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ARTICLE INFO ABSTRACT

Editor: Marie Weiss Identifying the location of irrigated croplands and how they change over time is critical for assessing and

managing limited water resources to navigate such challenges as local to global water scarcity, increasing de-

Keywords: mands for food and energy production, and environmental sustainability. Although efforts have been made to
Irr%gation map irrigated area for the U.S., multi-year nationwide maps at field-relevant resolutions are still unavailable;
ar:tg:rus;change existing products suffer from coarse resolution, uncertain accuracy, and/or limited spatial coverage, especially in
United States the eastern U.S. In this study, we present an approach to map the extent of irrigated croplands across the
Landsat conterminous U.S. (CONUS) for each year in the period of 1997-2017. To scale nationwide, we developed novel

methods to generate training datasets covering both the western and eastern U.S. For the more arid western U.S.,
we built upon the methods of Xie et al. (2019) and further developed a greenness-based normalization technique
to estimate optimal thresholds of crop greenness in any year based on those in USDA NASS census years (i.e.,
1997, 2002, 2007, 2012, and 2017). For the relatively humid eastern states, we collected data on the current
status of center pivot irrigated and non-irrigated fields and extended these sample points through time using
various indices and observational thresholds. We used the generated samples along with remote sensing features
and environmental variables to train county-stratified random forest classifiers annually for pixel-level classifi-
cation of irrigated extent each year and subsequently implemented a logic-based post-classification filtering. The
produced Landsat-based Irrigation Dataset (LANID-US) accurately reconstructed NASS irrigation patterns at both
the county and state level while also supplying new annual area estimates for intra-epoch years. Nationwide
pixel-level locational assessment further demonstrated an overall accuracy above 90% across years. In the 21-
year study period, we found several hotspots of irrigation change including significant gains in the U.S. Mid-
west, the Mississippi River Alluvial Plain, and the East Coast as well as irrigation declines in the central and
southern High Plains Aquifer and the southern California Central Valley, Arizona, and Florida. The resulting 30
m resolution LANID-US products represent the finest resolution account of nationwide irrigation use and dy-
namics across the United States to date. The developed approach, training data, and products are further
extendable to other years (either before 1997 or after 2017) for continuous monitoring of irrigated area over
CONUS and are spatially applicable to other regions with similar climate and cropping landscapes.

Google earth engine

1. Introduction

Irrigation covers approximately 20% of worldwide croplands, sup-
ports 40% of global food production, and consumes about 70% of
freshwater withdrawals (Rosegrant et al., 2009; Scanlon et al., 2012;
Wada et al., 2013). Although irrigation accounts for a smaller proportion
of total freshwater withdrawals in the U.S. (42%) (Dieter et al., 2018),
there is increasing public concern about irrigation-induced impacts,

such as groundwater depletion in the High Plains Aquifer and the Cal-
ifornia Central Valley (Brown and Pervez, 2014; Scanlon et al., 2012;
Zektser et al., 2005), regional climate change in the Midwest and Great
Plains (DeAngelis et al., 2010; Nocco et al., 2019), and groundwater
pollution in central Minnesota and Wisconsin (Kraft and Stites, 2003;
Shrestha et al., 2010). To fully evaluate the environmental impacts of
irrigation and formulate strategies towards sustainable use of limited
water resources, it is essential to know the precise location of irrigated
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agriculture and how it changes over time. This need is further magnified
by increasing demands for agricultural production under climate change
and population growth (Lark et al., 2015; McDonald et al., 2011;
Rosegrant et al., 2009; Seager et al., 2012; Seto et al., 2012).

Remote sensing has emerged as a powerful tool to produce a wide
range of land use/cover products, but few explicitly include irrigation as
a separate class while others that do are not well updated. Several global
initiatives of irrigation mapping that cover the U.S. include the U.S.
Geological Survey (USGS) Global Land Cover Map (Loveland et al.,
2000), Global Map of Irrigation Areas (Siebert et al., 2005; Siebert et al.,
2015), Global Irrigated Area Map (Thenkabail et al., 2009), Global
Cropland Area Database (Teluguntla et al., 2015), and the Global
Rainfed, Irrigated and Paddy Croplands dataset (Salmon et al., 2015).
Several U.S.-specific nationwide irrigation maps are also available,
including the Moderate Resolution Imaging Spectroradiometer (MODIS)
based Irrigated Agriculture Dataset for the U.S. (MIrAD-US) (Brown and
Pervez, 2014; Pervez and Brown, 2010), the MODIS-derived map
generated by Ozdogan and Gutman (2008), and county-level irrigation
census data provided by U.S. Department of Agriculture (USDA) Na-
tional Agricultural Statistics Service (NASS). The spatial resolution of
these maps, however, ranges from 250 m to kilometers to broad
administrative units. This coarse spatial resolution is problematic for
many localized applications due to spatial imprecision and uncertainty,
inaccurate field edge characterization, and the frequent omission of
fragmented fields (Brown and Pervez, 2014; Deines et al., 2017; Ozdo-
gan and Gutman, 2008; Wardlow and Callahan, 2014; Xie et al., 2019).
Furthermore, accuracies of these maps are often low, especially in the
more humid eastern U.S., where high confusion between irrigated and
rainfed croplands exists (Ozdogan and Gutman, 2008; Xie et al., 2019).

To address the limited spatial details of existing maps, Xie et al.
(2019) created a 30 m Landsat-based Irrigation Dataset for the year
2012 (i.e., LANID-US 2012). However, as was the case with other
products mapped in a single date (e.g., Ozdogan and Gutman, 2008) or
five-year intervals (e.g., Brown and Pervez, 2014), the infrequent out-
puts limit the tracking of irrigation across space and time. In contrast to
its mapping, irrigation decision making is extremely dynamic due to
annual crop rotations, fallow practices, climate variation, as well as
social and economic factors (Drysdale and Hendricks, 2018; Sampson
et al., 2019; Tack et al., 2017). As such, the lack of timely, annual in-
formation on irrigated extent effectively precludes analysis of irrigation
change and associated impacts, thereby limiting valuable insights for
understanding water use and availability.

In recent years, the open access of remotely sensed images (partic-
ularly the Landsat archive), improvement of computing capacity (e.g.,
Google Earth Engine), and increasingly available ancillary datasets have
enabled finer scale irrigation mapping in a more frequent manner.
However, gaps remain in the production of annual, fine-scale irrigation
maps for the U.S. For instance, while annual 30 m resolution maps are
recently available for select regions (Deines et al., 2019; Deines et al.,
2017; Ketchum et al., 2020; Xu et al., 2019), they focus mostly on the
arid and semi-arid western U.S., where irrigation mapping is more
straightforward and routine. Despite the importance of irrigation map-
ping in the western U.S. for managing scarce water resources, such data
is also critical across the Midwest and Eastern U.S., where conversion to
irrigated agriculture is accelerating and concern of irrigation-induced
impacts on hydrology and water quality is increasing (Nocco et al.,
2019; Shrestha et al., 2010). Providing information on nationwide irri-
gated extent and dynamics would thus benefit studies aiming to evaluate
effects of irrigation across many diverse ecosystems and agricultural
regions that lie outside the arid West (Kraft and Stites, 2003; Nocco
et al., 2019; Vashisht et al., 2015).

