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ABSTRACT

For agricultural areas facing water scarcity, sustainable water use policy relies on irrigation information that is
timely and at a high resolution, but existing publicly available water use data are often insufficient for moni-
toring compliance or understanding the influence of policy on individual farmer decisions. This study attempts to
fill this data gap by using remote sensing to map annual irrigation quantity at the field-scale within the central
Ogallala aquifer region of the United States. We compiled in situ annual irrigation volume data at the field scale
in the Republican River Basin of Colorado for 2015-2018 and at the Public Land Survey System (PLSS) section
scale in western Kansas for 2000-2016, which served as reference data in random forest models that relied on
Landsat-based actual evapotranspiration from the Operational Simplified Surface Energy Balance model (SSE-
Bop) along with maps of irrigated area, Landsat spectral indices, climate, soils, and derived hydrologic variables.
The models explained 87% of the variability in irrigation volume in Colorado and 75% in Kansas, but accuracy
declined when transferring the models in spatial cross-validation (Colorado R? =0.81; Kansas R? =0.51) and
temporal cross-validation (Colorado R? =0.82; Kansas R? =0.68). Predicted annual totals of irrigation volume in
western Kansas had a mean absolute error of 11.9%, which was slightly higher than the average annual change of
11%. Use of predicted irrigation maps also lead to an underestimated effect size for a water use restriction policy
in Kansas. These results indicate that field- and section-scale irrigation can be mapped with reasonable accuracy
within a region and time period that has adequate sample data, but that methods may need to be improved for
applying the models more broadly in areas that lack extensive in situ irrigation data to support further research
on water use and aid in structuring policy.

1. Introduction

24% loss in irrigated acreage by 2100, forcing these areas to transition to
dryland crop agriculture or pasture (Deines et al., 2020). Failing to ac-

Irrigation with groundwater and surface water represents a vital
agricultural input responsible for substantial gains in agricultural pro-
ductivity (Hornbeck and Keskin, 2014). Yet in some areas the sustain-
ability of agricultural productivity is in jeopardy due to severe
groundwater depletion (Deines et al., 2020). The Ogallala aquifer in the
central Plains of the United States, in particular, accounts for a sub-
stantial percentage of the irrigation supplied to this agriculturally pro-
ductive region, but excessive withdrawals from the aquifer have led to
severe drawdown in some areas (Haacker et al., 2016; McGuire, 2017).
This depletion of groundwater resources has been projected to result in a
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count for land use suitability can underestimate the county-level eco-
nomic impacts of groundwater depletion by 12-45% (Deines et al.,
2020).

To support sustainable groundwater use and agricultural produc-
tivity, accurate monitoring of groundwater withdrawals is needed for
informing water policy and management decisions. Every five years the
U.S. Geological Survey (USGS) provides a report on national water use
with county-level summaries (Dieter et al., 2018), which is compiled
from data collected across a multitude of entities using a variety of
methods (Bradley, 2017). However, because decisions on groundwater
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use are made at the individual field scale and policies are implemented
within water districts that may not correspond to counties, irrigation
monitoring is needed not just at national, state, or county levels but at
the field level as well. Besides water management policies, several other
factors drive individual irrigation decisions made at the field level such
as crop type, soil characteristics, climate, and the type of irrigation
system. Consistent and widely available data on field-level irrigation
would be beneficial to understand how these factors interact to influence
the decisions of individual farmers.

Several studies have examined the effects of policies, prices, and a
handful of other determinants on groundwater extraction levels (Pfeiffer
and Lin, 2014; Zhu et al., 2007), but these studies have focused on areas
where high resolution irrigation information is available. However,
there are other areas that use considerable groundwater for which
high-resolution data are not available. For example, Nebraska has a
collection of local regulations across the state that mandate reporting
and limit extraction through allotment systems, drilling moratoria, and
other means (Ifft et al., 2018). These regulations are often credited with
improvements in aquifer levels (Andales et al., 2020), but such moni-
toring and regulation is by far the exception. Having access to a broader
dataset of field-scale irrigation, both spatially and temporally, would
greatly increase the potential scope of the aforementioned behavioral
studies. Additionally, broadly available field-scale irrigation data could
ensure water use compliance, which is often self-reported.

Recent advances in remote sensing have enabled spatially explicit
estimation of water abstraction for irrigation at global to field-scales
using a variety of approaches (Foster et al., 2020). Foster et al. (2020)
categorized these approaches into those primarily based on satellite
estimation of soil moisture, estimation of crop coefficients, and use of
thermal infrared imaging for estimating evapotranspiration. Studies that
primarily rely on remotely sensed soil moisture (Brocca et al., 2018;
Jalilvand et al., 2019; Zaussinger et al., 2019) have been limited to
mapping irrigation at gridded resolutions of 25 km or greater rather than
field scales due to the coarse resolution of the synthetic aperture radar
systems used, with the highest resolution soil moisture products now
being 1-3 km from the fusion of Soil Moisture Active Passive and
Sentinel-1 (Das et al., 2019). Crop coefficient-based methods infer
vegetation condition over the growing season from remotely sensed
vegetation indices from which crop water requirements are estimated.
However, previous studies have shown that actual water use from in situ
irrigation data is often not perfectly aligned with estimated crop water
requirements (Foster et al., 2019), which could be due to imperfect in-
formation on conditions, regional water management policies, irrigation
costs, or other factors.

A third class of approaches estimates irrigation by incorporating
remote sensing-based actual evapotranspiration (ETa) into soil water
balance models or predictive models. Recent advances in remote sensing
of ETa have made this approach appealing because it can now be applied
at field scales and deriving estimates of irrigation from ETa depends less
upon assumptions about water application efficiency. Although ETa may
be estimated from remote sensing through a variety of techniques
(Zhang et al., 2016), many models use a surface-energy balance
approach that utilizes land surface temperature obtained from remote
sensing of thermal radiation (Allen et al., 2007; Bastiaanssen et al.,
1998; Senay et al., 2013). These methods have recently been extended
from coarse resolution sensors such as the Moderate Resolution Imaging
Spectroradiometer (MODIS; 500 m) to Landsat (30 m) for relatively
high-resolution mapping of ETa. Maps of Landsat-based ETa have been
used to characterize trends in crop consumptive water use at regional
scales (Senay et al., 2019) and aid in understanding the influence of
water policy on consumptive water use (Senay et al., 2017). Some
studies have further partitioned ETa into “blue water” originating from
ground and surface water sources and “green water” originating from
precipitation using a combination of remotely sensed ET and land sur-
face models (Romaguera et al., 2012; Velpuri and Senay, 2017).

Foster et al. (2020) identified 20 studies that primarily relied upon
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thermal remote sensing of ET for estimating irrigation. However, only
three of these studies (Folhes et al., 2009; Lopez Valencia et al., 2020;
Tazekrit et al., 2018) were applied at the field scale and incorporated the
use of in situ irrigation data, and they were all limited to a single year
and a single region. Little research has been done to test applicability of
irrigation models to other time periods or regions that lack in situ irri-
gation data. Majumdar et al. (2020) leveraged 17 years of in situ irri-
gation data in Kansas to develop models of irrigation but did so at a 5-km
resolution and primarily relied upon crop type maps that only extend
back to 2006 in most areas of the United States. To achieve sustainable
water use goals, this approach would need to be extended to a field scale
across multiple years of data. Additionally, errors would need to be well
characterized to avoid inappropriate policy decisions that could nega-
tively affect farmers or water conservation (Foster et al., 2020).

The objective of this study was to develop and test high resolution
mapping of irrigation quantity to support sustainable water manage-
ment goals. We made use of advances in remote sensing of ETa and
irrigated area along with other environmental data to develop empirical
models of the volume and depth of irrigation applied to fields across
multiple years. Models were tested at two scales to reflect two different
scenarios of data availability: one in which individual field boundaries
are available for known irrigated fields, and one in which field bound-
aries and irrigation status are unknown but where Public Land Survey
System (PLSS) sections (~640 acres) can be used to aggregate several
fields. Through development and testing of these models, we sought to
answer the following questions:

1. How does irrigated map accuracy compare between using field-scale
models and PLSS section-scale models?

2. What is the relative importance of predictor variables related to
hydrology and irrigated area in modeling irrigation quantity?

