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Abstract: Green water is vital for the terrestrial ecosystem, but water resource assessment often
focuses on blue water. In this study, we estimated green water availability for major crops
(i.e., corn, soybean, and wheat) and all other users (e.g., forest, grassland, and ecosystem services) at
the county level in the United States. We estimated green water resources from effective rain (ER)
using three different methods: Smith, U.S. Department of Agriculture—Soil Conservation Service
(USDA-SCS), and the NHD plus V2 dataset. The analysis illustrates that, if green water meets
all crop water demands, the fraction of green water resources available to all other users varies
significantly across regions, from the Northern Plains (0.71) to the Southeast (0.98). At the county
level, this fraction varies from 0.23 to 1.0. Green water resources estimated using the three different ER
methods present diverse spatiotemporal distribution patterns across regions, which could affect green
water availability estimates. The water availability index for green water (WAI_R) was measured
taking into account crop water demand and green water resources aggregated at the county level.
Beyond these parameters, WAI_R also depends on the precipitation pattern, crop type and spatially
differentiated regions. In addition, seasonal analysis indicated that WAI_R is sensitive to the temporal
boundary of the analysis.
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1. Introduction

Fresh water is widely considered the most essential natural resource for human life and the ecosystem [1],
yet the sustainable use of water resources is an increasing challenge [2–4]. Because water underpins
agriculture, energy production, and municipalities, water overexploitation is becoming a threat to food
security, energy production, and socioeconomic development in many parts of the world [4–6]. To be
water secure, it is critical to manage natural water resources properly and to keep water consumption at
a sustainable level [3–5].

The United States (U.S.) has relatively abundant freshwater resources, although there is significant
regional variability [7]. Gerten et al. [8] estimated that blue water resources in the U.S., that is,
fresh water from surface streams, reservoirs and groundwater, amount to about 1700–2000 m3 per
capita per year. However, county-level runoff (flow per unit area) [9] and per-capita blue water
resources (calculated by dividing annual runoff volume [9] by population in each county [10]) range
from 0.2 to 3040 mm/year and from 2.3 to 7,846,654 m3/cap/year, respectively. In terms of water
scarcity, Moore et al. [11] suggest that 81.9% of areas in the U.S. are in the low water scarcity category.
However, 4.4% and 13.7% of areas in the U.S. are moderately and highly water scarce, respectively.
In the summer, especially, hot spots (areas with high water scarcity) increase in the western regions [11].
Mekonnen et al. [4] estimated that about 130 million people, or 42% of the U.S. population, are facing
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moderate to severe water scarcity, mostly in western and southern states. Earlier studies also found that
these regions would be particularly vulnerable to potential shifts in rainfall patterns [7,12]. To improve
water management programs nationwide, it is important to examine the tensions between water
demand and water resource supply in the energy and agriculture sectors.

A large body of literature has evaluated the impacts of water withdrawals [7,13] or
water consumption [11] on water resource sustainability, under both current and future climate
conditions [12,14,15]. However, the scope of these studies has traditionally been limited to blue water
resources, even though it is primarily green water that sustains the terrestrial ecosystem [8]. Green
water represents the precipitation on land that does not run off or recharge to groundwater [16]. In other
words, it includes precipitation that temporarily stays on top of vegetation and precipitation stored in
soil, which eventually will return to the atmosphere via evapotranspiration (ET) [16,17]. Liu et al. [18]
suggested that previous studies skipped green water mainly due to different measurements of blue
(flow) and green (storage) water resources. Another important factor is that blue water has a much
higher opportunity cost than green water [19]. Unlike blue water, green water resources are spatially
immobile, so they are only naturally available on land for plants, except when this water is lost to a blue
water pool (e.g., contributed to aquifers via deep percolation). In contrast, blue water is important
for many economic sectors and its consumption may affect many downstream users. Agricultural
water use was often a focus of previous blue water scarcity studies, because irrigation consumption for
agriculture composes about 80% to 90% of total blue water consumption [5,11]. Despite the crucial role
of irrigation in agriculture, blue water accounts for only 16% of all water consumed by crops globally;
the remaining 84% comes from green water [6]. Green water is the primary water resource used to
meet the water demand for crops, forest, grassland, and ecosystem requirements; irrigation of crops
becomes necessary when there is a soil moisture deficit.

Given the importance of green water in biomass production, previous studies have quantified both
green and blue water footprints embedded in the production of various crops [20–23] and biomass
feedstocks [24–26]. Recently, Argonne National Laboratory developed an online water footprint
tool, Water Analysis Tool for Energy Resources (WATER) (http://water.es.anl.gov), to model water
footprints of biofuels produced from various feedstocks via a range of conversion pathways in the U.S.
at the county level. Nonetheless, water footprints of crop products alone are not sufficient for regional
water scarcity assessment, because water scarcity is a function of relative water supply and water
demand [7]. In addition, researchers [27–30] have made efforts to develop blue and green water
scarcity footprints and examine how land-use change may affect surface runoff and green water
flow. Still, the focus of the water scarcity footprint approach is quantifying water use impacts rather
than water scarcity. Although many studies have assessed surface water or groundwater scarcity,
previous work, with a few exceptions [19,31,32], rarely considered both crop water demand and
green water resources in the same study. In fact, recent studies have repeatedly identified green
water as a key challenge that needs to be addressed in future water scarcity assessments [18,33].
Núñez et al. [19], Rodrigues et al. [31] and Veettil et al. [32] have estimated green water scarcity for
small watersheds, using the blue-green water footprint concept, but few have attempted to evaluate
green water availability within the conterminous U.S. Because green water is critical to agriculture and
terrestrial ecosystems, a spatially explicit quantification of green water availability in the U.S. is still
needed for agricultural and bioenergy planning.

The main objective of this study was to estimate the amount of green water resources available
for agricultural and bioenergy production, and to assess how crop and bioenergy feedstock production
may affect green water resources available for other uses (e.g., forest, grassland, ecological needs)
in the U.S. After a review of major existing water availability indices, we employed a modified green
water availability index to assess how crop water demand may affect green water resources available
to other users at local and regional scales, as well as implications for future water resource planning.
Because effective rain (ER) (i.e., the portion of total precipitation that does not contribute to surface
runoff or deep percolation) [34,35] is frequently used as a proxy for available green water resources [36],
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we also compared ER estimated from three different methods to evaluate variability and uncertainty
in green water resource assessments.

2. Review of Current Water Availability Assessment Metrics

Among the proposed means of quantifying the water resources available for sustaining production
at the regional level, the water availability index (WAI) is one of the key metrics that enable analysts to
address regional water demand and water supply issues. Selecting a suitable WAI for a particular study
could be confusing because a wide range of “water availability”, “water stress”, or “water scarcity”
indices exist [37–40]. The three terms have been used frequently and interchangeably in the literature
either to label a metric or to describe water resource problems [39]. According to the ISO (International
Standardization Organization) 14046 standard [41], “water availability” describes whether humans
and ecosystems have sufficient water resources to meet their needs, whereas “water scarcity” refers to
volumetric abundance without considering water quality and environmental water requirements [41].
Boulay et al. [42] suggest that “water scarcity” and “water stress” have the same meaning. Still, other
definitions for these terms exist. For instance, Schyns et al. [43] considered that ‘’Water availability”
refers to water supply only, whereas “water scarcity” considers both water supply and demand.