The availability of reference data of sufficient quantify, distribution,
and representation is also essential to remote sensing classification and
accuracy assessment. This is especially true for irrigation mapping,
where the differences between irrigation-induced biomass changes and
those in rainfed croplands are subtle in satellite-derived indices,
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particularly in humid areas (Ozdogan and Gutman, 2008; Pageot et al.,
2020; Xie et al., 2019). The difficulty is further magnified when training
data is needed across large spatial extents such as the conterminous U.S.
(CONUS) and at frequent time intervals (e.g., annual). To address a
general lack of training data, global irrigation maps usually develop
irrigated vs. non-irrigated references from multi-source data sets, such
as agricultural census statistics, national reports, and other related
products (Siebert et al., 2005; Teluguntla et al., 2015; Thenkabail et al.,
2009). As expected, these inconsistent, low locational accuracy refer-
ence data result in irrigation maps with limited performance in detecting
the distribution of irrigation at local to regional scales.

In contrast to large-area studies, where selecting globally consistent,
high accuracy ground truth data is often prohibitively cost-intensive,
collecting sufficient and accurate training samples for local to regional
studies is more feasible and efficient. For example, Deines et al. (2019;
2017) and Ketchum et al. (2020) relied on extensive manually collected
samples to map irrigation in the western CONUS over time. They also
proved that feature extension might be practical in arid and semi-arid
areas where a temporally generalized -classifier calibrated from
training samples of selected years could be applied over longer periods
of time. However, given the variabilities in crop growth caused by crop
type rotations, fallow practices, and annual climate differences,
applying generalized classifiers to years without samples is often prob-
lematic, especially for those years with adequate precipitation when
rainfed croplands can appear just as green as irrigated ones (Deines
et al., 2019; Ozdogan and Gutman, 2008; Xie et al., 2019). As such,
methods that can generate training samples on a yearly basis would be
optimal for annual irrigation mapping. Xie et al. (2019) proposed a
thresholding method to automate the procedure of training sample
collection in the western U.S. for a drought year of 2012. The method,
however, calibrates crop greenness thresholds based on USDA-NASS
irrigation census data, which is available only every five years.
Although promising, extending the method to non-census and high
precipitation years has thus far remained unresolved. Even more
restricting is the dearth of training samples in the eastern U.S., which
continues to prevent adequate mapping of the region, despite the area’s
disproportionate increase in irrigation extent.

Unsurprisingly, there is a strong west-east division in the complexity
of mapping irrigation across the U.S. — generally simpler in the west and
more challenging in the east (Brown and Pervez, 2014; Ozdogan and
Gutman, 2008; Pervez et al., 2014; Xie et al., 2019). Temporally, dis-
tinguishing irrigated from rainfed croplands is particularly challenging
in high precipitation years and wet regions (Karthikeyan et al., 2020;
Pageot et al., 2020). However, multiyear patterns of irrigation deploy-
ment and use and their relationship to interannual climate fluctuations
may lend novel insights capable of aiding the classification process. For
example, those fields equipped with irrigation systems are likely to be
cropped and irrigated more frequently than unequipped fields due to the
added infrastructure investment and associated costs. These logic-based
approaches may hold promise to improve overall mapping quality of
annual products, particularly for the locations where the quality of
automatically generated training samples is low.

This study proposes a method to produce annual 30 m irrigation
extent maps across CONUS from 1997 to 2017, named the Landsat-based
Irrigation Dataset (i.e., LANID-US 1997-2017). The work builds upon
previous efforts presented in Xie et al. (2019) to overcome several key
challenges including its single-year nature, limited training data in the
east, inapplicability of the proposed method to non-census years, and
limited accuracy assessment. To overcome previous obstacles, we
developed an automated training sample generation method in the West
that is capable of ameliorating data gaps in non-census years. We paired
this with a simplified sample collection strategy in the East to surmount
the limiting factor of training and validation availability in other studies
to date. In addition, we propose an irrigation practice-based post-clas-
sification method based on each annual product. Our developed method
was implemented on Google Earth Engine (Gorelick et al., 2017) and is
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easily extendable to other mapping years and geographic locations.
2. Methodology

In this study, we mapped irrigation extent across CONUS at 30 m
resolution (see Text S1 for detailed study area description, Fig. 1). We
defined irrigation as croplands (excluding pasture/grass and non-alfalfa
hay) that fully or partially relied on artificial supply of water to offset
water stress during the entire growth period of a given year. After
describing the datasets and input features used in this research, we detail
the methods used for: (1) generating a mask of maximum cropping
extent during 1997-2017; (2) preparing a training data pool; (3)
designing and conducting the classification; (4) post-classification pro-
cessing; and finally, (5) evaluating map accuracy (Fig. 2).

2.1. Datasets, processing, and input features

We used multi-source datasets in this study, including satellite im-
agery as well as environmental and climate variables. We utilized
Landsat 5, 7, and 8 images (C1 Level-1 surface reflectance, 16-day revisit
frequency) captured between 1997 and 2017, with the annual image
availability ranging from 13,000 to 15,000 except for 2012 and the years
before 2000 (around 7500). These data have been atmospherically
corrected and contain a mask of cloud, shadow, water, and snow (Zhu
et al., 2015; Zhu and Woodcock, 2012). In addition, we used 250 m
MODIS-derived enhanced vegetation index (EVI) (16-day composites,
MOD13Q1 Version 6) and 1 km land surface temperature (LST) (8-day
composites, MOD11A2 Version 6) from 2001 to 2017, as these products
are useful for classifications in the eastern CONUS (Xie et al., 2019).
Compared to Landsat data, MODIS observations provide a more com-
plete profile of intra-annual agricultural cycles despite its coarser spatial
resolution (Chen et al., 2018; Didan 2015; Ozdogan and Gutman, 2008).
The EVI composites are made using the highest EVI value with low cloud
coverage and low view angle from all the MODIS acquisitions within

120°0'0"W 110°0'0"W
1 1

100°0'0"W
L

Remote Sensing of Environment 260 (2021) 112445

each 16-day period. Each daytime and nighttime LST pixel is the mean of
all the corresponding MOD11A1 pixels collected within that 8-day
period. Lastly, we used the 1 km resolution daily surface weather and
climatological summaries dataset (Daymet V3, Thornton et al., 2016) for
climate variables that are closely related to irrigation activities, i.e.,
precipitation, air temperature, and partial pressure of water vapor
(Deines et al., 2019; Deines et al., 2017; Jackson et al., 1981; Ozdogan
and Gutman, 2008; Thornton et al., 2016; Xie et al., 2019). The Daymet
V3 dataset provides gridded estimates of daily weather parameters for
the U.S., derived from selected meteorological station records and
various supporting sources (Thornton et al., 2016). Other data sets used
in this study consisted of top 25 cm soil water holding capacity extracted
from the U.S. SSURGO soil database (NRCS, 2016), U.S. major rivers
(Fig. 1, Esri (2010)), and 30 m digital elevation model (Farr et al., 2007).
All these data sets were accessible on Google Earth Engine, except for the
soil database and major rivers, which were accessed and uploaded
manually.