3. What is the consistency of map accuracy when applying the models
to new time periods and areas with similar conditions?

4. What is the potential effect of map error on downstream applications
such as regional estimates of irrigation and economic analyses of
water use policy?

Through answering these questions, this research makes progress
towards a model framework that could be applied for high resolution
mapping of irrigation in areas and time periods that lack extensive in
situ water abstraction data to inform water management and policy.

2. Methods
2.1. Overview of methods

This study draws on extensive databases of in situ irrigation data and
advances in remote sensing of ETa, irrigated area, and other environ-
mental data to develop empirical models of irrigation across multiple
scales and multiple years. Field-scale mapping of irrigation was tested in
the Republican River Basin of Colorado where well-level data were
available on water abstraction from 2015 to 2018. Mapping of irrigation
was also tested in western Kansas where water abstraction data were
available at the scale of Public Land Survey System (PLSS) sections
(~640 acres) from 2000 to 2016. We developed and tested a series of
random forest models of irrigation from this reference data utilizing
predictor variables related to soil water balance components including
Landsat-based ETa obtained from the Operational Simplified Surface
Energy Balance (SSEBop) model (Senay et al., 2013), precipitation, and
runoff along with soil water storage capacity, Landsat-based vegetation
indices related to irrigated area and previously developed maps of irri-
gated area (Deines et al., 2019). Given the previous challenges with high
uncertainty from remotely sensed irrigation, we tested the trans-
ferability of models across years and sub-regions within the study areas.
We also compared total observed and predicted irrigation levels within
the Kansas study area for 2000-2016, and we investigated how error in
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predicted irrigation could lead to different conclusions for an economic
policy analysis.

2.2. Study Area

Modeling and mapping of field-level irrigation was conducted for the
Republican River Basin of eastern Colorado (22,753 km?) and western
Kansas (85,444 km?) (Fig. 1). This study area was chosen because it
overlies the Ogallala aquifer (Qi, 2010) where groundwater depletion is
an important issue of concern and because this area contains records of
annual well-level groundwater pumping that could be joined to indi-
vidual fields in Colorado or to PLSS sections in Kansas. Irrigation
modeling in the Colorado study area reflects an application scenario in
which field boundaries are known and irrigation is known to have
occurred, and models of the Kansas study area reflect a scenario in which
neither field boundaries nor irrigated area are known.

According to the 2016 Cropland Data Layer (CDL) (USDA-NASS,
2019), which maps crop type of both irrigated and non-irrigated culti-
vation, there were 9253 km? and 40,515 km? of various crops and hay
within the Colorado and Kansas study areas, respectively. Based on the
2016 CDL, corn and winter wheat (including irrigated and
non-irrigated) were the dominant crops in both the Colorado (48%
winter wheat and 35% corn) and Kansas (46% winter wheat and 27%
corn) study areas. These cropland areas and proportions of each crop
were different for the data used in modeling after limiting to fields and
sections with irrigation data and other filtering described below in
Section 2.2. Corn is typically sown around late April and harvested
around October. Winter wheat is the earliest sown crop that is planted in
the fall of the previous year and harvested in the summer, while sor-
ghum is the latest common crop with many fields being harvested in

Agricultural Water Management 271 (2022) 107764

November (NASS, 2010).

The Colorado study area and western Kansas have cold semi-arid
climates (Koppen classification BSk) with warm dry summers and cold
winters, and the climate becomes humid and subtropical (Koppen clas-
sification CFa) with hot humid summers and cold winters when moving
farther east into Kansas (Kottek et al., 2006). Precipitation follows an
increasing gradient from west to east with the Colorado portion
receiving approximately 400 mm per year and the eastern edge of the
study area near Wichita, Kansas receiving approximately 900 mm per
year (Daly et al., 2008). Thirty-year normals (1981-2010) of mean,
minimum, and maximum temperature and vapor pressure deficit simi-
larly increase from northwest to southeast. Mean annual temperature is
approximately 10 °C in the northwest Republican River Basin of Colo-
rado and approximately 14 °C near Wichita, Kansas (Daly et al., 2008).

2.3. Data

2.3.1. Annual field- and section-level irrigation

For the Republican River Basin of Colorado, annual irrigation of each
field was derived from attributing well pumping data in 2015-2018 to
field boundaries (CDSS, 2019) supplied by the Colorado Division of
Water Resources (CDWR). Annual pumping volume of each well was
measured and then reported to the water district by the landowner. The
CDWR field boundaries were delineated from aerial imagery and
Landsat maximum Normalized Difference Vegetation Index (NDVI) in
each year. This field boundary dataset also contains the list of wells
serving each field. Fields ranged in size, including fields that were small
corners of a parcel around a center pivot (~7 ac), portions of a center
pivot field, standard center pivot fields (~125 ac), and occasionally
larger fields. We joined the annual well data to the field boundaries and

[ ] Republican River Basin
|:| Kansas Ogallala aquifer
Irrigation (mm)

<50

<100
B <200
B <<00
I <000

.. 30000
2016 Irrigation 400 co I ks |
S £ 1000
Colorado 8 200 3
O
0 0
0 500 0 500
Irrigation (mm) Irrigation (mm)
o o~

Kansas

MR

Km

0 1,250 2,500 5,000

Fig. 1. Maps and histograms of 2016 depth of irrigation (mm) in individual fields in the Republican River Basin of Colorado and in PLSS sections over the Ogallala

aquifer boundary (Qi, 2010) in Kansas.
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summed irrigation from multiple wells serving a single field. Water from
wells serving multiple fields were divided based on field area. For the
53.2% of wells that served multiple fields, a vast majority consisted of
the water feeding a single circular central pivot field with the remainder
going to adjacent small corner fields. Splitting total irrigation evenly
across multiple fields based on field area, therefore, likely has little ef-
fect on the outcome. We removed the 0.77% of fields with unreasonably
high irrigation levels (greater than 3 ac-ft per ac). Filtering the dataset
left an average of 1863 km? of cropland in each year to be used in
analysis, which was predominately corn (mean of 77% corn across
years). Note that this is quite different from the proportion of crops in
the region (48% winter wheat and 35% corn from 2016 CDL), and field
boundaries with well data appeared to exclude some fields, likely
because they were unirrigated. For example, National Agricultural Sta-
tistics Service (NASS) census data for Phillips and Yuma counties in
Colorado (NASS, 2019), which are completely within the study area,
show that only 8% of the harvested area of winter wheat was irrigated in
2017.

Although we were primarily interested in volume of water extracted,
much of the variation in pumping volume was due to variability in field
size (Pearson’s r = 0.85), so pumping volume was divided by field area
to obtain the irrigation quantity as depth in millimeters (mm). Modeling
irrigation as depth and converting back to volume yielded slightly better
performance than modeling volume directly and better illustrates how
much variance is truly explained by the predictive modeling as opposed
to simply knowing field size. Irrigation quantity had a normal distri-
bution with a slight right tail (Fig. 1) and a mean of 328 mm in 2016; the
distribution was similar in other years and the overall mean was
336 mm.

