpenET-based estimates than
WIMAS (Figure 10c and 10d). The overestimation of
irrigation during a dry year (2020) following a particu-
larly wet year (2019) is likely caused by high antecedent
soil moisture in 2020 that was depleted throughout the
growing season, representing an additional source of water
beyond precipitation and irrigation that is not accounted
for when assessing irrigation at the annual resolution,
and could be improved through more complex multi-
year water accounting approaches. Additional potential
sources of the difference between the two approaches
include fields incorrectly classified as irrigated or non-
irrigated, inaccuracies in the precipitation dataset used
for irrigation estimation, and errors within the algorithms
themselves.

Method Intercomparison

The four methods applied in this work have varying
spatial and temporal resolution and extent. To compare
between the methods all results were summarized annually

A. Brookfield et al. Groundwater 1M1
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Figure 8. LHM results for business as usual scenario (LHM-BAU), LEMA management enforced (LHM-LEMA), and
the combination, enforcing LEMA when regulation passed for study site (LHM-Combined). Interpolated lines between
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Figure 9. Map of spatially-averaged irrigation water use over the 2000-2019 period simulated by LHM. Note, individual
pixels and fields are simulated using identical behavioral parameters, calibrated only to SD-6 totals. Thus, individual pixels

are not necessarily representative of actual water use.

from 2006 to 2019, and at the extent of the LEMA
(Figure 11). All four results provide similar estimates,
with the LHM approach most often overestimating, and
WTFM most often underestimating extraction volumes.
These patterns were expected as LHM overestimated irri-
gated area, resulting in an overestimation of extracted
groundwater, whereas WTFM assumes no lateral ground-
water contributions which may underestimate the volume
of water extracted if the net flux of groundwater is into

12 A. Brookfield et al. Groundwater

the region, and constant groundwater recharge volumes.
These assumptions may lead to consistent underestimation
of groundwater extraction.

Pearson r correlation coefficients for WTFM,
SALUS, LHM, and OpenET for this time period were
0.76, 0.72, 0.49, and 0.92 respectively. The OpenET
method only produces results for four of our study
years due to current data availability, but the variability
in results is consistent with reported values although
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Figure 10. Comparison of OpenET irrigation estimates and reported estimates from WIMAS for the entire SD-6 LEMA
area. In (c) and (d), field-resolution OpenET estimates were shifted so that the mean field-resolution irrigation depth for fields
irrigated in all 5 years was equal to 1397 mm (55”), which is the 5-year water allocation prescribed by the LEMA. In (a) and
(c), the black line shows WIMAS estimates. In (b) and (d), the gray line shows a 1:1 relationship and the blue line shows a
linear best-fit. Interpolated lines between estimated/reported annual values demonstrate temporal trends.
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Figure 11. Comparison of annual groundwater extraction volumes for all four methods and the reported water use for the
LEMA region. LHM, Landscape Hydrology Model; OpenET, remote sensing of evaporation via OpenET product; SALUS,
SALUS crop model; WTFM, Water Table Fluctuation Method. Interpolated lines between estimated/reported annual values
demonstrate temporal trends.
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the magnitudes differ. SALUS predictions were the
most accurate compared to the reported volumes, which
is expected as SALUS was calibrated to match the
SD-6 WIMAS water use data (Deines et al. 2021). An
objective of the SALUS model was to predict water
use at field-resolution as opposed to over the entire
LEMA region. While previous research has compared
different approaches of estimating crop water demand and
irrigation scheduling (e.g., Gu et al. 2020; Wanniarachchi
and Sarukkalige 2022), or remotely-sensed methods
of agricultural water use (e.g., Massari et al. 2021),
these methods compare within model types (e.g., crop
demand; remotely-sensed). Our results provide a com-
parison between different model types, and the similar
estimates between types demonstrate that, if adequately
constrained, they all provide a method of reasonably
estimating groundwater extraction.

Visually inspecting the magnitude of temporal vari-
ability in the estimated volumes, all approaches have
higher year-to-year variability compared to the reported
volumes. As SALUS was calibrated to groundwater
extraction data, it is not surprising that it also most
closely matched the temporal variability of the reported
volumes. While WTFM and LHM had similar variabil-
ity until 2015, LHM’s variability significantly increased
afterwards, becoming consistent with the high variabil-
ity observed in the OpenET-based product. The inherent
uncertainty and errors involved in each method could
account for the differences in extracted volumes and vari-
ability. The SALUS model is informed by reported total
water use in the area, and WTFM is informed by the
response of the aquifer to groundwater pumping. This con-
nects both models to the actual volume of water extracted
and its variability, which represents the physical response
of the aquifer to pumping and the irrigator’s decision
to pump the volume of water that caused the physical
response. Conversely, both the LHM and OpenET-based
methods are dependent on quantifying the estimated vol-
umes required to meet crop demand or match ET esti-
mates once precipitation is accounted for, and they are
not connected to the irrigation volumes. As such, these
methods would need to capture year-to-year variability
in irrigator behavior to estimate irrigation volumes. For
example, the LHM approach used pre-LEMA (BAU) and
post-LEMA parameters to approximate those changes in
irrigator behavior due to the LEMA, but other factors
that may change an irrigators behavior from year-to-year
were not considered. In addition, for the OpenET-based
approach, changes in irrigator behavior in response to
potential downward (deep percolation) or lateral (runoff)
fluxes of irrigation water are not taken into considera-
tion. This result highlights the importance of capturing
both physical and behavioral components of irrigation
decisions.