After removing cloud-contaminated and saturated pixels in each
image, the maximum, median, and range composites of greenness index
(GI), EVI, and normalized difference water index (NDWI) were calcu-
lated annually by using all Landsat images available within each year.
To eliminate the effect of unidentified cloud and poor-quality pixels, the
maximum and minimum values for each pixel were calculated at the
95th and 10th percentiles, respectively. The MODIS-derived products (i.
e., EVI and LST) were temporally smoothed and aggregated to annual
and late season (May 1 to October 15) sum. Annual maximum EVI was
computed from MODIS products as an additional input. In addition to
the Landsat and MODIS-based indices, we further utilized several
environmental variables in classification (Deines et al., 2019; Deines
etal., 2017; Xie et al., 2019; Xu et al., 2019). Specifically, this included
annual and late season sum of select climate variables (i.e., precipita-
tion, temperature, partial pressure of water vapor) and some static
variables such as elevation and slope, soil water content for the top 25
cm of soil, and distance to major rivers. Furthermore, we adopted
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Fig. 1. Study area and distribution of training and validation samples. Irrigation samples in this figure represent the manually collected ones, while automatically
generated samples are not shown. The West-East division is based on a climatic transition near the 100 meridian: the more arid West and the less arid East (Seager

et al., 2018).
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Fig. 2. Methodology overview.

several composite indicators by combining remote sensing indices and
environmental variables as they help highlight contrasts between irri-
gated and rainfed croplands, namely the water adjusted greenness index
(WGI) and the aridity normalized greenness index (AGI) (Deines et al.,
2017). Altogether, there were 32 input features except for the years
before 2001 (i.e., 1997-2000) when MODIS products were not available
(Table S1). All input variables were resampled to the 30 m resolution for
further use.

2.2. Creating crop masks

Because our automated sample generation method required removal
of non-cropped locations, we first created annual nationwide maps of
cropland extent by using a generalized classification approach (see Text
S2 for details). Although maps of cropland extent were available in
selected years from National Land Cover Database (NLCD) and Cropland
Data Layers (CDL) at the time of this study, they did not adequately
cover the years from 1997 to 2007 (Boryan et al., 2011; Yang et al.,
2018). As assessed by CDL, which has cropland accuracies greater than
97% (Lark et al., 2017, 2021), our generated annual maps had a
reasonable overall crop vs. non-crop accuracy of 89.7% over the country
(Table S2). The resulting maps were subsequently stacked to create the
maximum crop extent during 1997-2017 (i.e., crop mask).

2.3. Generating irrigation vs. non-irrigation training data

One of the biggest challenges for accurately mapping irrigated

croplands is preparing training data that spatially cover the entire
CONUS and are also consistent over time. In this study, we designed two
sets of training data—an automated method for the western CONUS and
a simplified manual sampling strategy for the eastern CONUS (Fig. 1).
Together, these approaches contributed to a training pool that was
quantitatively sufficient for yearly classification.

To generate training samples for the western states (including
Arkansas, Mississippi, and Louisiana) in USDA-NASS census years (i.e.,
1997, 2002, 2007, 2012, and 2017), we adopted the thresholding
method proposed by Xie et al. (2019), which assumed that irrigated
croplands appear greener than those that are rainfed (Pervez and Brown,
2010; Pervez et al., 2014). The method first generated two intermediate
Landsat-based Irrigation Agriculture Dataset maps (LIrAD-GI and LIrAD-
EVI) by using a county-constrained thresholding method, where agri-
cultural pixels (identified from maximum crop mask) with yearly
maximum GI (Gitelson, 2005; Ozdogan and Gutman, 2008) or EVI (Liu
and Huete, 1995) greater than the optimal threshold were labeled as
potentially irrigated croplands. Irrigation sample candidates were then
selected as those pixels classified as potentially irrigated in both LIrAD-
GI and LIrAD-EVI, while non-irrigated samples were those classified as
non-potentially irrigation in both maps. To calibrate county-specific
optimal thresholds of GI and EVI, we iteratively segmented GI (or EVI)
by using a series of thresholds until LIrAD-GI (LIrAD-EVI) resulted in the
same irrigated area as reported by USDA-NASS (refer to Xie et al. (2019)
for details).

While this sample generation method provided sufficient samples for
census years, it is inapplicable to non-census years when USDA-reported
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irrigated area is not available. Simply applying the optimal thresholds of
census years to non-census years is also problematic, however, because
thresholds are not temporally comparable due to differences in crop type
and growth trajectories, climate, and availability of clear Landsat ob-
servations across years. For example, in our testing, we found that
applying the threshold of 2007 to other census years would lead to
substantial mis-estimation of LIrAD and thus would introduce consid-
erable errors to the sample datasets (Fig. 3). Moreover, irrigation de-
cisions are temporally dynamic, so it is not practical to use training
samples of a single year as a “stable class” for other years.

To overcome these challenges, we developed a normalization
method whereby the relationships of crop greenness between years was
used to estimate optimal GI and EVI thresholds for non-census years
from those of census years. We modeled the relationship of cropland
greenness (vi, represented by yearly maximum GI and EVI) between a
non-census (NCYr) and census year (cYr) for the ith county as:

Visneyr = ierr + bieve™Viieyr + CoeryVirer” (@)
where a, b, and c are year- and county-specific coefficients. To obtain
these regression coefficients in an efficient manner, we used county-
level percentile values of GI (EVI) (from 5 to 95 percentile with an
increment of 5 points) instead of all crop pixels. In addition to saving
computation time, this percentile-level regression further served to
reduce the impacts of inter-annual differences in image quality, i.e.,
cloud contamination and Landsat ETM+ scanline corrector-off effect.
Next, the optimal GI (EVI) threshold of a county i in a non-census
year was predicted as:
*optThid! , 2

= Ay, + by, optThid}y, + ¢}y, icYr 2

estThld

icYr
where optThld; cynrefers to the optimal GI (EVI) threshold in a census
year cYr. Given that multiple thresholds can be calculated using
different census years as references, the final threshold of a non-census

year (optThld; ncyrni) Was estimated as the median value of all five
estimated thresholds:
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The estimated thresholds for non-census years were then applied in
the same manner as they were for census years to create potential
training samples for each year. To further improve quality of training
data, the annual potential samples were stacked, and those pixels
identified as irrigation candidates for less than three years were deleted.
This step is especially important for the years with exceptionally high
precipitation when rainfed cropland can be occasionally identified as an
irrigated candidate. Finally, a 5 x 5 filter was applied annually to
remove mixed pixels along field boundaries. The result was a generated
pool of potential training samples that were evenly distributed across
the western CONUS on a yearly basis.