For the Kansas study area, 2000-2016 annual irrigation for each
PLSS section was derived from well abstraction data from the Kansas
Water Information Management and Analysis System (WIMAS), which is
managed jointly by the Kansas Department of Agriculture, Kansas Di-
vision of Water Resources, and Kansas Geological Survey (2019).
Landowners are required to self-report water use for each well on an
annual basis. As of 2011, landowners using groundwater must have a
flowmeter (State of Kansas, 2011), but prior to this regulation, water use
may have been estimated by other means such as by multiplying
pumping rate and operation time for constant rate pumps. We joined this
well-level water withdrawal data to the Kansas PLSS section map and
subset by lands overlapping the Ogallala aquifer. Land ownership and
management is divided by these PLSS sections, and wells are typically
located within the center of fields at center pivot locations. Because of
this, we assumed all water from a well was applied to the same section
that it was located in, although some water may have been distributed to
other sections. The standard PLSS section is 640 acres, but section size
varied between 13 and 909 acres because of sections on the edge of the
state and principal meridians. Because sections were mostly the same
size and entire sections were rarely irrigated, irrigation volume was less
correlated with section area (Pearson’s r = 0.07) but more closely
related to estimates of irrigated area which we incorporated into other
predictor variables as described in section 2.2.4. In 2016, depth of irri-
gation (mm) was zero-inflated and had a right skew (Fig. 1) with a mean
of 39 mm; the distribution was similar in other years and the dataset had
an overall mean of 43 mm. Because the irrigated area within each sec-
tion was unknown and unlikely to be evenly distributed across the entire
section area, we modeled volume of irrigation instead of depth for this
Kansas dataset; the overall mean irrigation volume for all years was 90.7
ac-ft. We removed 0.14% of the observations with unreasonably high
irrigation levels (>3 ac-ft per ac) because the maximum allowable water
use in counties of western Kansas is at most 2 ac-ft per ac (Barfield,
2017). Filtering the dataset left an average area of 83,211 km? in each
year included in the analysis. In years with CDL data (2006-2016), 37,
118 km? of this area was cropland on average, which was composed of
50% winter wheat, 24% corn, 16% sorghum, 4% soy, 3% alfalfa, and 3%
other crops including double cropping.
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2.3.2. Actual Evapotranspiration

Field-scale estimates of monthly actual and growing season evapo-
transpiration were obtained through application of the SSEBop model to
Landsat imagery and gridMET and Daymet climate data in Google Earth
Engine (Senay et al., 2017, 2016, 2013). SSEBop estimates the fraction
of potential evapotranspiration (ETf) which is multiplied by a scaled (k)
alfalfa reference potential evapotranspiration (ETo) obtained from the
Gridded Surface Meteorological dataset (gridMET) (Abatzoglou, 2013)
in order to calculate actual evapotranspiration (ETa; Eq. 1). ETf is ob-
tained through a simplified surface energy balance approach by scaling
the difference between the land surface temperature (Ts) and a cold/wet
limit (T.) by the surface psychrometric constant of a dry bare surface

.
ETa = (1 — y*(T, — T..)) * k  ETo €8]

Land surface temperature is calculated from the corrected thermal
radiance obtained from Landsat and emissivity based on the NDVI
threshold method (Sobrino et al., 2004). The daily cold/wet limit of
surface temperature and the surface psychrometric constant are ob-
tained from daily maximum and minimum temperatures and average
clear-sky net radiation calculated from Daymet (Thornton et al., 2016).
Desert Research Institute has created a preliminary implementation of
SSEBop for Landsat in Google Earth Engine (Gorelick et al., 2017) as part
of the OpenET project (Morton et al., 2021), which is the implementa-
tion we have used in this study (OpenET core version 0.0.10 and SSEBop
version 0.0.13). Ji et al. (2021) found 2015 monthly SSEBop estimates of
ETa had high accuracy when compared against two Ameriflux eddy
covariance towers in Kansas (US-KFS: R? = 0.93, bias = 5.5 mm, RMSE
= 18.9 mm; US-KLS: R? = 0.87, bias = 5.7 mm, RMSE = 20.3 mm).

Landsat Tier 1 surface reflectance images from April to October for
2011-2018 were masked for clouds, cloud shadow, and snow using the
provided Pixel QA band. We applied the SSEBop algorithm to these
images to estimate daily ETa at 30 m and aggregated these estimates to
monthly intervals by linearly interpolating daily values between avail-
able images. Field- or section-level ETa was then calculated as the mean
of the monthly pixel values within each field or section boundary to
reduce the influence of missing data and minor variations within a field
that may not be due to actual differences in irrigation. The monthly ETa
values were then summed for the growing season (April-October) as
well.

2.3.3. Other predictors

Other predictor variables included those related to water balance
components and irrigated area. Monthly precipitation from gridMET
(2.5, ~4 km) was incorporated in the modeling along with other hy-
drologic variables derived from combinations of the precipitation and
runoff with ETa. To account for runoff, we obtained USGS estimates of
Hydrologic Unit Code (HUC) level 8 watershed runoff, which are
calculated through area-weighted averages of daily streamgage data
within basins of the HUC8 watersheds (Brakebill et al., 2011) The HUC8
watershed intersecting both study areas ranged from 1059 to 9990 km?
(mean=3706 kmz). Mean gridMET precipitation (PRmean) was calcu-
lated over each HUC8 watershed, and an effective precipitation coeffi-
cient (PRcoef) for each watershed was calculated as the fraction of
watershed precipitation after subtracting runoff (Eq. 2):

PRmean —  runoff

PReoef = PRmean &)

This effective precipitation coefficient was then used to scale the
pixel-level (~4 km) precipitation over each watershed, which produces
pixel-level estimates of effective precipitation (PREF) available for crop
water use. The mean effective precipitation was calculated for each field
in Colorado and each section in Kansas. Runoff was generally low across
watersheds and years and the precipitation coefficients were corre-
spondingly quite high; the growing season (April-October) PRcoef
averaged across years and watersheds for both study areas ranged from
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0.69 to 1.00 and had a mean of 0.97. Because of this, the effective
growing precipitation was lower than precipitation by only 2.6 mm on
average for the fields in Colorado and by 10.3 mm on average for the
sections in Kansas.

Irrigation (Irr) could be calculated directly with a simple water bal-
ance model if all other factors were known (Eq. 3), including the input of
precipitation (pr), and outputs of actual evapotranspiration (ETa), runoff
(ro), and changes in soil water storage (As):

Irr = ETa + ro + As — pr 3)

Because the total annual change in surface soil water storage is
relatively small in comparison to the factors that we can estimate, such
as ETa, pr, ro, simply subtracting the effective precipitation from ETa to
obtain net irrigation (NETIRR; Table 1) should provide a strong pre-
dictor of water abstraction for irrigation in an empirical model. The
mean net irrigation (NETIRR) was calculated on a monthly and seasonal
basis for each Colorado field and Kansas section.

Ideally, the annual change in soil water storage would also be
included in the model and the derivation of NETIRR, but current soil
moisture datasets have at best a 1 km resolution (Das et al., 2019) which
is likely insufficient to capture field-level spatial variability in soil
moisture changes caused by irrigation practices. In lieu of having As, we
included the mean available water storage in the upper 25, 50, 100, and
150 cm (Table 1) as additional predictors, which were calculated for
each field and section from the SSURGO database (Soil Survey Staff,
2019) of information obtained from soil surveys.

Deines et al. (2019) found a suite of Landsat spectral indices to be
important predictors in detecting irrigation across the High Plains
aquifer, which contains the Ogallala aquifer, from 1984 to 2017. These
spectral metrics may also capture variance in irrigation quantity not
explained by the above water balance components. We incorporated the
spectral indices which had the highest ranked importance by Gini score
in their models, including the annual maximums of the Green Chloro-
phyll Vegetation Index (GCVI), Normalized Difference Moisture Index
(NDMI), NDVI, and the Water-adjusted Green Index (WGI; annual
maximum GCVI x annual maximum NDMI) shown in Table 1. These
spectral indices were also normalized by dividing by the 15th percentile
value of the index within a 50-km radius to create neighborhood
greenness indices (NGCVI, NNDMI, NNDVI, NWGI) as in Deines et al.

Table 1

Agricultural Water Management 271 (2022) 107764

(2019). Prior to calculating the neighborhood values, the indices are
first masked to exclude urban areas and water using the 2016 National
Land Cover Database (Yang et al., 2018) because an abundance of these
land cover types depresses the apparent regional greenness. Holes in the
neighborhood image were then filled with the focal median within a
10-km radius. We also limited the neighborhood values to be at most the
median of the region-wide spectral index value within each study area.
These neighborhood normalized greenness indices provide more
consistent metrics for applying the model across a wide range of con-
ditions as they account for regional differences in overall greenness to
highlight local variations.