In general, existing water scarcity indices can be categorized into four major groups (Table 1):
(1) indices measuring per-capita water availability [8,44], (2) indices based on the ratio of water
withdrawal or consumption of water resource [45,46], (3) composite indices including socioeconomic
factors (e.g., lack of infrastructure) [47], and (4) indices based on variation in ET . Studies by
Balcerski [48] and Falkenmark and Lindh [49] in the 1970s were among the first to compare freshwater
resources with human withdrawals. In the late 1980s, Falkenmark proposed the water stress indicator
(WSI) [44], which measures water scarcity based on per-capita surface water resources. One of
the limitations of the WSI index is that it assumes fixed, universal water demand. For instance,
all areas with a per-capita water resource less than 1700 m3 per year would be considered water scarce.
To address that problem, various metrics based on use-to-availability ratios (Table 1), which incorporate
spatial varying water demand from multiple economic sectors, have been proposed during the second
wave of water resource assessments [40]. In general, a country or region is considered water scarce
if annual withdrawals are higher than 20% of annual freshwater supply and severely water scare if
this ratio exceeds 40% [40,50,51]. Falkenmark [6] and Kummu et al. [5] suggest that per-capita water
availability metrics are helpful to identify “water shortage” driven by population growth, whereas
use-to-resource-based indices measure “water scarcity” due to high demand relative to availability.
In recent years, the use-to-resource-based indices have been modified to account for environmental
water requirement (EWR) explicitly (e.g., aquatic habitat preservation) [4,52]. However, determination
of an appropriate EWR remains challenging because the amount of water needed to sustain freshwater
ecosystems is highly variable, depending on the region’s flow season, and a consistent method to
estimate and verify the EWR is lacking [53,54]. More extensive reviews of major existing blue and
green WAIs can be found in references [37–39,43].
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Table 1. Summary comparison of existing water availability or stress or scarcity studies.

Category
Blue Water Index Green Water Index

Key Components References Pros and Cons Key Components References Pros and Cons

Water crowding

Predefined thresholds of per-capita share of
total annual runoff; human water demand.
Data on annual runoff and population
is needed.

Falkenmark [44]

Pros: provides an easy to use
threshold to assess water scarcity
status.Cons: focuses on basic
human water demands only;
ignores regional differences in
per-capita water demand.

Demand of human diet vs. food
production; data on consumptive
water use of crops and meat
production is needed.

Rockström et al. [55];
Gerten et al. [8];

Kummu et al. [56]

Pros: provides an easy-to-use
and country-specific threshold to
assess water scarcity status.Cons:
focuses on basic human water
demands only.

Use-to-resource ratio

Water withdrawal or consumption to
streamflow/surface runoff or groundwater
storage. Data on annual withdrawal and
runoff is needed.

Vorosmarty et al. [45];
Pfister et al. [46]; Sun et al. [14];
Tidwell et al. [57];
Brauman et al. [58]

Pros: uses multi-sectoral water
use and supply data to generate
critical ratios for each
region.Cons: does not
consider EWR.

Crop ET/effective rain; green
water footprint (WF)/green
water resource. Data on crop ET
and effective rain is needed.

Núñez et al. [19];
Rodrigues et al. [31];

Veettil and Mishra [32]

Pros: clear and easy-to-use
definitions for both demand and
supply variables.Cons: does not
address water scarcity at the field
level; does not consider EWR.

Environmental water requirement (EWR) is
also included. Monthly streamflow data is
often needed for EWR calculations.

Hoekstra [16]; Smakhtin [52];
Vanham et al. [33]

Pros: is eco-centric, explicitly
considers EWR.Cons: it is often
difficult to determine
appropriate EWR for
individual regions.

Data on ET, the area of land
reserved for natural vegetation,
and ET that cannot be
made productive

Hoekstra et al. [16]

Pros: Explicitly considers
EWRCons: it is hard to estimate
land area that should be reserved
for natural vegetation and to
determine the portion of ET that
is unproductive

Composite index

In addition to physical water
demand/supply, considers social and
economic factors (e.g., infrastructure).
Data inputs vary by indicators, including
hydrology, accessibility (e.g., distance, time)
and economic and policy capability.

Sullivan et al. [47]; Chaves and
Alipaz [59]

Pros: comprehensive, including
social factors.Cons: requires
extensive data input; may not be
straightforward to interpret.

Variation in ET

Actual ET (AET), reference ET, deficit in soil
moisture supply. Data inputs include
long-term climate data (e.g., precipitation,
temperature) and crop ET.

Palmer [60]; Woli et al. [61];
Devineni et al. [62]

Pros: can identifies abnormal
changes in crop ET.Cons: focuses
on drought detection, rather
than regional water scarcity.

Transpiration (T)/AET;
AET/potential ET (PET). Data on
T, AET, and PET are needed.

Meyer et al. [63];
Rockström et al. [55];

Wada et al. [64,65]

Pros: can examine changes in
site-specific green water
flow.Cons: does not provide
a critical ratio to describe average
local water scarcity status.
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Although the blue-green paradigm is relatively new [17], the idea of evaluating soil moisture
availability is not new. In fact, a large body of agricultural drought indicators exist in the literature,
which often considers the impact of soil water supply on crop growth by comparing actual crop ET
with a reference ET [43]. Nonetheless, the bulk of drought indicators focus on measuring plant water
deficit and therefore say more about irrigation needs than green water availability [43]. Although
some WAI explicitly considering green water have been proposed in the literature [43], none of
them is widely adopted or currently operational due to the difficulty of obtaining required data,
or other limitations [43,66]. Rockström et al. [55], Gerten et al. [8], and Kummu et al. [56] extended
the Falkenmark Water Stress Indicator [45] to compare combined per-capita green-blue water resources
with the amount of fresh water need to sustain a standard diet or balanced diet in each country.
However, these indexes focus on basic human demands and thus fail to consider water demands
from economic developments (e.g., bioenergy production). The Green Water Scarcity Index (GWSI)
by Núñez et al. [19] was calculated as the ratio of green water footprint (GWF) to effective rain.
GWF refers to the volume of green water consumed during the biomass (e.g., crops and woody
biomass) production process [16]. Núñez et al. [19] applied the GWSI to cropland only. The GWSI
by Hoekstra et al. [16] also compares GWF to available green water resources, but the definition
of available green water resource is different from the Núñez et al. [19] definition. Specifically,
Hoekstra et al. [16] defined available green water resources in a given catchment as total ET from
all land area in that catchment, excluding the environmental ET requirements (i.e., ET from land
area reserved for natural vegetation) and the portion of ET that is unproductive (i.e., ET from land
area that cannot be productive) [16]. Although this definition of available green water resources is more
comprehensive than the Núñez et al. [19] definition, it is not straightforward to determine how much
land must be reserved as natural land and when the green water flow cannot be productive [17,44].
For this reason, the GWSI by Hoekstra [16] has not been operational.