Conclusions

Estimates of groundwater extraction volumes are crit-
ical to a wide variety of applications, including those
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in hydrology, hydrogeology, and climate and economic
studies. Due to this importance, measurements of fluxes
and volumes of groundwater extraction are becoming
more common, however, the spatial and temporal reso-
lution of data required to support these applications are
not readily available. Here, we categorized methods of
estimating groundwater extraction along a spectrum from
hydrologic-based to demand-based approaches. The data
and computational needs of the approaches vary not only
across the spectrum shown in Figure 1, but also among
the methods at each point along the spectrum. In our
application and comparison of four methods, it was clear
that no one method is the universal “best” approach, but
rather, the selection of the “best” approach is determined
by the data available to constrain the model in addition
to the spatial and temporal resolution of the study site.
In our comparison, all four methods provided reasonable
estimates of annual groundwater extraction volumes as
all methods had reasonable data available to constrain
them. However, each method had drawbacks in their
application. Table 1 summarizes the general advantages
and disadvantages of each method, in addition to sugges-
tions of criteria to consider when selecting one of these
methods.

The WTFM was the simplest method applied, and
while it provided good estimates of annual water use
in the study site (Pearson r coefficient of 0.72 for
1997 to 2020), it is reliant on high-quality water
level data taken consistently across the study region as
well as accurate information about both specific yield
and recharge. The OpenET method relies on remotely-
sensed data products to estimate irrigation as well as
ancillary products including distributed meteorological
data and irrigation status mapping. These data products
are becoming more widely available and accessible,
however, our results indicate that irrigation estimates
from remotely-sensed data can vary depending on the
ET algorithm used.

Both the SALUS and LHM approaches require more
input data compared to WTFM and OpenET, however
they provide representations of the physical processes
that would contribute to groundwater extraction (e.g.,
crop-water demand, hydrologic conditions). This enables
both methods to predict groundwater extraction into
the future, under different conditions (e.g., climate,
crop-type, etc.), and at varying spatial and temporal
scales and resolutions. As with all methods investigated
here, the reliability and accuracy of SALUS and LHM are
dependent on the input data and the ability to represent
the real-world conditions and processes.

Another key finding is that the behavior of the
irrigator is an important component of estimating ground-
water extraction, consistent with Deines et al. (2021).
Methods that implicitly include a parameter to reflects
these behavioral changes (calibration to total water use
in SALUS, and dependence on groundwater levels which
respond to the decision to pump that volume of water in
WTFM) better matched the magnitude and variability of
groundwater extraction than other methods. Simulation
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Table 1

A Summary of General Advantages, Disadvantages, and Application Conditions for the Methods Compared

in This Work.

Method

Advantages

Disadvantages

Application Conditions

WTFM

SALUS

LHM

OpenET

Low data needs

Low computational needs
Simple implementation

Can be used in other sectors
aside from irrigation

Can predict future irrigation
extraction estimates

Allows for scenario testing
Provides additional informa-
tion such as crop yield
Flexible resolution parame-
terization, including sub-field
scales

Can predict future extraction
estimates

Allows for scenario testing
Can be used for other sectors
aside from irrigation

Flexible resolution parameter-
ization, including field scales

Low data needs

Low computational needs
Simple implementation

High spatial resolution (30 m)

Sensitive to specific yield and
recharge estimates

Hard to discern when there is
enough or appropriate data
Cannot predict future extrac-
tion estimates

Accuracy depends on the spa-
tial and temporal resolution of
groundwater levels

Able to resolve regional scales
only

e High data needs
e Moderate computational needs

and high learning curve
Not applicable for other sec-
tors aside from irrigation

o High data needs

High computational needs and
learning curve

Resolution limited by grid cell
size

Needs extensive calibration
and evaluation

Sensitive to variability in
actual ET estimates from var-
ious models and precipitation
measurements

Cannot be used for other sec-
tors aside from irrigation
Challenges in linking irriga-
tion application location to
location of extraction

Inputs and outputs to hydrogeo-
logic system are well constrained
Availability of numerous high-
quality groundwater level mea-
surements

Availability of accurate estimates
of specific yield

Goal is to estimate historic extrac-
tion at regional (rather than well)
resolution

Availability of accurate data for
crop types, soil, irrigation strat-
egy, and weather

Goal is to estimate extraction for
irrigation or evaluate irrigation
under different scenarios

Availability of accurate for plant
growth, soil, climate, irrigation
strategy and hydrogeology

Goal is to estimate extraction or
evaluate extraction under differ-
ent scenarios

Availability of accurate estimates
of AET

Goal is to estimate historic extrac-
tion for irrigation at sub-field or
larger scales

results from LHM were significantly more accurate
when response to the LEMA was considered, further
demonstrating this point.

As the development and use of sensors to mea-
sure groundwater extraction improves and more policies
requiring the collection of groundwater extraction vol-
umes are created, the need for these approaches will
decrease. Depending on how this data is collected, tem-
poral and/or spatial downscaling may still be necessary,
but ultimately, collecting direct measurements of ground-
water extraction is ideal. It is our hope that given the
importance of groundwater extraction data to hydrologic
sciences that these direct measurements will become so
prevalent that the results of this research will become
obsolete, except to estimate historic groundwater extrac-
tion volumes.
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