2.3.4. Irrigated Area

In Colorado individual fields are delineated so the potential irrigated
area is known, but within the PLSS sections of the Kansas study area, the
area of active cultivation and irrigation varied greatly, with many sec-
tions containing no irrigated cropland at all (Fig. 1). To reduce the in-
fluence of non-irrigated areas on estimates of average ET and Landsat
spectral indices, we incorporated the use of irrigated area maps created
for the entire High Plains aquifer region at a 30-m resolution from 1985
to 2019 by Deines et al. (2019), which were generated from predictive
modeling with Landsat neighborhood normalized spectral indices like
those described in Section 2.2.3. Use of these maps has the advantage of
focusing summaries of our predictor variables to estimated irrigated
areas rather than entire crop areas, many of which may not be irrigated.
Also, as shown for the Colorado study area, most of the variance in
irrigation volume can be explained by area alone. The estimated irri-
gated area and percent irrigated area within each section in Kansas were
included as stand-alone predictor variables, and the mean of the
Landsat-based spectral indices and evapotranspiration were obtained
only over the irrigated area. Other predictor variables had much lower
resolutions (e.g., precipitation at ~4 km) such that summaries using
only the irrigated area would be no different than using the entire sec-
tion. For the hydrology-based predictor variables (ET, precipitation, and
ET minus precipitation) we multiplied the previously calculated depth
values by the estimated irrigated area within each section for the
appropriate year to convert these variables to volume in acre-feet
(Table 1). Sections with no irrigated area were given a predicted irri-
gation volume of 0 ac-ft.

Variables used in random forest regression models of irrigation. Means of the predictor variables were taken over the entirety of each field in Colorado and within
irrigated areas of each PLSS section in Kansas. For hydrologic variables, depth in mm was used for Colorado, and volume in ac-ft was used for Kansas by multiplying the

depth variables by the predicted irrigated area in each year.

Hydrologic Variables

Acronym Description Reference

ETa_grow Growing season (Apr-Oct) sum of monthly SSEBop actual evapotranspiration Senay et al. (2013)
ETa_04...10 Monthly SSEBop actual evapotranspiration from April to October Senay et al. (2013)
PREF_grow/year Annual (Jan-Dec) and growing season (Apr-Oct) sum of monthly effective precipitation Abatzoglou (2013)
PREF01...12 Monthly effective precipitation from gridMET and USGS HUC8 runoff from January to December Abatzoglou (2013)
AWS_025...150 Soil available water storage in the upper 25 cm to upper 150 cm from SSURGO Soil Survey Staff (2019)

ARFA, AREA pct
NETIRR_grow
NETIRR_04...10

Landsat Spectral indices

Colorado uses field area only. For Kansas, this is the annual predicted irrigated area and percent area within each section
Differences of seasonal ETa and effective precipitation (ETa_grow — PREF_grow)
Difference of monthly ETa and effective precipitation (e.g. ETa_04 — PREF_04)

Deines et al. (2019)

Reference

Rouse et al. (1974)
Gao (1996)
Gitelson et al. (2005)

Deines et al. (2019)

Acronym Name Formula

NDVI Annual maximum Normalized Difference ~ (NIR —Red)/(NIR +Red)
Vegetation Index

NDMI Annual maximum Normalized Difference (NIR —SWIR1)/(NIR +SWIR1)
Moisture Index

GCVI Annual maximum Green Chlorophyll NIR/Green — 1
Vegetation Index

WGI Water-adjusted Green Index maxNDMI x maxGCVI

NNDVI...NWGI

Above spectral indices divided by their neighborhood value. The neighborhood is calculated as the 15th percentile of the index within a

Deines et al. (2019)

50-km radius after excluding urban areas and water using 2016 NLCD and filling holes with a 10-km radius focal median.
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2.4. Irrigation modeling

The irrigated area, actual evapotranspiration, effective precipitation,
derived net irrigation, Landsat-based spectral indices, and soil available
water storage variables served as predictors (Table 1) of field-level
irrigation depth for the Colorado study area and section-level irriga-
tion volume in the Kansas study area using random forest models
(Breiman, 2001). The models used common random forest parameters of
500 trees and splitting at each node by considering the square root of the
total number of predictors. Evaluation of each model was initially done
using out-of-bag predictions, which provide unbiased estimates of
generalization error (Breiman, 2001) and have been shown to be as
accurate as using a test set of the same size as the training set (Breiman,
2001, 1996). Models were evaluated by the coefficient of determination
(Rz), root-mean-squared-error (RMSE), and mean difference of pre-
dictions from the observations (bias). Differences in model accuracy
between the two study areas were primarily compared with RMSE as a
percentage of the mean observed value (RMSE%) because of differences
in scale when comparing irrigation volume (i.e., fields vs. sections) and
differences in the distributions of irrigation depth (Fig. 1).

The primary goal of our study was to develop and test models for
high prediction accuracy rather than the development of parsimonious
interpretable models. However, we compared the relative importance of
predictor variables to aid future research and also verified that the
model was capturing the relationships between key predictor variables
and the response variables that would be expected from simple water
balance models, hydrologic theory, and known irrigation practices.

Predictor variables of the full models for each study area were
compared by their importance values, which were calculated as the
mean across trees of the total decrease in mean squared error caused by
the variable when it was used for splitting nodes of each tree; these
importance values were normalized so that they sum to one. The models
included some highly correlated predictor variables such as adjacent
months for hydrologic variables, the different Landsat spectral indices,
and the available water storage variables, which were not filtered
because multicollinearity does not reduce random forest performance.
However, multicollinearity can confound the ability to interpret vari-
able importance values because correlated predictors will often have
similar but diluted importance scores while other predictors that may
have contributed more novel information for improving model perfor-
mance could be pushed down in rank (Kuhn and Johnson, 2013). A
correlation heatmap is shown for both study areas to aid in interpreting
the variable importance scores.

One-dimensional Accumulated Local Effects (ALE) plots (Apley and
Zhu, 2020) were created to capture the main effect of the top ranked
predictor variable from each of the six types of predictors: ETa, PREF,
NETIRR, AWS, AREA, and spectral indices (Table 1). These plots illus-
trate the difference of the predicted response from the overall mean
prediction across a range of values for a given predictor variable. ALE
plots have the advantages of isolating the main effect for the feature of
interest and preventing unreasonable combinations for correlated pre-
dictor variables (Molnar, 2019), which are problems common to the
more widely used M-plots and partial dependence plots, respectively.

Because we are primarily interested in the application of these
models for other regions and years with no available pumping data, we
also tested transferability of the models by training on one region and
testing on another region (leave-one-side-out validation) as well as
training on a subset of years and testing on the withheld year (leave-one-
year-out validation). These forms of validation serve to test for appli-
cability of the models across space and time but within the same domain
(i.e. environment and conditions) as the model training space because
extrapolation often leads to poor results (Kuhn and Johnson, 2013). For
the leave-one-side-out validation, the data were split spatially into
halves for training and testing. For example, fields or sections with their
centroid lying in the eastern half of the study area were used for training
and the other half were used for testing, and then the training and testing
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sides were flipped. The same process was repeated with a north-south
split. For spatial and temporal cross-validation the sample size
weighted mean of the accuracy statistics from each test set are given. For
the Colorado models, we also provide accuracy statistics once predicted
irrigation depth is converted back into volume using field area because
estimating volume was of primary interest.

For the Kansas study area, where a census of observed irrigation was
available, we performed an additional analysis comparing the total
annual irrigation volume from WIMAS as well as the observed total
irrigation of sections that were included in modeling after filtering for
outliers and missing data against the corresponding total of predicted
irrigation when that year was the test set of leave-one-year-out valida-
tion. This comparison illustrates how section-level error translates to
expected levels of error when aggregating over larger areas and applying
the model in years lacking training data. Often models even with rela-
tively high error can produce reasonable aggregated estimates so long as
the model has relatively low bias.

2.5. Irrigation in Local Enhanced Management Areas

One of our objectives was to develop an irrigation model that could
be used for examining the influence of past water management policies
on local and regional water use decisions for areas that lack compre-
hensive irrigation data. Because most policy analyses evaluate the
average effect of a policy on relevant outcomes, we are primarily
interested in obtaining predictions of irrigation that are unbiased and
errors that are not correlated with the primary factors of interest (e.g.,
areas where the policy is applied or not applied). To test this application,
we examined the influence of using predicted irrigation versus observed
irrigation in an analysis of policy effects on water use decisions. This
analysis replicated a simplified version of the model presented in Dry-
sdale and Hendricks (2018) using both our observed irrigation data and
the predicted irrigation data at the scale of PLSS sections in Kansas.