For the eastern states, manual collection of training samples was
necessary due to the lack of ground truth data and the inefficiency of
automatic sample collection methods in the region (Xie et al., 2019). To
enable efficient sample collection of irrigated croplands, we focused on
selecting center pivot irrigated fields due both to the dominance of this
irrigation type and its clear appearance of irrigation infrastructure and
indicators on very high-resolution (VHR) images. Specifically, we
collected center pivot fields via visual interpretation of the most recent
VHR imagery available on Google Earth, based on clear observation of
water well heads, irrigation pipe spans, center pivot towers, and/or
circular field patterns from the tracks of sprinkler wheels. In total,
~30,000 potential training locations were manually selected across the
eastern CONUS. The presence of a center pivot system for 1997-2017
was then recorded through interpreting multi-temporal VHR images on
Google Earth and time-series Landsat observations on Google Earth
Engine. From the potential training locations, the ith selected location in
the yrth year was used as an irrigation sample if it was cultivated ac-
cording to our annual cropland extent layers or its greenness was greater
than the optimal threshold of the county where it was located:
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that temporal inconsistency of thresholds was found between each pair of
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o true  crop;y, = true or Gliy, > a*optThldCGr;yw
training; ,, = ’ :

false others 4
where yr € [startYrendYr;]

where startYr; and endYr; refer to the starting and ending year of the
presence of an irrigation system for the ith collected location; optThld,y,
yrGI represents the optimal GI threshold for the country in year yr, which
was determined using the same approach as in the western CONUS. The
second term (greenness greater than threshold) was incorporated to
reduce the impact of possible inaccurate classification in annual crop
layers. The adjustment factor o (set as 0.7 in this study) was applied to
possibly include some irrigated samples that can be less green than
rainfed fields in humid areas (Xie et al., 2019; Xu et al., 2019).

To collect non-irrigated training data for the east, we randomly
extracted 30,000 non-irrigation samples based on LANID 2012 (Xie
et al., 2019) and used several pieces of visual evidence to confirm their
non-irrigated status throughout time, including the absence of irrigation
infrastructure as verified by multi-temporal VHR images (when avail-
able) and field greenness and texture contrast with confirmed irrigated
fields on Landsat time series. If any evidence of irrigation was observed
in either multi-temporal VHR or Landsat-derived images in any year, the
sample point was discarded and replaced with a nearby location that
could be confirmed as non-irrigated through time.

We also included additional manually collected training locations of
permanent irrigation and non-irrigation locations for some semi-arid
western states where automated samples can be unreliable (Fig. 1, e.
g., North Dakota, South Dakota, eastern Nebraska, Washington, Idaho,
and Montana). Here, we recorded locations showing clear irrigated and
non-irrigated use through the whole study period and treated them as
“stable”. The stable non-irrigated locations were used annually, whereas
the stable irrigated samples were overlaid with annual crop layers to
determine whether they could be used as training in a target year based
on Eq. (4). Approximately 80% of manually collected samples in the east
and semi-arid western states were used for classifier calibration and the
remaining were reserved for accuracy assessment, except for Washing-
ton, Idaho, and Montana where all samples were used for training.

2.4. Classification design

The classification was conducted annually per county. The reasons
for this are twofold. First, locally adaptive classifiers have higher ac-
curacy than generalized classifiers that apply to broad areas (Johnson,
2019; Massey et al., 2017). This is especially true for irrigation mapping
due to spatial variations of crop types and irrigation signals particularly
in humid areas. Second, while studies have demonstrated the possibility
of applying temporally generalized classifiers through time in arid and
semi-arid areas (Deines et al., 2019; Ketchum et al., 2020), we assumed
annual classifier training would result in better classifications because
feature extension of croplands can be confounded by rotations of crop
types over time and differences in crop growth patterns and signals
across years.

For classification, we used the random forest classifier due to its
reasonable accuracy and ability to handle high-dimensional and multi-
collinear variables (Belgiu and Dragut, 2016; Breiman, 2001; Pal, 2005;
Rodriguez-Galiano et al., 2012). For a given year (e.g., 2010), four
hundred samples (200 for each class) were randomly extracted from the
training pool for those counties where sufficient samples were available,
whereas all points were used if the total sample of a class was less than
200 (Fig. S1). These samples and associated input features were used to
train a year- and county-specific classifier, which was then applied to
generate per-pixel irrigation probability of the broader county area (i.e.,
county and its 3 km buffer). For the counties with less than 10 samples
for any class, a state-wide classifier was applied, which was trained
using 4000 samples (2000 for each class, or all samples if the total
sample was smaller than 2000) extracted from the training pool. The
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county-level probability layers were then mosaicked to create a
nationwide map (average value was calculated for overlapping areas).
The provisional nationwide irrigated area of a year was then identified
as pixels with irrigation probability greater than 50%.

2.5. Post-classification

Because our full 1997-2017 maximum crop extent mask included
pixels that were non-cropland in some years, areas such as wetlands,
forests, and irrigated urban turfgrass were liable to be confused with
irrigated croplands and misidentified as such by the classifier. To
address this, we used the NLCD broad landcover maps to remove these
areas from our provisional irrigation maps. At the time of this study,
consistent NLCD maps were available for the years 2001, 2003, 2006,
2008, 2011, 2013, and 2016, which were used to filter irrigation maps
between 1997 and 2001, 2002-2004, 2005-2006, 2007-2009,
2010-2012, 2013-2014, and 2015-2017, respectively.

We subsequently applied a logic filter to remove possible false clas-
sification caused by occasional overlap in spectral signatures of irrigated
and rainfed croplands in high precipitation years. As demonstrated in
Fig. 4b-c, we assumed that fields equipped with irrigation infrastructure
tend to be both cropped and irrigated more frequently than not, given
the requirement and costs of infrastructure. Thus, we proposed the
normalized irrigation frequency as an indicator to remove potential
overestimation of the irrigated class.

normlrrFreq = (irrFreq) / (irrYr,,,.\., — irrY}fﬁ,l\.,) 5)

where irrFreq is the number of years a pixel is mapped as irrigation in the
provisional LANID time series, and irrYriqs and irrYrg;; are the last and
first year a pixel is detected as irrigation. The values of normlrrFreq range
from O to 1, with higher values representing more frequent irrigation
within the timespan that irrigation was provisionally detected. We then
relabeled as non-irrigated any pixels with normalized irrigation fre-
quency less than 0.5. To avoid over-filtering, however, we did not
implement this post-classification refinement for any fields that had a
normalized cropping frequency above 0.5, defined as:

normCropFreq = cropFreq/Yr o ©

where cropFreq is the number of years a pixel is identified as crop in
annual crop layers and Yry, is the length of study period (i.e., 21). The
combination of these two rules removed irrigated pixels in the provi-
sional LANID that were both cropped and irrigated infrequently. We
found this logic rule to be especially valuable in areas with frequent
fallow (Fig. 4a, d).

Finally, a spatial filter was applied to each annual map to further
remove classification noise based on the assumption that small fields are
unlikely to be irrigated given the requirement of irrigation infrastruc-
ture. Therefore, we relabeled isolated irrigation clusters smaller than 23
Landsat pixels as non-irrigated and filled in small gaps (less than 2 ha)
classified as non-irrigated within broader irrigated fields. The resulting,
final LANID product consisted of 21 nationwide maps of binary irriga-
tion status.