The green water WAI mentioned above are all area-based and related to land use patterns;
therefore they do not address green water scarcity at a particular site. Within a given land unit,
there is usually no competition over green water resources, unless land-use change is considered.
Falkenmark et al. [6] describe site-specific green water scarcity as a problem related to lower-
than-potential plant-accessible water in the root zone. Rockström et al. [55] suggested that only
transpiration by plants is a productive green water use, so they use a “transpiration efficiency” metric
(calculated as the ratio of transpiration to evaporation) to assess green water use efficiency. Area-based
scarcity indexes and site-specific metrics are not comparable, but they can be complementary to each
other. For instance, areas with high green water scarcity and low transpiration efficiency may achieve
better yields by improving their soil water management strategies [43]. Schyns et al. [43] presented
a more comprehensive review of WAI focused on green water.

One of the limitations of current GWF based GWSI is that GWF measures actual green water
consumption, which can be lower than crop water demand if green water resources are limited.
Because GWF is calculated as the minimum of effective rain (green water resources) and crop water
demand [36,66], a low annual GWF does not necessarily mean low green water resource demand,
because effective rain may simply be limited during the crop growing stage. In other words, temporal
aggregation of a green water footprint (e.g., annual basis) may not be representative, because green
water demand may occur within in a short time period of the year. Consequently, areas with high
crop water demand but low growing season effective rain may receive a low green water scarcity
score that does not reflect the actual scarcity of the green water resource. To address this issue,
Rodrigues et al. [31] proposed the concept of “potential green water footprint”, which was estimated
as the sum of “maximum transpiration” and “soil water evaporation”, rather than actual consumption.
Potential green water footprint is equivalent to crop water demand or crop water consumption
when the soil moisture supply is unlimited. However, they did not explain the rationale for using
the median (50th percentile) of daily soil water content at the beginning of a simulation period as
the available green water resource.
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Given that studies of green water scarcity are limited, there is a need for more systematic assessments
of green water availability and use, as well as the continuing development of suitable green water
scarcity indexes. In addition to metric-based assessment, agro-hydrological models that can systematically
account for soil-plant-water interactions may provide a more robust assessment of green water resources
and scarcity, since both natural (e.g., climate and soil) and human management factors (e.g., tillage,
irrigation) will affect blue and green water flow. For instance, Mekonnen et al. [67], Faramarzi et al. [68],
and Wada et al. [69] have utilized sophisticated hydrological models to assess crop water footprint and
water scarcity. However, this level of investigation is beyond the scope of this study.

3. Method for Green Water Availability Assessment

A modified green water availability index (WAI_R) (Figure 1), which is an extension of the existing
GWSI [16,19,31], was employed in this study. WAI_R is a metric that measures the fraction of green
water resources, after the water demand of specified sectors (e.g., agriculture) is met by green water,
available to all other remaining green water users (e.g., timber, pasture, ecosystem services). Like other
area-based GWSI, WAI_R quantifies green water balance aggregated at a regional level (e.g., county).
It does not consider green water availability at the field level. To estimate green water demand, we use
total plant water demand rather than GWF. A companion green water WAI that uses GWF rather
than crop water demand is also presented below (Equations (5) and (6)). For agricultural production,
the green water resources used apply to all crops (rain-fed or irrigated). We assume that crop water
demand will be met with green water resources first, and irrigation will be supplied only if there is
a deficit in rainwater supply. In this sense, the application of irrigation water may affect yield but
does not affect the portion of green water resources that would be available to other green water
users. The WAI_R index proposed here is specifically designed to estimate the impacts of plant water
demand on regional water resources (Figure 1). For available green water resources, Núñez et al. [19]
use green water resources from existing cropland only; other studies consider all green water resources
in a region, regardless of the land-use type [31,32]. In this study, we assume green water resources
from all pervious land (e.g., cropland, pasture) are ultimately available for plant use; impervious
land area (e.g., urban) and open water surfaces were excluded from green water resource calculations.
We follow the suggestion of Liu et al. [18] to use annual green water resources, regardless of whether or
not they are used by crops or other plants. Although some studies prefer to use growing season green
water resources [19], off-season green water resources may be stored in soil or lost to deep percolation,
depending on local soil and climate conditions. For instance, the portion of green water resources
stored as soil moisture during the winter when the crop is dormant, which is also called carry-over soil
moisture, can be used to meet the consumptive water needs of crops [70].

Figure 1. Conceptual diagram for the water availability assessment. Total precipitation is divided into
green water resources (effective rain) and blue water resources (runoff, deep percolation to aquifers).
This approach quantifies the water resource balance aggregated at the regional level (e.g., county)
without considering water availability related to specific fields within each region.
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For a given county j, the fraction of green water resources needed to meet the demand from
a certain sector i (WDI_Ri,j) is defined as the ratio of plant water demand from that sector to the total
green water resources in county j (Equation (1)). Green water resources in a given county are defined
as the volume of ER from all pervious land area in that county (Equation (1)). Pervious land area in
county j (Apervious,j) is the total surface area in the county minus the total open water surface area,
which includes streams, ponds, lakes, swamps and costal water area, and impervious (urban) area in
that county (Equation (2)).

WDI_Ri,j =
plant water demandi,j

green water resourcej
=

plant water demandi,j

ERj × Apervious,j
(1)

Apervious,j = Atotal,j − Awater,j − Aimpervious,j (2)

where: WDI_Ri,j = the fraction of plant water demand of sector i in county j; ERj = annual effective
rainfall depth (m/year) in county j; Atotal,j = total surface area (m2) of county j; Awater,j = open water
surface area (e.g., river, ponds) (in m2) of county j; Aimpervious,j = impervious surface in urban area of
county j (m2).

Once WDI_R is defined, WAI_R is simply calculated as the difference between 1 and WDI_R.
Specifically, WAI_R is a general metric that can be applied to multiple sectors. Let S be a set of
sectors, where sector i belongs to S, or i ∈ S. Let WAI_Rnon i,j (Equation (3)) be the fraction of green
water available for remaining sectors in S after meeting the needs of sector i, and let WAI_Rnon S,j
(Equation (4)) be the fraction of green water resources available for remaining users after meeting
the needs of all sectors in S. Then

WAI_Rnon i,j = 1−WDI_Ri,j (3)

WAI_Rnon S,j = 1−WDI_RS,j = 1−∑
i∈S

WDI_Ri,j (4)

where WAI_Rnon i,j = the fraction of green water available to the remaining sectors in S after meeting
the needs of sector i; WAI_Rnon S,j = the fraction of green water available after meeting the needs of all
sectors in S; WDI_RS,j = the fraction of green water resource needed to meet plant water needs of all
sectors in S in county j.

The value of WAI_Rnon i,j or WAI_Rnon S,j range from 0 to 1. A value of 1 means that 100% of
the green water resources are available to sectors other than the specific sector(s). Take the agriculture
sector as an example, a value of 1 means there is no agricultural production in a given region;
a value of 0 means there are no remaining green water resources after meeting the demand from
specified economic activities. When plant water demand exceeds supply, additional water resources
(e.g., irrigation water) may be required to make up the green water deficit to sustain the growth.
However, a detailed discussion on blue water consumption is outside the scope of this analysis.
Although some studies (e.g., Quinteiro et al. [71]) have started to consider the dynamics between
green and blue water in water scarcity footprint analysis, this study focuses on estimating green
water availability.