Kansas previously implemented a system by which local authorities
can self-regulate groundwater extraction by establishing a Local
Enhanced Management Area (LEMA). In 2013, a LEMA was established
in the area of Sheridan County in Kansas, which focused on reducing
groundwater extractions. The study by Drysdale and Hendricks (2018)
compared water usage inside this LEMA to the immediate surrounding
area. They used a spatial discontinuity approach using water withdrawal
data from a sample of wells from 2007 to 2016 within the LEMA
boundary, and then all wells no greater than 5 miles and no less than 2
miles from the LEMA boundary. They ran a series of mixed effect
regression models with logged dependent variables (total irrigation,
irrigation intensity, and irrigated acres) and a set of weather controls as
independent variables, including temperature and precipitation, as well
as water-rights level fixed effects, and farmer-year fixed effects. A
dummy independent variable was also included to indicate whether the
well was within the LEMA or in the buffer zone outside of the LEMA.
Their results showed that groundwater restrictions within the LEMA led
to a reduction in groundwater use, mostly through reductions in irri-
gation intensity.

Our analysis is modeled after the Drysdale and Hendricks (2018)
study. We used a similar set of weather controls as independent vari-
ables, including potential evapotranspiration (ET,) in mm, average
temperature (Temp) in °C, precipitation (Precip) in mm, and the square
of precipitation (Precip?) in mm? during the growing season calculated
from gridMET daily weather estimates (Abatzoglou, 2013). We included
precipitation as a quadratic term in the regression to control for
non-linear effects precipitation may have on irrigation. Because our
observation unit was a section, rather than a water right, our fixed ef-
fects were at the section level, along with year fixed effects. There were
many zeros in our dependent variable, and so we excluded wells that
reported no irrigation, focusing instead on sections that were irrigated.
We used the level of irrigation volume rather than a log transformation
as in Drysdale and Hendricks (2018) to aid in interpretation. Our
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empirical specification was the following:

Vi =& +y,+ Pl +6X + &

Where v; is the volume in acre-feet of water pumped within some sec-
tion i in year t. We indicated whether a section was within the LEMA
with the variable I;;. We had section fixed effects a; and year fixed effects
7. X is the set of weather controls with a set of corresponding co-
efficients, 5. The term ¢ is an independent and identically distributed
(i.i.d.) random error.

We ran this regression on four sets of data covering the same extent
as in Drysdale and Hendricks (2018) and years 2000-2016. The first
dataset included the full set of observed section-level irrigation values in
and around the LEMA. The second was the set of out-of-bag predicted
irrigation values from the model of irrigation volume using all data in
the Kansas study area. The third was the set of predictions from temporal
cross-validation where one year of data was withheld for validation
while samples from the remaining years were used for model training.
The fourth was the set of predicted irrigation values from the spatial
cross-validation model where the model was trained on the sections in
the southern half of Kansas and then validated on the northern half of
Kansas, which includes the LEMA study area.

We also ran four different versions of our model. The first included
only fixed effects. The second included fixed effects and the total po-
tential evapotranspiration (ET,) during the growing season. The third
included the fixed effects plus the weather controls of mean temperature
(Temp), total precipitation (Precip), and the square of total precipitation
(Precip®) during the growing season. The final model included the fixed
effects, evapotranspiration, and the weather controls. All results feature
standard errors that were clustered at the section level. For each set of
models, we compared differences in the coefficients between using the
observed irrigation data and using the three predicted irrigation datasets
to see if different conclusions would be drawn depending on the data
source. We also evaluated whether presence of a section within the
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LEMA had a different average level of error in predicted irrigation vol-
ume than outside the LEMA, which could be a major factor in influ-
encing our interpretations from the above regression models.

3. Results
3.1. Field-level irrigation in Colorado

In Colorado, the random forest model explained about half of the
variability in field-level irrigation quantity (R?> =0.49; RMSE%=30%)
when modeled as depth (Fig. 2a). However, the model explains 87% of
the variability in irrigation volume, which was calculated by multiplying
by field size (Fig. 2d). As previously mentioned, field area alone explains
72% of the variance (Pearson’s r = 0.85) in irrigation volume because of
the array of field sizes in this study area. Overall bias was low (1 mm),
but the two-dimensional density plots (i.e., hexbin plots) of observations
and predictions show the model to underestimate high levels of irriga-
tion with predictions rarely exceeding 500 mm while low levels of
irrigation have a slight positive bias (Fig. 2a). This compression of
predictions towards the mean observed value is common in models
using an ensemble of decision trees like random forest. For 2016, the
spatial distribution of errors from the full model in Colorado appeared to
be random with no strong clustering in any one region, and the histo-
gram of residuals was approximately normal and centered on zero
(Fig. 3).

Model accuracy declined slightly when transferring the model to
other time periods through leave-one-year-out cross-validation (Fig. 2c;
RMSE%=35%) and also for transfer to other areas with leave-one-side-
out cross-validation (Fig. 2b; RMSE%=35%) in comparison to the full
model (Fig. 2a; RMSE%=30%). When converting to volume the full,
spatial cross-validation, and temporal cross-validation models had
slightly greater differences in RMSE% but smaller difference in R? and
bias (Fig. 2d-f). More notable is the increase in bias with spatial and
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Out-Of-Bag Side-Out Year-Out
a ,/ b ,/ (¢} //
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Fig. 2. Models of irrigation in the Colorado study area for a full model evaluated with out-of-bag predictions and cross-validation using one-side out at a time (i.e.,
east, west, north, and south halves) and one-year-out at a time. Irrigation depth in mm was modeled (a-c) before converting to volume with field area (d-f).

Predicted (ac-ft)
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Fig. 3. Map of error for 2016 with out-of-bag predictions made from the “full” models trained with all data in each state. In Kansas, irrigation volume (ac-ft) was
modeled and then converted to depth in mm using PLSS section area, but for most sections only a portion of their area was irrigated.

temporal cross-validation for the depth-based results (Fig. 2a-c),
particularly for fields with low irrigation. The decreases in accuracy
between the full model and when performing spatial and temporal cross-
validation are likely due to spatial and temporal dependence in the
dataset. One source of spatial dependence mentioned previously is the
predominantly east-west precipitation gradient that exists in this region.
By training and testing on different halves of the dataset we can see that
the model would likely have slightly decreased accuracy when trans-
ferring to other regions without available training data, possibly even
those with only slightly different conditions such as modestly higher or
lower precipitation. The same can be said for transferability to different
years, but this may be because with only four years in the dataset
(2015-2018), the model has yet to be exposed to a wide range of
different temporal conditions for training such as multiple wet or dry
years.

The available water storage variables (AWS_025...100) were all
ranked as the most important in the full model (Fig. 4a), each having an
importance value of ~0.04-0.05. These variables were also very highly
correlated (Pearson’s r = 0.91-0.99; Fig. S1), and each had a mono-
tonically decreasing but non-linear effect on predicted irrigation
(Fig. S2). Growing season and summer monthly net irrigation variables
(e.g. NETIRR _grow, NETIRR_07...09) were the next group of variables
with the highest importance ranking (importance=0.03-0.04).
NETIRR_grow had ALE values that increased in an approximately linear
fashion when above ~100 mm (Fig. S2). Landsat spectral indices ranked
fairly low in feature importance for this model even though they were
important in models of irrigated area by Deines et al. (2019). The
common variable importance method we employ here is known to be
biased towards variables with higher cardinality (Strobl et al., 2007).
However, all the predictor variables were continuous, and the most

important variables, available water storage, had the lowest number of
unique values in the set of predictors. Variable rankings were also
similar when using a permutation-based variable importance method on
the training data (results not shown).