2.6. Accuracy assessment

Accuracy assessment of irrigation maps across a broad area can be
challenging due to limited availability of existing ground truth samples
and the high resource costs of collecting new, reliable data. Here, we
integrated several reference datasets to provide a comprehensive
nationwide assessment of annual irrigation maps in the U.S. Reference
data included visually collected samples in this study, published data
from previous studies, provisional USGS-verified irrigated lands, and
USDA-NASS reported county statistics. Our visually collected samples
were withheld and selected from the training data described in Section
2.3; Published reference data included those from Ketchum et al. (2020)
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(d) Irrigation frequency after logic filtering |
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Fig. 4. Demonstration of logic filtering in the boundary area of Deuel, Keith, and Garden County of Nebraska. Irrigation and cropping frequency refer to how often a

field has been irrigated and cultivated during the study period, respectively.

and Deines et al. (2017) for the eleven western states and the northern
High Plains Aquifer, respectively (Fig. 1); A provisional version of the
USGS-verified field polygon data were compiled from various state and
federal agencies (Brandt et al., 2021); and USDA-NASS statistics were
derived from the Census of Agriculture. First, county- and state-level
irrigation areas aggregated from LANID were compared to USDA-
NASS data for the census years (i.e., 1997, 2002, 2007, 2012, and
2017). We then assessed LANID’s pixel-level accuracy using our test
samples from this study, Ketchum et al. (2020), and Deines et al. (2017).
We finally compared LANID with USGS field reference data. Since USGS-
verified data focus on the western CONUS and were only available for
recent years, they were used to assess selected recent maps (Table 1).
One thousand test samples (500 for each class except for Montana) were
randomly stratified from irrigated and non-irrigated lands for each

Table 1

The number and source of test samples for each validation year. Note spatial
coverage of provisional USGS-verified irrigated lands within each state varied
across time.

States Validation Annual number of Source

years samples

Irrigated  Non-
irrigated
Nebraska 1997-2017 2400 4858 This Study
Kansas 1997-2017 1736 1638 (visually collected)
Texas 1997-2017 688 1292
New Mexico 1997-2017 146 241
Colorado 1997-2017 600 625
East 1997-2017 5000 5000 This Study
(visually collected)
Eleven western 1997-2017 606 1072 Ketchum et al.
states (2020)

NHPA*® 2002 229 790 Deines et al.

2015 210 1013 (2017)
Arizona 2013, 2014, 500 500 USGS (Brandt

2016 et al., 2021)
Colorado 2016 500 500
Idaho 2011, 2015 500 500
Montana 2013 200 100
Utah 2009 500 500
Washington 2015-2017 500 500

# The Northern High Plains Aquifer.

validation year. Table 1 lists the number of irrigated and non-irrigated
test samples for each evaluation area.

3. Results

3.1. Thresholds estimation, quality of training samples, and variable
importance

We found strong year-to-year discrepancies among EVI and GI
thresholds when attempting to apply thresholds calibrated in a census
year to other years (Fig. 3). In contrast, our proposed normalization
method provided improved prediction of EVI and GI thresholds, with
lower RMSE values between the reference and estimated threshold
values as compared with those without normalization (Fig. 5). The
normalized estimations yielded RMSE of ~0.08 and ~1.1 for EVI and GI,
respectively, compared with ~0.1 and ~1.4 for the non-normalized,
surrogate-year approach. Threshold estimation of a non-census year
should be even more accurate and robust since all census years can be
used as reference instead of withholding one for comparison, as done for
analysis of Fig. 5. The good agreements between estimated and refer-
ence thresholds indicate that those for non-census years can be accu-
rately predicted, thereby providing a sufficient approach for training
sample generation for these years.

The overall accuracy of the derived annual training samples was
upwards of 90% across the western CONUS (Table 2) using the
normalized threshold approach to automated sample collection. We
further found that the quality of the automatically extracted samples
was better in drought years (e.g., 2012) compared to non-drought years
(e.g., 2009 and 2015), given the greater contrast in greenness between
irrigated and rainfed croplands. We also evaluated one of our training
sample selection criteria for the eastern CONUS by testing the assump-
tion that a field equipped with a center pivot irrigation system would
likely to be irrigated if it were cultivated (Eq. (4)). We randomly selected
fifty center pivot fields across the eastern states and checked for irri-
gation application on growing season VHR images available on Google
Earth. We found that 149 out of 155 growing season observations (3.1
clear observations per field during 1997-2017) showed strong in-
dicators of irrigation, such as the appearance of concentric circular tacks
from wheel movement. This high rate of irrigation application for fields
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Fig. 5. Demonstration of threshold estimation using the proposed normalization approach. For each subplot (a-h), the estimated threshold was predicted based on
data from the other four census years (e.g., 1997 was estimated using 2002, 2007, 2012, and 2017) and compared to the actual (reference) threshold for the target
year. General agreement between the estimated and reference data, especially compared to the non-normalized surrogate-year approach (Fig. 3), support use of the

normalization routine.

Table 2

Accuracy of extracted training samples in the western CONUS for representative years.

Ground truth

2009 2012 2015
Irrigated Non-irr Irrigated Non-irr Irrigated Non-irr
Training sample Irrigated 46 6 52 7 43 5
Non-irr 1 62 0 72 4 47
OA 93.9% 94.7% 90.9%
Kappa 0.88 0.89 0.82

equipped with center pivot irrigation system further supports our
approach to training sample generation in the eastern CONUS, with
generated samples covering a wide range of greenness and crop types
(Fig. 52).

Generally, Landsat-based variables (e.g., GI, EVI, and NDWI) were
likely to rank among the most important variables at the county scale for
different precipitation levels (Fig. 6), although their contributions var-
ied slightly across county (Fig. S3). Climate variables tended to play low
to moderate roles with high spatial variation, possibly due to similar
climates within a county. Environmental and climate variables gained
increasing importance at the state level (e.g., temperature, precipitation,
available water content, and elevation), especially for the humid east (e.
g., Minnesota in Fig. S4). It is also evident that the importance of a
feature can change over time for a specific county, with some showing
large temporal variations such as MODIS-derived EVI variables (e.g.,
late season MODIS EVI for Adams County, WA and the maximum MODIS
EVI for Finney County, KS, Wadena County, MN, and Mitchell County,
GA).

3.2. Qualitative assessment of LANID

Our classification generated 21 annual nationwide irrigation maps

for the years 1997 to 2017. For visual comparison, we present the results
of the LANID in Fig. 7, along with similar views from IrrMapper
(Ketchum et al., 2020), Annual Irrigation Maps — High Plains Aquifer
(AIM-HPA) (Deines et al., 2019), and MIrAD-US (Pervez and Brown,
2010). From initial inspection, the 2017 LANID map captures key irri-
gation hotspots across the U.S. (Fig. 7) and matches the broad irrigation
patterns reported in other regional or coarser-resolution studies (Brown
and Pervez, 2014; Deines et al., 2019; Ketchum et al., 2020; Ozdogan
and Gutman, 2008; Pervez and Brown, 2010).