In addition to WAI_R, we also calculated green water availability based on GWF for comparison.
Similar to WAI_R, the fraction of green water resources consumed by a certain sector (WDI_R_Fi,j)
is defined as the ratio of the GWF of sector i (in m3) to total green water resources (in m3) in
county j (Equation (5)). Once WDI_R_F has been defined, the GWF-based green water availability
index (WAI_R_F) can be defined as the difference between 1 and WDI_R_F (Equation (6)), as follows:

WDI_R_Fi,j = WDI_R_Fi,j =
GWFi,j

ERj × Apervious,j
(5)

WAI_R_Fnon i,j = 1−WDI_R_Fnon i,j (6)
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Similar to WAI_Rnon i,j, the value of WAI_R_Fnon i,j also ranges from 0 to 1; a value of 0 means all
green water resources consumed by sector i, and a value of 1 means the sector does not consume green
water in region j.

3.1. Application to Agricultural Crop Production

The improved green water availability index (WAI_R) was applied to the production of three major
crops (corn, soybeans and wheat) that represent the agriculture sector in the U.S. at the county level.
We quantified the fraction of green water resources needed if the crop water demands of three crops in
county j are met by green water (WDI_Rag,j) (Equation (7)), and the fraction of green water resources
in county j that is available to remaining green water users (e.g., other crops, grassland, forest and
ecosystem services) (WAI_Rnon_ag,j) (Equation (8)). The water demands of crop production can be
calculated from crop evapotranspiration (ETc) and harvested acreages (Equation (7)):

WDI_Rag,j = ∑c

ETc,j × Aharvest,c,j

ERj × Apervious,j
(7)

WAI_Rnon_ag,j = 1−WDI_Rag,j (8)

where: ETc,j = annual crop evapotranspiration depth (m/year) of crop c (corn, soybean, and wheat) in
county j; and Aharvest,c,j = area (m2) of crop c harvested for all purposes in county j.

For comparison, we also applied the WAI_R_F metric to these three major crops. The fraction of
green water resources consumed by the three crops (WDI_R_Fag,j) in county j is defined as the ratio of
total crop green water consumption over green water resource in county j (Equation (9)). Green water
availability for sectors other than these three crops (WAI_R_Fnon_ag,j) is therefore the difference
between 1 and WDI_R_Fag,j (Equation (10)):

WDI_R_Fag,j = ∑c

GWFc,j × Aharvest,c,j

ERj × Apervious,j
(9)

WAI_R_Fnon_ag,j = 1−WDI_R_Fag,j (10)

where GWFc,j = annual crop GWF in depth (m/year) of crop c in county j.

3.2. Crop Water Requirement and Green Water Footprint

Consumptive water use for individual crops (i.e., corn, soybeans, and winter and spring wheats)
was quantified by estimating crop ET (ETc). For each crop, we estimated ETc as the product of reference
ET (ETo) and crop coefficients (Kc) on a monthly basis at each county and summed to find annual
crop ET [66]. Crop GWF was calculated as the minimum of crop water requirement (ETc) and green
water resources (estimated from effective rain) on a monthly basis in each county and summed to find
annual GWF. Monthly ETo was computed using the American Society of Civil Engineers’ (ASCE’s)
standardized Penman-Monteith method [72]. Similar to previous studies [20,25], ET outside the crop
growing season was not counted as crop water use in this analysis.

The growing period of winter wheat spans two consecutive years, but the calculation method
is the same with corn and soybeans. This is because we used 30-year (1971–2000) mean monthly
climate data, so whether a month is in year 1 or year 2 does not affect crop ET calculation. For instance,
if winter wheat spans from October in year 1 to March in year 2, we simply calculated annual wheat
ET by summing January–March ET and October–December ET.

3.3. Green Water Resource Estimation

Green water resources can be estimated from ER using several existing methods, including
field monitoring, empirical equations, and soil water balance models [73]. A detailed review of
ER estimation methods can be found in Dastane [34]. Many water footprint studies have utilized
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empirical equations to estimate ER [36,74,75]. Given the importance of ER in green water resource
assessment, we employed three alternative ER estimation methods in this study to estimate 30-year
(1971–2000) mean ER depth (mm/month) for each county in the conterminous U.S. at monthly intervals.
Two are empirical methods, including the U.S. Department of Agriculture—Soil Conservation Service
(USDA-SCS) (also known as Technical Release (TR)-21) method [70] and the Smith method [76].
The latter is a simplified version the USDA-SCS method implemented in the CROPWAT model [76].
The third method is derived from a water balance dataset (National Hydrography Dataset (NHD)
Plus V2) [77].

3.3.1. ER Based on the USDA-SCS Method

The USDA-SCS method [70] was developed with water balance calculations using 50 years of
precipitation records at 22 locations throughout the U.S. The climate stations were selected to cover all
climatic conditions across the 48 states in the continental U.S. Each of the stations has rainfall records of
at least 25 years during the growing season of major crops. USDA scientists calculated daily soil water
balance and related it to crop ET, precipitation, and soil water factors. Precipitation that is not lost to
deep percolation or surface runoff is considered ER. The resulting equation for estimating effective
rainfall is:

ER = SF×
(

0.70917× P0.82416 − 0.11556
)(

100.02426 × ETc
)

(11)

And the soil factor (SF),

SF = (0.531747 + 0.295164× D− 0.057697× D2 + 0.003804× D3 (12)

where P is 30-year average monthly precipitation. ETc is average monthly crop evapotranspiration
(inches). D is the “useable soil water storage” (inches), which is usually calculated as 40% to 60%
of the available soil water capacity [35], depending on local irrigation practices. The management
allowable soil water depletion for the three crops ranges from 50% to 65% [78]. In this study, we used
60% [75] because we assume farmers will use soil water first before applying irrigation water. However,
using 50% or 60% does not make a noticeable difference in ER estimations; county level annual ER
would decrease by 4.3% (SD = 2.46) if 50% is used. The soil water capacity layer was extracted from
the Digital General Soil Map of the U.S. or STATSGO2 soil dataset [79].

3.3.2. ER Based on the Smith Method

The Smith method (Equation (13)), which is a simplification of the “USDA-SCS” method, assumes
an average ET of 8 inches (≈203.2 mm) per month and a “useable” soil water storage of 3 inches
(≈76.2 mm) [36]. The Smith method is more frequently used in the literature than the original
USDA-SCS method [36,66,74,80], probably due to its simplicity and the wide application of
the CROPWAT [78] model:

ER =

{
P×(125−0.2×P)

125 , f or P ≤ 250 mm/month
125 + 0.1× P, f or P > 250 mm/month

(13)

3.3.3. ER Based on the NHDPlus V2 Data

The NHDPlus V2 dataset [77] provides simulated runoff at the catchment level, which is based on
a soil water balance (WB) model developed by Wolock and MaCabe at USGS [81,82]. For this method,
ER is the difference between precipitation (P) and runoff (RO) on a monthly basis (Equation (14)):

ER = P− RO (14)

where RO is model-simulated 30-year (1971–2000) average monthly runoff (mm/month), aggregated
from original catchment level data using an area-weighting method. The weighting factors for a county
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that crossed the boundaries of multiple catchments were calculated separately based on the area of
the county that fell inside each catchment and then aggregated to re-form the county-level mean runoff.
The WB model uses monthly temperature and precipitation data to determine the proportions
of monthly precipitation that are rain and snow [81,82]. Rainfall and melted snow contribute to
runoff, which is calculated as the sum of direct runoff and surplus runoff, where direct runoff is
computed from overland runoff. When soil moisture storage exceeds soil water capacity, the excess
soil water contributes to runoff as surplus runoff [81,82]. Actual ET is equal to potential ET if
rainfall and snow-melt exceed the potential ET. Soil moisture storage can be removed to support
ET, but the fraction of moisture storage that can be removed decreases linearly with decreasing soil
moisture [81,82]. This simplified scheme does not consider crop-specific ET. The WB model does not
include a groundwater component, so deep percolation and base flow are not directly modeled.