3.2. Section-level irrigation in Kansas

The full section-level model of irrigation volume in Kansas explained
a relatively large proportion of the variance (R =0.75; Fig. 5a) but
tended to overestimate in sections with low observed irrigation. Even in
this region dominated by irrigated cultivation, sections with low
pumping volume were common (72% had 0 ac-ft), which led to a high
RMSE as a percentage of the mean observed value (RMSE%=114%).
When disregarding sections with zero irrigation for calculating the ac-
curacy statistics, RMSE% dropped to 54% for this model even though
RMSE increased to 176 ac-ft. Overall model accuracy improved only
slightly to an RMSE of 101.4 when only considering data from 2011 and
later, after the flowmeter installation requirements took effect. The
predicted irrigation volume was converted to depth in mm (Fig. 5d-f)
using the PLSS section areas for comparison with the results from the
Colorado study area, but this conversion likely underestimates the
amount of irrigation concentrated on the irrigated area because it
effectively assumes that the entire section was irrigated. The RMSE%
and R? for the volume estimates (Fig. 5a-c) were nearly the same as
depth-based converted results (Fig. 5d-f) because the section area
explained little variation in irrigation volume; results were nearly
identical if modeling irrigation depth directly and when excluding sec-
tions with zero irrigation. For 2016, the spatial distribution of errors in
mm from the full model appeared to show some clustering with small
regions of over- and under-estimation, but as in Colorado the residuals
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b Kansas Full Model Feature Importances
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Fig. 4. Random forest variable importance values for the full models in Colorado (a) and Kansas (b). Variable importance was calculated as the normalized mean
decrease in mean square error across the trees (black dot) with the 95% confidence interval (black line) calculated from bootstrapped draws (n = 1000) of the feature

importance from individual trees. See Table 1 for variable definitions.

were centered on zero and approximately normal (Fig. 3).

The net irrigation and ETa variables summed over the growing sea-
son (NETIRR grow and ETa_grow) and in the summer (NETIRR_ 07,
ETa_07, ETa_08) were the top five predictor variables (Fig. 4b). All five
were highly multicollinear (Pearson’s r = 0.88-0.97; Fig. S3), in part
because they were all transformed to volume using irrigated area. The
ALE plots of the ETa and NETIRR predictors show steep increases of
predicted irrigation as their values increased in the middle ranges but
with flat responses at the ends (Fig. S4). The Deines et al. (2019) pre-
dicted irrigated area (AREA) alone explained 50% of the variance in
irrigation volume (Pearson’s r = 0.71) and had a linear effect on pre-
dictions until approaching an asymptote after about 450 acres (Fig. S4).

Although engineering the hydrologic predictors to be in volume units
by incorporating irrigated area greatly improved their explanatory
power, the resulting multicollinearity does confound our ability to
determine their relative importance. To parse out the effect of irrigated
area, we evaluated variable importance for another model of Kansas
irrigation volume with hydrologic predictors used in their original depth
form rather than converted to volume using irrigated area (Fig. S5). In
this model irrigated area and percent had the highest importance values
(0.20 and 0.18, respectively) followed by net irrigation and ETa vari-
ables for the growing season (0.05 and 0.03, respectively) and July (0.04
and 0.04, respectively). Because using the hydrologic variables as depth
reduces some of their multicollinearity (Pearson’s r = 0.47-0.83 for the
same five previously listed), other variables that helped to improve
model accuracy rose in rank, such as NGCVI and the available water
storage variables.

As in the Colorado study area, model accuracy declined when
examining spatial and temporal transferability with leave-one-side-out

validation (Fig. 5b) and leave-one-year-out validation (Fig. 5c).
Attempting to train and test the model on split halves caused many
samples with high observed irrigation to be underestimated (Fig. 5b),
which led to an overall negative bias. This underestimation with spatial
transfer is likely due to differences in the distribution of the response
between the training and testing halves (Table 2). For example, training
on the north half which has a mean of 36.5 ac-ft and 83% zeros leads to a
bias of — 44.2 ac-ft when testing on the south half which had a much
higher mean of 123.2 ac-ft and only 66% zeros. Irrigation volume was
much more consistent temporally with annual mean irrigation having a
coefficient of variation (CV) of 13% as opposed to the 47% CV of spatial
halves. This greater temporal consistency led to lower error with tem-
poral cross-validation (RMSE%=126%) than spatial cross-validation
(RMSE%=159%), although the apparent error was still fairly high
because of zero-inflation depressing the mean of the observations. The
annual sample-size weighted mean of annual irrigation including zeros
was 91 ac-ft while it was 327 ac-ft when excluding zeros. Even though
the overall bias for sections with zero irrigation was reasonably low (25
ac-ft) in temporal cross-validation, the accuracy appears to be better
when not considering sections with zero irrigation (RMSE%=58%)
because of zero-inflation.

We examined the effect of model error when totaling irrigation over
the entire western Kansas study area (Fig. 6). The WIMAS census of
irrigation allowed us to make a direct comparison of the total predicted
irrigation (i.e., using predictions of each withheld year from temporal
cross-validation) to the unfiltered total irrigation. However, because
sections with outlier irrigation values (i.e., > 3 ac-ft per ac) and missing
data were filtered out in model development, the predicted total irri-
gation is best compared to the same set of observations used in
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Fig. 5. Models of irrigation in the Kansas study area for a full model evaluated with out-of-bag predictions and cross-validation using one-side out at a time (i.e., east,
west, north, and south halves) and one-year-out at a time. Irrigation volume in ac-ft was modeled (a-c), and the predicted volume was converted to irrigation depth in
mm using PLSS section area (d-f). Note that this conversion likely underestimates the depth of irrigation over the irrigated area because it assumes that an entire

section was irrigated.

Table 2

Summary statistics of each half of the Kansas irrigation volume modeling dataset
from leave-one-side-out cross-validation as well as its accuracy statistics from
when it was the test set.

Side Count % Zeros Mean Std. Dev R? RMSE Bias
East 172095 72 64.9 150.7 0.39 117.4 44.5
North 205366 83 36.5 106.2 0.31 88.0 21.4
South 342572 66 123.2 239.6 0.53 165.1 -44.2
West 375843 72 102.5 224.0 0.66 130.9 -10.5
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Fig. 6. Comparison of the total annual irrigation in western Kansas provided by
WIMAS before any filtering for modeling, the total observed irrigation used in
modeling, and the total predicted irrigation for each year when it was left out of
the model in leave-one-year-out cross-validation.
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modeling. The mean annual “observed” irrigation was 2.92 million ac-ft
and the mean absolute error across years was 0.34 million ac-ft. The
absolute error was 11.9% of the observations on average, which slightly
exceeded the mean absolute percent change between subsequent years
of 11.0%. Although we expected error to be highest in the drought year
of 2012, irrigation volume was overestimated the most in 2000 (26%)
and 2016 (31%), possibly because of overestimation in irrigated area.
These two years also had the highest mean percent irrigated area
(AREA pct) for sections that actually had an observed irrigation of 0 ac-
ft. Overestimation in sections with zero observed irrigation accounted
for on average 63% of the total overestimation volume across years. No
one factor explained the differences in trends between the observed and
predicted total irrigation, but predicted irrigation most closely tracked
the trend of the annual mean of the top predictor (NETIRR_grow).

3.3. Effect of data source on LEMA policy considerations

We tested whether the predicted irrigation maps would be effective
in an application that investigates the average effects of water policy on
groundwater extraction using an analysis akin to that in Drysdale and
Hendricks (2018). We found that for the observed data, being within the
LEMA was associated with an approximate 21.746 ac-ft reduction in
water volume extraction (Table 3). Using irrigation from out-of-bag
estimates and temporal and spatial cross-validation also showed the
LEMA being associated with reductions in water extraction, albeit with
lower magnitudes of — 9.774, — 8.697, and — 9.714 ac-ft, respectively.

In order to evaluate whether the differences in the LEMA coefficients
were significant between models using observed and predicted irriga-
tion, we conducted a bootstrapping procedure to obtain their distribu-
tions. We iteratively sampled the sections in our data with replacement
1000 times, re-estimating our models for each sample set and storing the
coefficient values to generate a distribution for the LEMA indicator
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Table 3

Coefficients from linear mixed effect models of observed irrigation and predicted
irrigation for PLSS sections in a LEMA of Kansas and the immediate surrounding
area when using all weather control independent variables. Predicted irrigation
volumes were obtained from out-of-bag estimates of the model trained on the
entire Kansas study area, predictions from leave-one-year-out cross-validation
(“Temporal CV”) and leave-one-side-out cross-validation (“Spatial CV”). Stan-
dard errors of the coefficients are in parentheses. df is degrees of freedom.