At local scales, however, the LANID data provides improved depic-
tion of irrigated field shapes and boundaries than other nationwide maps
while showing similar patterns and details as the regional IrrMapper and
AIM-HPA. For example, in the central Washington and High Plains
Aquifer, the 30 m LANID 2017 map effectively captures field-level de-
tails of well-established irrigation clusters as well as scattered individual
fields outside intensively irrigated hotspots (Fig. 7a, b). The 250 m
MIrAD-US generally captures the same irrigated areas but with fewer
details. Outside of the arid western regions, the differences between
maps are amplified and extend beyond level of detail. In central Wis-
consin, for example, our LANID map appears to substantially outperform
MIrAD, which tends to identify the greenest pixels. (Fig. 7c). Despite this
notable improvement in both resolution and accuracy, however, the
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Fig. 6. County-level variable importance ranking for the year 2017. A: overall ranking, B-F: grouped by precipitation levels. Around 1500 counties were evaluated.
The numbers in parentheses are the average total precipitation of each group (n ~ = 300). The most important variables are listed towards the bottom of the chart,
with mean county ranks closest to 1. EVI_.max was the most important variable overall.

LANID map does not distinguish individual fields in the region as clearly
as in the High Plains Aquifer due to weaker contrast between irrigated
and rainfed fields and more frequent use of corner irrigation in central
Wisconsin than in the High Plains Aquifer.

By stacking the LANID annual irrigation maps, we further identified
the frequency of cropland irrigation (i.e., number of years a field was
detected as “irrigated”) across CONUS (Fig. 8). As expected, heavily
irrigated areas (dark blue in Fig. 8) are particularly prevalent in several
aquifers including the High Plains Aquifer, the Mississippi Alluvial Plain,
the Central Valley Aquifer, the Snake River Plain, and the Columbia
Plateau Aquifer. In addition, there are select areas with considerable and
frequent irrigation in the eastern CONUS, including the Upper Midwest
(e.g., Minnesota, Wisconsin, Michigan, Illinois, and Indiana) and the
East Coast (e.g., Georgia, Florida, South Carolina, and Delaware).

Field-level inspection of irrigation frequency further reveals insights
into the dynamics of irrigation activity and the intensity of annual uti-
lization across space. For instance, light blue and green fields in Fig. 8d-f
are not as intensively irrigated as those under dark blue, implying that
they are either newly irrigated, recently abandoned, or fields equipped
with irrigation system but under frequent fallow or non-use. Stacking all
21 annual maps can also aid identification of irrigation infrastructure
types - such as center pivot sprinkler systems, as indicated by clear
circular field shapes even in the humid eastern areas (Fig. 8g-i). This
capability is particularly pronounced when compared to single year
maps, in which mapping errors may obfuscate easy visual identification.

3.3. Quantitative assessment of LANID

The LANID maps provide an accurate county- and state-level areal
estimate of irrigated croplands as compared to the USDA-NASS census
data, with R2 over 0.95 for all years of overlap (Fig. 9). Overall, LANID
slightly underestimates county-level irrigation area relative to USDA-
NASS data (except for the year 2007) and the results are not sensitive
to outlier counties with extremely large irrigation area (Fig. S5). Because
LANID excludes irrigated grass and hay, the differences are particularly
notable in pasture/grass and hay dominated counties, such as in Jackson
County, Colorado, and Albany County, Wyoming. We do not find overall

over- or underestimation bias at the state level, although LANID does
under-represent irrigated area in some western states with considerable
amounts of irrigated pasture and hay. Because these states possess
relatively smaller amounts of irrigated area, however, they did not
impact the overall state-level estimation.

On a per-pixel basis, the overall accuracy (94-99%) indicates that
the LANID maps provide a high-quality characterization of irrigation
distribution as evaluated by our visually collected ground truth data
(Table 3). Although our maps show lower overall accuracy in the eastern
states compared with the western, we expect the reduction in map ac-
curacy there to be less than that of other maps covering the entire
CONUS. For example, our new 2012 map in this study shows a
remarkable increase of accuracy compared to its predecessor reported in
Xie et al. (2019), with OA of 94.4% vs. 74.4%. Importantly, the current
LANID shows good quality in the U.S. Corn Belt (e.g., Illinois, Iowa,
Indiana, Michigan, Wisconsin, and Minnesota), with OA over 90%
(Table S3). Furthermore, our maps have an OA above 94% as assessed by
published reference data, demonstrating that the LANID maps provide
comparable performance with IrrMapper and AIM-HPA in the western
U.S. while also providing similarly high-quality identification across the
eastern half of the country. It is also evident that the accuracy of our
maps is consistent over time (Tables S4-5).

Producer’s and user’s accuracies present a more nuanced view of
how the maps depict irrigated croplands across regions and through
time. Similar to overall accuracy, the producer’s accuracy (1 — omission
error [OE]) for our LANID maps show reasonable performance with
mean OE values of 2.0 to 17.1% for the irrigation class across testing
areas, suggesting that our approach did not substantially miss (or un-
derestimate) irrigation extent on the ground. On the other side, com-
mission errors (CE) ranged from 0.6 to only 11.3%, indicating very high
user’s accuracies and that our map does not over-classify irrigation areas
or mistakenly label non-irrigated areas as irrigated.

The LANID maps show less consistent results compared with provi-
sional USGS-verified irrigated lands, having OA ranging from 76.7 to
93.6% (Table 3). Despite fair consistencies, a noticeable amount of
USGS-verified irrigated lands are not detected in LANID (reflected by
high omission error of 10.4 to 39%) and our mapped non-irrigated
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Fig. 7. LANID 2017 (the overview map) and its comparisons with other maps at central Washington (a), southwestern Kansas (b), and central Wisconsin (c). GI:
Greenness Index, AIM-HPA: Annual Irrigation Maps — High Plains Aquifer (Deines et al., 2019), MIrAD: MODIS-based Irrigation Agriculture Dataset (Brown and
Pervez, 2014; Pervez and Brown, 2010). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

extent mistakenly covers 9.6 to 29.5% of USGS-verified irrigated lands.
These disagreements can be attributed to several differences. First, the
provisional USGS-verified irrigated lands were based on field bound-
aries provided by state and federal agencies that were digitized in years
different from the time of irrigation verification; the delineated polygons
are also more indicative of water use rights rather than of actual irri-
gation application. As such, the product may not accurately depict real-
time irrigation status at sub-field to field levels (Fig. 10). Second, the
USGS-verified dataset is not comprehensive — e.g., while those fields
mapped as irrigated based on water rights permits are those most likely
to be irrigated, not all irrigated lands are captured by the dataset. Third,
unlike the USGS data, pasture and non-alfalfa hay are not included in
our LANID maps, resulting in considerable inconsistency in areas
dominated by these grass-like land covers such as the validation area of
northeastern Utah. Lastly, the LANID maps could be inaccurate for some
high precipitation years when rainfed croplands have high probability to
be incorrectly classified.