3.3.4. Advantages and Limitations of the Three ER Estimation Methods

Among the three ER methods, the Smith method is the most convenient because it only requires
monthly precipitation data; however, this method does not incorporate variations in local soil
properties. The USDA-SCS method is conceptually more comprehensive because it includes a soil
factor, but it still fails to account for soil water intake rates and rainfall intensity because of insufficient
data and the complexity of these two factors [70]. In addition, although the USDA claimed that
the 22 stations were selected to cover all climatic conditions in the U.S. [70], the USDA did not publish
the data used for model development so the spatial and temporal pattern of the climate data is unclear.
If climate and soil patterns of a given county are significantly different from those of the 22 stations,
the USDA-SCS method may not work well. In addition, the experiments were published in 1970 and
the 50 years of data reflect the period from the 1910s to the 1960s. Therefore, recent changes in soil
infiltration rates caused by management practices (e.g., tillage) and rainfall intensity may require
an update to the regression model published decades ago. In general, the USDA-SCS method is more
applicable to regions with well-drained soil and low-intensity rainfall [34,73]. Unlike the two empirical
approaches, the NHDPlus V2 dataset was derived from a WB model [81,82]. Although the model
explicitly accounts for soil type and dynamics in water balance, it ignores the impact of plants and
land management on runoff. In addition, the NHDPlus V2 dataset does not provide monthly changes
in snow water storage, which means in areas with heavy snowfall it is difficult to differentiate runoff
sourced from rainfall or snowmelt.

3.4. Study Area and Data Sources

Green water availability was analyzed at the county and regional level in the 48 continental
states in the United States. We divided the 48 states into 10 major agricultural production regions
(Figure 2) based on the boundaries of USDA farm production regions [83]. States within each
region share similar farm production characteristics (e.g., crop types). Annual precipitation ranges
from 100 to 3000 mm/year. Spatially, precipitation generally decreases from the southeastern U.S. to
the western U.S., except in the northwestern costal area (Figure S1). Plantings of the major commodity
crops (corn, soybeans, and wheat) are mostly concentrated in the Midwest (Figure 3) where soil is
fertile and flat terrain is suitable for farming.

County-level corn, soybean, and wheat harvested acreages and yields in 2008 were
collected from the USDA National Agricultural Statistics Service (NASS) (Table 2). The 30-year
(1971–2000) mean monthly precipitation data at the county level were aggregated from the gridded
Parameter-elevation Relationships on Independent Slopes Model (PRISM) dataset [84]. Ideally,
the climate data period should cover the crop year (2008). However, the NHDPlus V2 dataset
was based on 1971–2000 climate data and the potential ET (PET) data from the WATER model is
only available for 1971–2000. To make sure that all methods use the same climate data, we used
the 1971–2000 climate data for both ET and ER calculations. In fact, there is no significant change in
precipitation patterns between the 1971–2000 and 1981–2010 PRISM datasets. For instance, county-level
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mean annual precipitation would decrease by 9.16 mm only (SD = 31.1) if 1981–2010 data is used.
For the Smith and USDA-SCS methods, differences in annual ER calculated using the 1971–2000 versus
1981–2010 precipitation data are less than 10% for all but 24 counties.

Monthly potential ET and Crop coefficient (Kc) were provided by the WATER model [25,26,66]
at the county and agricultural production region level, respectively (Table 2). Impervious land
area and open water surface area (e.g., streams, lakes, swamps) for each county were extracted
from the National Land Cover Database (NLCD) 2011 dataset [85] and the Cartographic Boundary
Shapefiles [86], respectively.

Figure 2. Ten agricultural production regions used in this study.

Figure 3. County-level harvested acreages for (a) corn, (b) soybean, and (c) wheat in the conterminous
United States in 2008. Data is from U.S. Department of Agriculture (USDA) National Agricultural
Statistics Service (NASS) reports [87].
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Table 2. Input data for green water and crop water demand modeling.

Item Timespan Spatial Resolution Temporal Resolution Data Source

Corn, soybean and
wheat acreages 2008 County Annual USDA NASS [87]

Precipitation 1971–2000 800 m Monthly PRISM [84]

Potential ET 1971–2000 County Monthly WATER [25,26,66]

Crop coefficient (Kc) – Farm production region Monthly WATER [25,26,66]

Impervious (urban) area 2011 30 m – NLCD 2011 [85]

Land and water surface area 2015 County – Cartographic Boundary
Shapefiles [86]

Runoff 1971–2000 1 km Monthly NHDPlus V2 [77]

Soil water capacity 2016 1:250,000 (vector) – STATSGO2 [79]

4. Results and Discussion

4.1. Comparison of Green Water Resources Estimated by Three Methods

Geospatially, all three green water resource estimations—based on the Smith method (ER_Smith),
the USDA-SCS method (ER_USDA), and the NHDPlus (ER_NHD) method—presented a decreasing
trend from the southeast region to the western states, except in the Pacific Northwest (Figure 4).
This pattern largely follows the distribution pattern of annual precipitation (Figure S1). Among
the three ER methods, ER_Smith (Figure 4a) and ER_USDA (Figure 4c–f) tend to have the highest and
lowest values, and ER_NHD (Figure 4b) falls in the middle (Figure 4). In addition, discrepancies in
annual ER estimations are more evident in the eastern U.S. than regions in the central and western
U.S. Because the USDA-SCS method is crop specific, ER_USDA based on ETc of three major crops
(i.e., corn, soybean, and wheat [including winter and spring wheat]) was also generated. The resulting
four ER_USDA maps are quite similar (Figure 4c–f). This suggests that the USDA-SCS method for ER
is consistent regardless of crop type.

Figure 4. Cont.
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Figure 4. 30-year (1971–2000) average annual green water resources (mm/year) estimated using (a)
the Smith method, (b) the NHDPlus V2 dataset, and the USDA-Soil Conservation Service (SCS) methods
based on crop evapotranspiration of (c) corn, (d) soybeans, (e) spring wheat, and (f) winter wheat.