Observed  Out-of- Temporal Spatial
Bag Ccv Ccv
LEMA (Iy) -21.746* -9.774* -8.691* -9.714*
(2.730) (1.565) (1.408) (1.638)
Temp -24.136 -110.350* -132.430* -134.769*
(20.143) (18.951) (20.183) (22.226)
ET, 0.059 0.190 0.167 0.283
(0.324) (0.209) (0.253) (0.238)
Precip 3.666 50.789* 60.721* 69.858*
(2.688) (3.045) (3.194) (3.553)
Precip® -0.736* -3.108* -3.517* -3.654*
(0.246) (0.300) (0.301) (0.280)
Observations 3960 3960 3960 3960
R? 0.887 0.918 0.925 0.936
Adjusted R* 0.878 0.912 0.920 0.931
Residual Std Error 61.162 48.964 51.044 54.879
(df=3675)
" p<0.01

coefficient. The bootstrapped difference in the LEMA coefficients be-
tween using the observed irrigation and different sets of the predicted
irrigations (i.e., out-of-bag, temporal cross-validation, and spatial cross-
validation) were evaluated with a one-sample t-test with the null hy-
pothesis that the difference was 0. Table 4 shows that the LEMA co-
efficients were very similar when comparing different sets of
independent variables (i.e., weather controls, potential evapotranspi-
ration, or only fixed effects) for the same source for the response vari-
able. However, the LEMA coefficient values had small but significant
differences of — 7.494 to — 8.468 ac-ft depending on whether observed
irrigation values or one of the sets of predicted irrigation estimates were
used for the dependent variable (Table 4). When comparing across just
the fixed effects model, the relative effect of the LEMA was 46%, 41%,
and 46% for the out-of-bag, temporal cross-validation, and spatial cross-
validation irrigation sources, respectively, in comparison to the effect of
the LEMA when using the observed irrigation values.

As shown in Figs. 2 and 5, low observed irrigation values tend to be
overestimated and high observed irrigation values tend to be under-
estimated for each model whether evaluated by out-of-bag estimates,
spatial cross-validation, or temporal cross-validation. Because of these
biases caused by random forest modeling, we decided to also test the
effect that the LEMA could have had on predicted irrigation. A bias or
error in the predicted irrigation that was correlated with our policy
factor of interest (the LEMA) could undermine our ability to use the
predicted irrigation maps for policy analysis. In this case, if the LEMA
was effective in decreasing irrigation then it may have lower irrigation
values than outside the LEMA on average, and if those lower observed
irrigation values in the LEMA were then overestimated by the random
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forest model it could lead to a lower apparent magnitude of difference in
irrigation between inside and outside the LEMA (i.e., a smaller LEMA
coefficient compared to using the observed irrigation). To test this po-
tential effect of differences in irrigation prediction error or residual (i.e.,
observed — predicted) between inside and outside of the LEMA, we per-
formed another regression with the prediction error as the response for
each of the predicted irrigation sources (i.e., out-of-bag, temporal CV,
and spatial CV). In each case the irrigation model tended to have a
significantly higher overestimate of irrigation inside the LEMA than
outside the LEMA (Table 5). This discrepancy in error was mostly
composed of lower values (~200 ac-ft) in the LEMA that were over-
estimated but also a greater abundance of high irrigation sections (>400
ac-ft) outside the LEMA that were being highly underestimated.

4. Discussion
4.1. Comparison of high resolution irrigation models

The increasing availability of Landsat-based ETa has enabled ex-
amination of field-scale patterns in crop water consumptive use in
agriculture regions such as the Central Valley of California (Schauer and
Senay, 2019), the Upper Rio Grande Basin (Senay et al., 2019), and
Colorado River Basin (Senay et al., 2016). However, in regions such as
the Ogallala aquifer that primarily rely on groundwater pumping and
also have some precipitation input, high resolution maps of ground-
water withdrawal are useful for water planning, monitoring policy
compliance, and understanding the influence of policy on water use. In
this study, we leveraged high-resolution ETa from SSEBop and Landsat
along with data related to other water balance components for
field-scale mapping of irrigation quantity from groundwater with-
drawal. We compared modeling at different spatial scales as well as
spatial and temporal model transferability for potential application of
these models in places and time periods where field-level irrigation data
are unavailable.

Comparing modeling at a section level with the Kansas study area to
field-level modeling in Colorado was complicated by several con-
founding factors besides scale, such as differences in their distributions
(e.g. zero-inflated), differences in which crops were dominant (corn in

Table 5

Coefficients for the location of a section in the LEMA in a regression of the re-
siduals (observed — predicted) for each model of irrigation volume as well as
model fit statistics.

Out-of-Bag Temporal CV Spatial CV
LEMA (Iy) -11.763* -12.762* -11.577*
(2.167) (2.335) (2.468)
Observations 3960 3960 3960
R? 0.523 0.544 0.574
Adjusted R? 0.487 0.510 0.542
Residual Std Error 65.683 71.240 76.319
(df=3679)
" p<0.01

Mean LEMA coefficients () from bootstrapping and their differences between models using different sources for the dependent variable (i.e. observed versus predicted
irrigation). Results are shown for different sets of independent variables (i.e. fixed effects, weather, evapotranspiration, all variables [total]) and different data sources
for the predicted response (i.e. out-of-bag, temporal cross-validation, and spatial cross-validation).

Model Observed Out-of-Bag Temporal CV Spatial CV

OOB-Difference Difference Difference

p p Difference p Difference p Difference

Fixed Effects -13.962 -6.357 -7.605* -5.722 -8.240* -6.457 -7.505*
Weather -14.059 -6.291 -7.768* -5.591 -8.468* -6.215 -7.844*
Evapotranspiration -13.949 -6.356 -7.594* -5.724 -8.255* -6.456 -7.494*
All Controls 14.047 -6.281 -7.767* -5.582 -8.466* -6.199 -7.848*
" p<0.01
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Colorado and wheat in Kansas), and other regional differences such as
climate. Under ideal circumstances, differences in scale would be
compared in the same region, but in Colorado the irrigation status of
every field was not known (see Section 2.2.1), which could introduce
substantial error when aggregating to the section level or a raster grid.
Comparing the two scales in different study areas illustrated that
knowledge of irrigated area was of primary importance in determining
the accuracy of models of irrigation quantity whether as depth or vol-
ume at either scale because even in a region with some of most extensive
irrigated cropland in the United States, much of the land area is still non-
irrigated. Because of this, field-scale models of irrigation depth with
exact irrigated field boundaries in Colorado had higher accuracy (RMSE
%=30%) than similar models in Kansas for which irrigated area was
predicted (RMSE%=54%), even when sections with zero irrigation were
disregarded.

4.2. Consideration of predictors

Majumdar et al. (2020) similarly found density of agriculture derived
from 2015 CDL to be the most important predictor in modeling irriga-
tion depth in Kansas at a scale of 5 km even though the model was
applied across multiple years and also included other environmental
variables such as MODIS-based ETa and PRISM climate data. This is
expected given the high degree of zero-inflation. For example, 87% of
sections in Kansas between 2011 and 2016, the years in one test set used
by Majumdar et al. (2020), have 0 ac-ft of irrigation and most are not
cultivated at all. Even at the scale of individual sections, we found
simply using the annual percent area of major CDL classes as predictors
in random forest of irrigation depth for all of Kansas between 2011 and
2016 yielded an RMSE of 45.79 mm. Aggregating well-level reference
data to a coarser resolution raster grid also reduces the variance that
needs to be explained by a model, often improving accuracy statistics.
However, aggregation into a grid assumes irrigation is evenly distrib-
uted within the area of each grid cell even though grid cells likely do not
align with fields or land ownerships, which can introduce error in the
gridded reference data used for validation. These factors of scale and
incorporating eastern Kansas, which has less agriculture, may in part
explain the comparatively high accuracy in tests by Majumdar et al.
(2020), which contrasts with the higher resolution and focus on the
densely cultivated region of western Kansas used in this study. On the
other hand, Ji et al. (2021) found a stronger relationship between irri-
gation and ETa in the more arid western Kansas region, where gener-
alized efficiency of water use (ETa / (precipitation + irrigation — change
in soil moisture) is very high.