10

3.4. Irrigation trends of CONUS

The annual LANID maps reveal diverse local to nationwide irrigation
trends across time. A nationwide analysis of total irrigated area indicates
that CONUS has seen a substantial expansion of irrigated croplands
during the past two decades, increasing by 1.7 million hafrom ~22.3 in
1997 to ~24 million hain 2016 (Fig. 11a). The average annual incre-
ment of countrywide irrigation was approximately 82,000 ha., 84.5% of
which occurred in the East (~69,400 ha per year, Fig. 11b). Although
Nebraska had the largest irrigation gain in the West (over 20,000 ha per
year, Fig. 11d), the entire western CONUS did not show a significant
change (Fig. 11c¢).

Notable increases of irrigated area were observed especially in the
Upper Midwest instates such as Minnesota, Michigan, Wisconsin, Illi-
nois, Indiana(Fig. 12a). Despite their already heavily irrigated status,
several states in the Mississippi Alluvial Plain region also experienced
additional expansion of irrigation. California, Colorado, and Utah
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Fig. 8. Nationwide and local views of irrigation frequency, i.e., the number of years irrigated during 1997-2017.

experienced statistically significant contractions of irrigated area, with
rates of decline ranging from 300 to 7000 ha per year. Further assessing
LANID at the finer, county level reveals more concentrated changes
including large expansions of irrigation along the Mississippi River and
in eastern Nebraska, central Minnesota and Wisconsin, southern Mich-
igan, northern Illinois and Indiana, Delaware, and central South Car-
olina (Fig. 12b). Pixel-level examination further indicates that irrigation
increases in these areas were frequently along rivers or in locations with
sufficient groundwater recharge, suggesting that easy access to ample
water resources has largely accommodated irritation expansion in the
eastern CONUS (Fig. 13). In addition, we found areas with sizeable
expansion in northern Texas (e.g., Hartley County), even though the
central and southern High Plains Aquifer has been experiencing
groundwater depletion over recent decades (Brown and Pervez, 2014;
Scanlon et al., 2012). Only a few other western counties showed large
increases, such as Benton County, Washington, and Harney County,
Oregon. Hotspots of irrigation decrease were mainly observed in the
central and southern High Plains Aquifer (e.g., eastern Colorado, west-
ern Kansas, and northern Texas), southern California and Arizona, and
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southeastern Florida. Sub-grid investigation in Fig. 13 also shows the
ability of our LANID maps to capture field-level irrigation change over
time, such as abandonment of irrigated fields in central Idaho and irri-
gation expansion in northern Texas and central Minnesota.

4. Discussion

In this study, we developed nationwide 30 m resolution annual maps
of irrigated extent for the conterminous U.S. for all years between 1997
and 2017, which represent the highest spatial and temporal resolution
time series data available for CONUS to date. This new generation of
irrigation products accurately captures — for the first time — U.S. irri-
gation dynamics at operationally relevant scales including field-level
spatial detail and year-to-year variability of use. These advances in
utility may in turn facilitate several new threads of inquiry where field-
level, crop-specific, annual data would prove useful, such as monitoring
of water use and allocation, exploring socioeconomic and environmental
drivers of irrigation use and change, and assessing the effects of agri-
cultural irrigation at climate-, crop-, and soil-relevant scales.
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Table 3

Confusion table of pixel-wise accuracy assessment. Accuracy values are averaged if accuracy assessment was conducted in multiple years with parenthetical numbers

representing the standard deviation.

Area Years Kappa OA OE OE (non- CE CE (non- Sample sources
(irrigated) irrigated) (irrigated) irrigated)
Nebraska 1997-2017 0.91 96.2 6.3 (1.8) 2.5 (0.6) 5.2 (1.3) 3.1(0.9) This study
(0.02) (1.0)
Kansas 1997-2017 0.91 95.3 8.0 (2.1) 1.3(0.4) 1.3 (0.5) 7.9 (1.9)
(0.02) (1.2)
Texas 1997-2017 0.98 99.0 2.0 (1.7) 0.4 (0.3) 0.9 (0.7) 1.1 (1.0)
(0.01) (0.6)
Colorado 1997-2017 0.95 97.6 4.0 (1.3) 0.9 (0.4) 1.0 (0.5) 3.7 (1.2)
(0.02) (0.8)
New Mexico 1997-2017 0.95 97.6 5.1(3.9) 0.8 (0.6) 1.5 (1.0) 3.0 (2.3)
(0.03) 1.5)
East- 1997-2017 0.89 94.4 10.7 (1.1) 0.5(0.1) 0.6 (0.1) 9.7 (0.9)
LANID1997-2017 (0.01) (0.6)
East-LANID2012" 2012 0.49 74.4 49.4 1.9 3.7 335
Eleven western states 1997-2017" 0.84 94.0 12.6 (7.5) 2.8 (0.6) 8.7 (5.4) 6.9 (6.7) Ketchum et al. (2020)
(0.06) (2.9)
NHPA® 2002 0.92 97.0 0.9 3.7 11.3 0.3 Deines et al. (2017)
2015 0.86 96.3 17.1 0.9 4.9 3.5
Arizona 2013, 2014, 0.63 81.7 15.3 (5.6) 21.3 (1.6) 20.1 (1.7) 16.1 (4.9) USGS (Brandt et al.,
2016 (0.06) (3.1 2021)
Washington 2015-2017 0.69 84.5 27.9 (0.1) 3.1(3.8) 4.0 (4.7) 22.4 (0.8)
(0.04) (2.0)
Idaho 2011, 2015 0.87 93.6 10.4 (0.6) 2.5 (2.4) 2.7 (2.5) 9.6 (0.3)
(0.02) 0.9)
Colorado 2016 0.70 84.8 26.0 4.4 5.6 21.4
Utah 2009 0.53 76.7 35.8 10.8 14.4 28.6
Montana 2013 0.54 77.0 39.0 7.0 10.3 29.5

Overall accuracy (OA), omission error (OE), and commission error (CE) are in percent. Note the validation area of the East was based on Fig. 1.

2 LANID-2012 from Xie et al. (2019).

b The years without samples (1999) and having only one class of sample (i.e., 2004, 2005, 2012, 2015, and 2017) are not assessed

¢ The Northern High Plains Aquifer.