In addition to spatial variation, the three green water resource estimates also presented diverse
temporal patterns (Figure 5). For each agricultural production region, we plotted average monthly
precipitation, ETc of corn, and three green water resource estimations, all weighted by county-level
corn harvested acres (Figure 5). ETc of corn is presented as an example to illustrate that, depending
on the region, peaks of green water supply and crop water demand could vary significantly.
We plotted corn ETc only because it is the most widely planted commodity crop in the U.S. Still,
using soybeans or wheat ETc generated very close results (not presented). Across the 10 regions,
ER_Smith consistently produces higher results than ER_USDA. This is largely because the Smith
method assumes an average monthly ETc of 200 mm throughout the year [37], which is much higher
than the growing-season average monthly corn ETc (average = 117 mm/month, SD = 39.46) as
determined by the Penman-Monteith equation that was used for ER_USDA calculation. For most
regions, even peak corn ETc is less than 200 mm/month (Figure 5). On a monthly basis, the differences
among the three estimations are generally smaller during the crop-growing seasons and higher during
the non-growing seasons (Figure 5). Furthermore, months with peak corn ETc and ER_USDA values
generally match each other, except in the Pacific and Southern Plains regions, where precipitation
during crop-growing season is limited. The Smith method, on the other hand, correlates more
closely with monthly precipitation. Although ER_Smith and ER_USDA generally follow monthly
precipitation distributions, ER_NHD shows a more dynamic temporal pattern (Figure 5). This is
because the ER_NHD also factors in changes in monthly snowmelt and soil water content, using
a water balance model. However, monthly ER_NHD in the spring and fall needs to be interpreted
cautiously for some regions. For instance, in areas with snowpack, ER_NHD may underestimate green
water resources in the spring because runoff includes input from snowmelt, but monthly precipitation
data does not track changes in snowpack. In the fall, ER_NHD diverges from precipitation in several
regions (Figure 5) because the soil may have been saturated; thus additional precipitation input will be
classified as runoff rather than green water resources.

Differences in temporal patterns suggest that agriculture and bioenergy production may use
green water more effectively if land use composition matches the temporal green water resource
distribution pattern better. Ideally, peaks of crop water demand would match with those of green
water resources to minimize reliance on irrigation water, especially in regions with high blue water
scarcity. For instance, effective rain in the Pacific region is relatively more abundant in the winter but
very limited in the summer. In this case, growing winter wheat may use green water more effectively
than growing corn. In addition, in counties with multiple crops and land uses, adjusting the fractions
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of land uses (e.g., cropland, forest, grassland) and crops with varying growing seasons or improving
soil water management practices could be options. For example, the Delta region, while green water
resources are limited in July and August, there are excessive green water resources in the spring and
winter (Figure 5). Land management strategies like cover crops may be used to conserve more soil
moisture and reduce the negative impacts of green water variability [88].

Figure 5. Comparison of monthly precipitation, corn evapotranspiration (ETc of corn), and green water
resources (calculated from effective rain) based on three methods (Smith, USDA-SCS, and NHDPlus
V2) for 10 major agricultural regions. Green water represents corn green water consumption and was
calculated as the minimum of monthly green water resources and corn ETc. In a given month, if green
water resource is lower than corn water demand (ETc), blue water represents the amount of irrigation
water needed to make up the difference.
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Few studies to date have verified alternative green water resource methods for a large study area,
partly because a lack of field measurements at scale. Conceptually, the USDA-SCS and NHDPlus
methods are more comprehensive, while the Smith method requires less input data. Wu et al. [66]
found that the water footprints calculated based on the Smith method reasonably resemble peak
monthly corn water use in the growing stage. A comparison study in the United Kingdom (U.K.)
found that the Smith method turns out to be more accurate under U.K. conditions [36]. This is most
likely because the USDA-SCS method was developed to fit U.S. conditions, while the Smith method
was largely simplified for the ease of computation. For the NHDPlus method, interpreting results
for spring in certain regions may be difficult. In short, considerable uncertainties remain in green
water resource estimates. For county-level green water availability analysis, WAI_R was primarily
calculated based on the Smith method, so the method for estimating crop water demand and green
water footprint from this study would be consistent with our previous studies [25,26,66].

4.2. Regional and County-Level Green Water Availability

Using the WAI_R and WAI_R_F metrics, a regional and county-level green water availability
analysis was applied to three major commodity crops (corn, soybean, and wheat) in the conterminous
United States. The two metrics quantified the impacts of crop water demand and crop GWF on green
water availability to all other remaining economic activities (e.g., other crops, grassland, and forest) and
ecosystem services. These fractions reflect green water balance aggregated at the county or regional
level, disregarding green water availability at the field scale. In this sense, the area-based analysis
demonstrated how current land use composition and potential land use change (e.g., expansion of
rain-fed cropland) may affect green water availability.

WAI_Rnon_ag and WAI_R_Fnon_ag values suggest that crop production overall uses less than 30% of
annual green water resources at the agricultural production region level, but substantial spatial
variation exists at the county level (Table 3 and Figure 6). For the 10 agricultural production
regions, WAI_Rnon_ag and WAI_R_Fnon_ag ranged from 0.71 to 0.98 and from 0.82 to 0.99, respectively
(Table 3). At the county level, WAI_Rnon_ag (Figure 6a) and WAI_R_Fnon_ag (Figure 6b) ranged
from 0.23 to 1.0 and from 0.56 to 1.0, respectively. Among the 2694 counties with major crop
production in 2008, there are about five counties with high (WAI_Rnon_ag < 0.3) and 106 counties
with medium (0.3 < WAI_Rnon_ag < 0.5) tensions between crop water demand and green water resource
(Table 4). When measured by WAI_R_Fnon_ag, there are about 155 counties with moderately low
green water availability (0.5 < WAI_R_Fnon_ag < 0.7) (Table 5). Overall, counties facing moderate or
higher green water resource tensions are mostly located in Iowa, Illinois, Minnesota, Nebraska,
and South Dakota (Figure 6). The WAI_R_Fnon_ag values are significantly higher than WAI_Rnon_ag in
several regions because WAI_R_Fnon_ag is calculated based on GWF rather than crop water demand,
since GWF can be significantly lower than crop water demand if precipitation is limited during
crop-growing season. In this case, WAI_Rnon_ag and WAI_R_Fnon_ag can be complementary to each other.
WAI_Rnon_ag could reflect the tension between crop water demand and green water resources better
when green water consumption is limited by supply of green water resources, however, WAI_R_Fnon_ag

provides the actual amount of green water resources available to other sectors.
County-level green water available to each economic sector in a region depends on both green

water resources and crop water use in that county. Although annual precipitation is relatively abundant
in the Corn Belt, high crop acreages drive down green water availability substantially in this region.
For reference, we also present regional crop water demand (CWD), expressed as intensity or the annual
volume of rainwater needed per volume of crop produced (in dry short tons, d.s.t, which is equivalent
to 0.907 metric ton of dry biomass) (Figure 7). Results clearly indicate that CWDs for all three major
crops in the Midwest are among the lowest in the U.S. (Figure 7), which means there is higher water
use efficiency in this region, and is consistent with previous studies [22,89]. CWDs in the Northern
Plains, which is the second largest crop production region in the U.S., are moderately higher —41%,
22%, and 17% for corn, soybean, and wheat, respectively—than in the Corn Belt. CWDs in the Southern
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Plains for soybean and wheat are much greater than in the Midwest. These differences in regional
CWDs can be attributed to spatial variability in soil and climate conditions, as well as agricultural
managing practices. Other variables like crop varieties also affect crop water demand and consumption.