The central dilemma with field-level modeling of irrigation is that
field boundaries are rarely known in the past or over broad regions, even
in the case where irrigation volumes are known. The Common Land Unit
dataset produced by the U.S. Department of Agriculture delineated field
boundaries from aerial imagery, but it was removed from public dis-
tribution in 2008. In comparison, maps of PLSS sections are readily
available and the Kansas WIMAS database of annual well abstractions
can be aggregated at this level to provide an extensive training and
testing dataset for future model development, which could potentially
be applied in similar regions back to the start of the Landsat archive. At
this scale, high resolution maps of irrigated area, such as those from
Deines et al. (2019), became essential and were by far the most
important variables in predicting irrigation quantity. Given their
importance, efforts to map field-scale irrigation may be best spent
refining and extending high resolution irrigated area maps. Recent
development of Landsat-based ETa maps such as those from SSEBop
(Senay et al., 2013) and the OpenET project (https://openetdata.org/)
could aid greatly in this effort.

We sought to include datasets closely related to the components of a
simple water balance model when constructing our predictor variables.
Even though they are still under development, Landsat-based maps of
growing season ETa (ETa_grow) and derived net irrigation accounting
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for precipitation and runoff (NETIRR_grow) were the most important
predictors at the section level, although unexpectedly, available water
storage was more important at the field scale. Landsat-based ETa with
SSEBop shows strong agreement with estimates from eddy covariance
flux-towers (Ji et al., 2021; Senay et al., 2020) and well represents
relative landscape patterns of ETa, but future efforts may benefit from
local calibration to remove bias when integrating with other datasets
such as precipitation and runoff. Estimation of local runoff rather than
watershed-level runoff could also improve models of irrigation, though
we believe runoff to be a comparatively minor factor as discussed in the
methods (Section 2.3.3). The neighborhood normalized Landsat-based
variables (e.g. NGCVI), which have proven effective in mapping irri-
gated area (Deines et al., 2019), may have had lower importance in our
models simply because the spatial patterns in vegetation greenness they
represent were already well captured by the irrigated area maps based
upon these variables as well as the Landsat-based ETa variables. In the
course of compiling datasets, we initially attempted to include a much
larger suite of climate data from gridMET, such as mean vapor pressure
deficit, and soil data from SSURGO, such as drainage class, but even with
400 + variables the models had negligible improvements of at most
2.7 mm RMSE and 0.8 ac-ft RMSE in Colorado and Kansas, respectively.
We also initially included additional crop area variables derived from
CDL, such as the area of major crops like corn, but these provided little
additional explanatory power (i.e., <1% reduction in RMSE) and would
limit application of models to years with CDL availability, which is 2006
at the earliest in Kansas. These comparisons show that predictor vari-
ables less directly related to field-scale hydrology increase model
complexity for little benefit and may even reduce model transferability.
Advances in mapping water balance components such as further
downscaling precipitation and soil moisture, disaggregating runoff to
fields, or improving the accuracy of ETa may be the best avenues for
improvements in mapping field-scale irrigation quantity.

4.3. Spatial and temporal transferability of models

Through our analysis, we discovered challenges to developing
models of irrigation quantity that could be applied reliably in times and
regions outside the spatiotemporal extent of the training data. For
example, when evaluating temporal transfer for estimating total irriga-
tion in western Kansas, we found the average error slightly exceeded the
average annual change, meaning evaluation of annual changes over a
region could be attributed to model error. Majumdar et al. (2020) also
found decreases in accuracy when applying irrigation models to other
time periods, although they chose to test on select groups of years rather
than performing a full temporal cross-validation. Majumdar et al. (2020)
also found only modest decreases in accuracy when testing a model on a
withheld sliver through the central portion of their study area. To reflect
the intended application of our model to similar regions that are
completely outside the training area, we tested on withheld halves of the
study area. We found more substantial increases in model error through
this approach (e.g., increase in RMSE% of 45 in Kansas with spatial
cross-validation), which could largely be attributed to differences in the
distribution of irrigation across regions. Although we did not evaluate
irrigation totals in the field-scale models, the model error was lower in
both spatial and temporal transfer (RMSE%=35%) than at the
section-scale, but application of these models would require field
boundaries or assuming that field boundaries remain consistent in years
without data. Problems with irrigation reference data itself may also
exist given that 0.14% of the western Kansas sections had reported water
use greater than 3 ac-ft per ac (much greater than the regulated maxi-
mums) but still comprised 4.6% of the total irrigation volume in the
study area across all years. Considering the degree of these problems, it
would be best to formally account for uncertainty either through
Monte-Carlo methods (Coulston et al., 2016) or using a model-based
inference framework with parametric models (McRoberts, 2011) when
applying remote sensing-based models of irrigation to evaluate
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irrigation trends, particularly for times and areas outside the training
data.

4.4. Implications of irrigation maps and error

A recent review by Foster et al. (2020) cautions against the use of
remote sensing-based irrigation mapping without accounting for error
and demonstrates how inaccurate maps could have negative conse-
quences for water management and policy. In our policy analysis
example, the true effect of the LEMA was underestimated by 7.5-8.5
ac-ft, which could lead policy analysts to erroneously believe that the
LEMA was not as effective and that water use limits need to be further
decreased to account for overuse. However, depending upon the appli-
cation, that level of error in estimating the effect of the LEMA may not
make a meaningful difference for decision-making. Foster et al. (2020)
notes that even unbiased errors in irrigation estimates can result in
overly strict water use regulations that lead to substantial economic
losses for farmers because of the asymptotic relationship between irri-
gation and crop yield. We also found that differences in the error of
predicted irrigation between inside and outside the LEMA (Table 5) was
at least one major factor driving down the apparent effect size of the
LEMA. Thus, it is important that analysts also are aware of the potential
for spatial or temporal variations in error for predicted irrigation, not
just overall error, because of its potential influence on subsequent
analysis. Machine learning models like random forest commonly over-
estimate low values and underestimate high values, driving estimates
more towards the mean observed value. Developing models that have
lower bias in predictions at the ends of the distribution is one potential
avenue to making maps of irrigation that would be more useful in policy
applications. Given the relatively high levels of overall error in predicted
irrigation from this study and others (Foster et al., 2020; Majumdar
et al., 2020), clear communication between policy and remote sensing
analysts on the acceptable and expected levels of uncertainty and bias
would be beneficial when developing and using irrigation maps for
policy applications.

Despite the aforementioned challenges, improved models and the
resulting maps of irrigation would be beneficial for a host of applica-
tions. Water use monitoring data is lacking in most regions, and
although additional in situ data will still be a requirement for model
development, remote sensing holds the potential to fill data gaps by
estimating irrigation in very similar regions, such as adjacent water
districts, or in other time periods. Models could be extended across the
Landsat archive (1984-present) to analyze spatiotemporal trends of
irrigation in regions with similar crops and climate regimes as long as
care is taken to avoid extrapolating beyond the range of the training
data. More accurate annual maps could be used to monitor compliance
and serve as a check in areas that rely on self-reporting (Foster et al.,
2020). They could also serve to identify illegally drilled wells, which
may be prevalent in low-income countries with many small-scale
farmers (Al Naber and Molle, 2017). Perhaps the most important
application of irrigation maps would be for evaluating the effectiveness
of water management policies to ensure the long-term sustainability of
groundwater resources in the many regions that lack in situ monitoring.

5. Conclusion

The recent development of high-resolution remote sensing of ETa
and irrigated area have enabled the potential to map field-scale irriga-
tion quantity to aid water use monitoring and evaluate the effects of
water use policy in regions and times for which field-scale data are
currently unavailable. In this research we combined remotely sensed
data and other environmental information with well-level data in two
regions for testing empirical modeling of irrigation at different scales,
regions, and time periods. We found that models at the field-scale had
slightly higher accuracy than those at the section scale, and that accu-
racy declined with spatial and temporal transfer for models at both
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scales. Knowledge of irrigated area, whether through exact field
boundaries or remote sensing-based maps, was of primary importance in
predicting irrigation volume and improved the importance of hydrologic
variables in our random forest models. Given the level of model error, as
well as potential errors in the reference field data, caution is warranted
when applying such models for evaluating irrigation trends. Future ef-
forts may look to improve model accuracy through improvements in
mapping irrigated area and possible local calibration of remotely sensed
evapotranspiration. Remote sensing of irrigation has the potential to
serve several beneficial applications such as checking compliance with
water regulations, understanding the average effects of water policy,
and estimating aquifer draw-down. However, given the currently high
error of remotely sensed irrigation maps and the propensity of people to
regard maps as truth, careful communication of uncertainty by the sci-
entific community would be necessary to avoid leading map users and
policymakers astray.
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