Compared to a previous approach for 30 m CONUS mapping (i.e.
LANID 2012, Xie et al., 2019), the current strategy improved upon four
aspects. First, we incorporated more training samples for the humid
eastern states. While the previous 2012 LANID map used collected
samples for only six states in the upper Midwest, our new training
samples covered all remaining eastern states except for Arkansas, Mis-
sissippi, and Louisiana (where visual collection was difficult). Since
classification in the eastern CONUS was sensitive to the quality and
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quantity of training data, expanding the sample database there greatly
improved mapping accuracy (Table 3). Second, the new classification
was more locally adaptive (i.e., stratified by county instead of ecor-
egion), which further reduced the impacts of spatial variations in cloud-
free data availability and crop growth within ecoregions. Third, we
applied an enhanced post-classification strategy based on the assump-
tion that croplands equipped with irrigation systems tend to be used and
irrigated frequently. This logic-based filtering was inapplicable in
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Fig. 11. LANID-derived irrigation trends during 1997-2017 at regional to country scales. The east-wide division is based on Fig. 1.

single-year irrigation mapping but proved to be instrumental in delin-
eating and removing rainfed croplands falsely classified as irrigated in
years with exceptional precipitation. Finally, we provided a more
thorough nationwide accuracy assessment for the generated maps.
Given the limited number of ground truth data, our previous 2012
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LANID map was assessed in only six selected aquifers. This study, for the
first time, presented a nationwide evaluation of irrigation maps based
upon tens of thousands of test samples. In addition to the above im-
provements, our proposed method is temporally extendable, especially
in the western CONUS where training sample collection can be
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automated for any year. For example, our threshold normalization
strategy could be further applied to the years between 1985 and 1996
and after 2017 to map irrigated area for these years when Landsat im-
ages were available.

Both the qualitative and quantitative assessments showed good
performance of LANID and indicated extensive improvements relative to
other nationwide maps. Despite the advances, however, there remains
several challenges and room for development in mapping irrigation
across large spatial areas especially in humid regions. For example,
LANID may have enlarged clusters of increasing trends for some humid
states (e.g., Missouri, Michigan, North Dakota, and South Dakota) due to
high confusion between irrigated and rainfed croplands. In addition,
LANID, like most irrigation mapping approaches, used image compos-
ites as inputs to overcome the shortage of clear satellite observations.
However, this strategy does not fully leverage the temporal profiles of
crops captured by satellite observations, which could help identify
essential time points when contrasts between irrigated and non-irrigated
croplands are the greatest. This improved use of temporal information
might be particularly valuable for irrigation mapping in the eastern
CONUS where greenness contrasts between irrigated and non-irrigated
croplands are weak in the maximum composites (Xie et al., 2019; Xu
et al., 2019). While it might be impractical to characterize complete
temporal profiles of crops for the years and regions with limited avail-
ability of clear Landsat imagery, integrating multi-source images can
tackle the problem of data shortage in recent years, for example by
combining Landsat and Sentinel images. In addition to increasing data
availability of optical images, Sentinel sensors also provide time-series
Synthetic Aperture Radar images that are particularly useful in irriga-
tion detection in humid areas (Bazzi et al., 2020; Gao et al., 2018; Pageot
et al., 2020). Another potential avenue to improve LANID in humid
areas would be developing classification methods that account for spe-
cific crop types. Currently, most existing irrigation mapping approaches
treat irrigated cropland as a single class, which can be problematic due
to the phenological complexity of diverse crops. For instance, soybeans
can have higher greenness than irrigated corn, potatoes, and dry beans,
even under rainfed conditions (Deines et al., 2017; Xie et al., 2019).
Therefore, crop-specific classifications would possibly enhance irriga-
tion mapping accuracy, especially for areas with irrigated crops showing
large ranges of peak greenness. Furthermore, the mapping accuracy of
LANID in the Mississippi Alluvial Plain region remains uncertain due to
the lack of reference samples and the difficulty of collecting ground truth
data that confidently delineate irrigated vs. non-irrigated areas there.

Using the generated 21 annual irrigation maps, we identified several
notable local to national irrigation trends for the country. In general, we
found an overall increase of irrigated area across the CONUS, with most
irrigation gains occurring in the Midwest, the Mississippi Alluvial Plain,
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and the East Coast regions. Whereas water scarcity hinders irrigation in
the arid and semi-arid western U.S., conversion to irrigated agriculture
in the eastern U.S. appears to be accelerating, carried on the backs of
relatively more abundant and renewable surface water and groundwater
(Mullen et al., 2009; Nocco et al., 2019). Groundwater depletion and
recharge differences likely also account for many subregional variations
of irrigation dynamics, such as the irrigation gains in the northern High
Plains Aquifer vs. losses in the central and southern part of the aquifer
and in the southern Central Valley Aquifer (DeAngelis et al., 2010;
Deines et al., 2019; Scanlon et al., 2012).

Across the north central and eastern U.S., increasing demand for corn
and soybeans for use as livestock feed, as well as expanded ethanol
production in the Midwest, supported substantial recent cropland
expansion (Lark et al., 2015; Smith et al., 2017) and may have similarly
incentivized increased deployment and use of irrigation on existing
croplands over the study period. Corn prices, for example, approxi-
mately doubled within the first decade of the 21st century (Brown and
Pervez, 2014; Deines et al., 2017; Mullen et al., 2009) and these higher
prices likely incentivized farmers to expand irrigation and seek better
yields. Given that new croplands planted to corn and soybean have been
found to yield on average 8-10% lower than existing crop extent (Lark
et al., 2020), it may be that farmers preferentially irrigate existing
croplands rather than convert natural lands in order to increase pro-
duction and meet expanded demand.

Lastly, we found evidence of urbanization-induced loss of irrigated
croplands in some areas, such as Phoenix, AZ, Boise, ID, and Fort Collins
- Loveland, CO (Fig. S6). Here, rapid residential housing growth and
urban development stimulated conversion of croplands to developed
land, and in turn a reduction in irrigated extent. Given the competitions
between urban and agricultural uses for land and water supplies — which
is projected to be worsened by climate and population changes (Bren
d’Amour et al., 2017; Elliott et al., 2014; Florke et al., 2018), interfaces
of conflict such as these may continue to grow in the future.

5. Conclusions

This study addressed the scientific need for field-relevant resolution,
temporally frequent irrigation maps, which are crucial for the study and
assessment of irrigation dynamics, water use, and associated socioeco-
nomic and environmental consequences. To address this gap in knowl-
edge and data, we created annual irrigation maps at 30 m resolution for
the conterminous United States for the period of 1997-2017, imple-
menting a new sampling strategy and logic-based post-classification
methods. The produced LANID irrigation maps delivered reasonable
performance, with overall accuracy above 90% for all regions and across
all annual products. Based on the 21 years of data, we detected
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considerable increases in irrigated area especially in the Midwest, the
Mississippi Alluvial Plain, and the East Coast. These areas of growth
were counterbalanced, in part, by hotspots of decreasing irrigated extent
in locations like the central and southern High Plains Aquifer, southern
California Central Valley and Arizona, and southeastern Florida. The
likely drivers behind these irrigation trends—such as water availability,
crop prices, and urbanization—vary by region, as did the patterns of
irrigation use and change themselves. The proposed mapping approach
and associated data sets, which provide the most extensive and finest
resolution characterization of U.S. irrigation to date, can help reveal a
new level of understanding of irrigated land use and land-use change.
Furthermore, the methods and data are temporally applicable to other
years for continuous monitoring of irrigated area over CONUS and
spatially extendable to other areas with similar climate and cropping
landscapes. The LANID maps are available through Google Earth Engine
(Asset Id: “users/xyhuwmir4/LANID/LANID v1 _rse”) or requesting a
copy from the corresponding author.

Supplementary data to this article can be found online at https://doi.
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org/10.1016/j.rse.2021.112445.
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