Figure 6. County-level (a) mean WAI_Rnon_ag and (b) mean WAI_R_Fnon_ag. Panel (a) shows the fraction
of green water resources available for non-agriculture uses if green water meets the crop water
demand of total corn, soybeans, and wheat production in 2008. Panel (b) shows, when green water
consumption of three major crops is accounted for, the fraction of green water resources remaining for
non-agriculture uses.

Table 3. Regional and national mean WAI_Rnon_ag and WAI_R_Fnon_ag with ranges of county-level
values (dimensionless fractions). WAI_Rnon_ag is based on crop water demand of three crops (corn,
soybeans, and wheat) and green water resources, and WAI_R_Fnon_ag is based on green water footprints
of the three crops and green water resources.

Region Mean WAI_Rnon_ag Range of WAI_Rnon_ag Mean WAI_R_Fnon_ag Range of WAI_R_Fnon_ag

Northeast 0.96 0.68–1.0 0.97 0.79–1.0
Appalachia 0.96 0.62–1.0 0.97 0.70–1.0
Southeast 0.98 0.82–1.0 0.99 0.88–1.0

Lake States 0.83 0.33–1.0 0.88 0.57–1.0
Corn Belt 0.73 0.30–1.0 0.82 0.57–1.0

Delta 0.94 0.67–1.0 0.95 0.74–1.0
Northern Plains 0.71 0.23–1.0 0.83 0.56–1.0
Southern Plains 0.94 0.56–1.0 0.97 0.73–1.0

Mountain 0.96 0.50–1.0 0.98 0.76–1.0
Pacific 0.95 0.66–1.0 0.98 0.83–1.0

National 0.88 0.23–1.0 0.92 0.56–1.0
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Table 4. Number of counties that fall within each WAI_Rnon_ag value (dimensionless fractions) band.

WAI_Rnon_ag Range (Unitless) Number of Counties Top Four States with Most Counties

0.23–0.3 5 Iowa, Nebraska, North Dakota
0.31–0.5 106 Iowa, Minnesota, Nebraska, South Dakota
0.51–0.6 138 Illinois, Iowa, Nebraska, South Dakota
0.61–0.7 184 Illinois, Indiana, Kansas, Iowa
0.71–0.8 244 Kansas, Indiana, Illinois, Montana
0.81–0.9 320 Kansas, Montana, Wisconsin, Indiana
0.91–1.0 1697 Texas, Georgia, Kentucky, Virginia

Table 5. Number of counties that fall within each WAI_R_Fnon_ag value (dimensionless fractions) band.

WAI_R_Fnon_ag Range (Unitless) Number of Counties Top Four States with Most Counties

0.51–0.6 17 Minnesota, Illinois, Nebraska, North Dakota
0.61–0.7 138 Iowa, Minnesota, Nebraska, Illinois
0.71–0.8 270 Illinois, Indiana, Ohio, Iowa
0.81–0.9 365 Kansas, Indiana, Montana, Illinois
0.91–1.0 1903 Texas, Georgia, Kentucky, Virginia

Figure 7. Regional crop production summary. Solid columns, dashed lines, and hatched columns show
harvested crop area, average crop yield, and average crop water demand by crop by region, respectively.
Harvested crop area and yields are based on 2008 county-level data reported by the USDA NASS.

4.3. Green Water Availability by Crop Type

Compared to green water resource distribution (Figure 4), variations in local WAI_Rnon_ag and
WAI_R_Fnon_ag strongly correlate to and are thus impacted by the spatial distribution of harvested
crop acres (Figures 3 and 6). County-level WAI_Rnon_ag is often dominated by the water demands of
different crops. This pattern is clearly demonstrated by crop-specific WAI_Rnon_ag (Figure 8) values,
which measure the fraction of green water resources available for other uses after meeting crop water
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demand of a specific crop (e.g., corn). In the Midwest, corn and soybean acreages contribute the most
to the volume of crop water demand (Figure 8a,b). Although wheat plays an important role in certain
areas (e.g., Montana), total wheat acres are much less than corn and soybean acres in most areas.

Figure 8. County-level crop specific WAI_Rnon_ag values based on harvested acres of (a) corn; (b) soybeans;
and (c) wheat (including spring and winter wheats). Harvested acres include total production for all
purposes (food, feed, and fuel) in 2008 in the U.S. Panels show green water resources available for other
crops and sectors after meeting the crop water demand of corn, soybean, and wheat production.

The spatial pattern of crop-specific WAI_Rnon_ag does not mean crops in the Midwest use more
water on a per-unit biomass basis. In fact, county-level CWD (m3/d.s.t) of the three crops (Figure 9)
clearly indicate that counties in the Corn Belt are more water efficient than other areas. In addition,
it seems that some counties located in northwestern states (Washington, Portland, Idaho, Oregon) are
also water efficient in terms of corn and wheat production. Relatively low WAI_Rnon_ag values in these
counties suggest it would be possible to increase crop acreages in these counties from a green water
resource perspective, but land-use changes may cause other problems (e.g., deforestation).

Figure 9. Cont.
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Figure 9. County-level per-unit crop water demand (CWD) (m3 per dry short ton (d.s.t)) calculated
as the volume of water needed per d.s.t (0.907 metric ton of dry biomass) crop produced for (a) corn;
(b) soybeans; and (c) wheat.

4.4. Annual Versus Growing Season Green Water Availability

Depending on local soil and climate conditions, off-season green water resources may lost to
the atmosphere or contribute to blue water storage via deep percolation. In this case, it is helpful
to estimate the green water resources available during the crop-growing season only if green water
meets all crop water demand. Given that corn is the most widely produced commodity crop in
the U.S., we also present the regional WAI_R based on growing season green water resources and
of corn (WAI_Rnon_corn) (Figure 10) as an example to illustrate how the temporal boundary of green
water resources may affect the estimation of green water availability. Specifically, the WAI_Rnon_corn

metric describes that, if all corn water demand met by green water, the fraction of green water
resources are available to all other remaining green water users, aggregated at the county level. Results
indicated that, when the green water resource is limited to the growing season only, total corn water
demand alone would drive down green water availability substantially. A low WAI_Rnon_corn value
means less green water available for other crops and plants in the region. Because of extremely low
growing season precipitation, WAI_Rnon_corn in the Pacific could fall to 0.9 (Figure 10, Smith method)
from an annual based WAI_R of 0.98 (Figure 8a). Growing-season WAI_Rnon_corn for the Corn Belt,
Lake States, and Northern Plains would decrease 0.12, 0.06 and 0.07, respectively, compared with
the annual-based index (Figure 8a).

Figure 10. Regional growing-season rainwater available to other plants and uses after meeting
corn water demand (WAI_Rnon_corn) based on corn production. WAI_R_NHD, WAI_R_USDA,
and WAI_R_Smith refer to WAI_Rnon_corn based on growing-season ER estimated using NHDPlus
V2 data, the USDA-SCS method, and the Smith method, respectively.
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Results in annual versus growing-season-based WAI_R values suggest that green water
availability assessments can be sensitive to the temporal boundary of WAI_R analysis. In addition,
it is important to note that the growing-season WAI_R could be conservative in certain soil conditions,
because crops may utilize some of the non-growing season green water resource stored in the soil.
Although field monitoring through sensor technology has been developed to guide precision
agriculture programs and practices, it would be helpful if a national consistent soil water dynamic
database could be developed for the U.S. in future studies.

4.5. Implications of Regional Water Resource Management for Bioenergy Production

Several regions produce the three major crops for feed, food, fiber, and fuel. To evaluate the impact
of bioenergy feedstock production on green water availability, demand from the production of food,
feed, and fiber is excluded. The resulting WAI_R metric—WAI_Rnon_bioenergy—describes the green
water resources available for other uses if the water demand of biofuel feedstock production is met by
green water resources only. For all but 149 counties (mostly located in Iowa, Nebraska, Minnesota,
and Illinois), more than 90% of rainwater is still available to non-bioenergy productions (Figure 11).
A majority of the 149 counties with WAI_Rnon_bioenergy values of 0.8–0.9, are concentrated in Iowa and
Nebraska. If 24% of corn stover and 30% of wheat straw were also harvested as cellulosic biofuel
feedstock [26,68] in 2008, holding total harvested crop acres and climate conditions constant, then
regional mean WAI_Rnon_bioenergy would decrease slightly (0.03–0.05) for agricultural production regions
in the Midwest, but WAI_Rnon_bioenergy would still be higher than 0.8 for all counties in these regions.
These results suggest attributes of cellulosic feedstock to regional green water availability are small
under the 2008 scenario.

From the perspective of water resource management, the production of the three major crops
is most water efficient in the Corn Belt and Lake States because of their low CWD (Figure 7) and
relatively abundant green water resources (Figure 4). Low green water availability for non-agriculture
sectors in the Corn Belt is driven by food and feed production, with minimal contributions from biofuel
feedstock production (Figure 11). However, when the production of food, fuel, feed, and fibers and
the green water use by forestry and ecosystems are all accounted for, the aggregate impact on green
water resource availability could become substantial. Therefore, it is critical to consider green water
demands from multiple sectors when planning regional development.

Figure 11. County-level crop-specific WAI_Rnon_bioenergy values based on acres of (a) corn grain and
(b) soybeans harvested as biofuel feedstock only (i.e., acres harvested for food and feed purposes are
excluded). For corn and soybeans, respectively, 30% and 12% of the total harvests in 2008 were biofuel
feedstock. WAI_Rnon_bioenergy represents the fraction of green water resources available for other uses
(e.g., food and feed), after meeting the crop water demand of bioenergy feedstock harvested from corn
grain and soybeans.
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4.6. Limitations and Future Work

The green water availability assessment approach presented in this study is applicable for
large-scale assessments at varying spatial scales (e.g., watershed, state, and national). However,
uncertainties exist, mainly associated with crop water demand calculation and green water
resource estimations, due to incomplete data sources and assumptions made in estimation methods.
County-level crop coefficients (Kc) for corn, soybean, and wheat are required in ET calculations,
but are incomplete for all major crops. Therefore, we adopted regionalized crop coefficients
for the 10 agricultural resource regions, but this practice may overlook variations in Kc within
regions. In addition, monthly potential ET (ETo) was computed using the ASCE’s standardized
Penman-Monteith method only. Although this is the dominant method used in the United States [26],
other ET estimation methods exist and the uncertainties related to ET estimation by using different
methods could be quite significant, especially in areas with high rainfall [90]. Finally, effective rain
plays a central role in determining green water resources, and WAI_R based on varying temporal
boundaries (annual vs. growing season) can lead to very different results for certain regions.

In this study, green water resources were quantified from effective rain using three alternative
methods. The choice of effective rain methodology affects the spatial and temporal distribution patterns
and the intensity of green water resources, the variation of which increases with increasing geospatial
resolution. For future study, analyzing green water availability and competition on a monthly basis
would be helpful for certain crops. However, determining monthly green water resources is more
complicated than simply calculating monthly effective rain and crop water use, because green water
resources can be stored in soil as carryover moisture. In this sense, a monthly analysis would require
an integrated metric or framework that simultaneously considers the interactions among crop water
use, soil moisture dynamics, and irrigation applications.

5. Conclusions

Although green water is vital for agricultural production and the terrestrial ecosystem, previous
water resource assessments often focus on blue water. In this study, we present a first estimation
of county-based green water availability, by applying a modified water availability index (WAI_R)
to major crop (e.g., corn, soybeans, and wheat) production in the United States. The WAI_R metric
was employed to quantify the fraction of green water resources available to non-agriculture sectors
(e.g., grassland, forest, ecosystem services), assuming all crop water demands are met by green
water. The metric quantifies green water balances aggregated at the county and farm production
region level, disregarding green water availability at a field or land-use level. For comparison, a WAI
(WAI_R_F) based on green water footprint was also presented, which quantifies the fraction of green
water resources actually available to other users after accounting for the green water consumption of
three crops.

Results highlight the spatial heterogeneity and temporal complexity of green water resources,
as well as the heavy reliance of agriculture production on green water resources in the United States.
In 2008, regional level mean WAI_Rnon_ag and WAI_R_Fnon_ag ranged from 0.71 to 0.98 and
from 0.82 to 0.99, respectively. At the county level, however, fresh water was significantly constrained
in five counties with a WAI_Rnon_ag value of lower than 0.3, which translates to a 70% demand for
green water resources by the three crops. When measured by WAI_R_Fnon_ag, there are 17 counties
with a values lower than 0.6, which means the three crops consumed more than 40% of annual green
water resources in those counties. Geospatially, WAI_Rnon_ag and WAI_R_Fnon_ag are relatively higher in
the Midwest, because of large crop acreages that are responsible for producing about 82% of the crops
for the nation. However, crop production is also water efficient in this region, because water use per
dry ton of biomass produced in the region is among the lowest across the 10 farm production regions.
Seasonal analysis further revealed a substantial variability of crop water deficits during the growing
season across regions, especially in Pacific west, which limits sustainable production of rain-fed crops.
For areas with limited seasonal green water resources, adjusting land-use types to match seasons of
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high plant water demand with peaks of green water supply could be an option to use green water more
effectively. In addition, improving soil water management strategies (e.g., adoption of cover crops)
to increase carry-over soil moisture may also help with mitigating the negative impacts of seasonal
variations in green water supply.

The development and scale-up of any land-based biomass production needs to be analyzed
from the perspectives of resource availability and sustainability. Although surface (irrigation) water
constraints have been stressed repeatedly, green water was usually taken for granted. Findings based
on 2008 data suggest that bioenergy feedstock production demands a relatively small fraction of green
water resources, but future large-scale biofuel feedstock production may substantially change land use
composition (e.g., increase in woody crops for bioenergy), and therefore plant water consumption,
in major agricultural regions [26]. To reduce competing use of surface and ground water (blue water
consumption), rain-fed energy crops or biomass production is preferred in the bioenergy development
in the U.S. In this case, availability of green water resources for large-scale feedstock production
should be carefully evaluated. For agriculture and bioenergy production, the analysis presented
can help decision makers consider geographical variations in green water availability when planning
land-based biomass production sites, types, and production scales. However, analysis of green water
availability alone is not sufficient for sustainable water management. Future studies should consider
integrating green-blue water availability with land use at large scale, because land use patterns are
likely to impact both blue and green flows.

Supplementary Materials: Figure S1: County-level 30-year (1971–2000) average annual precipitation for
the conterminous United States.
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