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ABSTRACT
California’s agricultural sector supports a global food chain. This industry is
enabled by a vast network of surface water supplies and stressed groundwater
resources, which enable year-round irrigation of water-intensive crops such as
pistachios, almonds, and rice. Due to the 2007-2009 and 2012-2016 droughts,
there has been renewed interest in statewide groundwater management,
culminating in the 2014 Sustainable Groundwater Management Act (SGMA).
However, the nexus of agricultural water consumption of specific crops and their
spatially explicit economic value remains unexplored. Openly accessible data for
these outcomes are not centrally stored, are spatially and temporally disparate,
and have not yet been synthesized for a critical analysis of the groundwater
footprint of agriculture in the state.
We derive a unique dataset of the estimated economic value of groundwater and
surface water used for irrigation, at the county, basin, and sub-basin scales. For
the study period of 2007-2017, we synthesize remote sensing, spatial, and tabular
data on crop identity, water footprints, and economic value. This synthesis allows
us to study trends in crop water consumption, drought resilience responses, and
value impacts. A case study of the Delta-Mendota sub-basin provides further
insight into historical trends in agricultural groundwater consumption, crop
portfolios, and crop switching practices during drought and recovery periods. This
dataset can help various stakeholders weigh the economic and environmental
costs and benefits of crop- and basin-level groundwater management decisions. It
is also expected to improve the current methodology used to prioritize
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groundwater basins for conservation, and thus inform long-term goals set by
basin-level Groundwater Sustainability Agencies under SGMA.

iii

ACKNOWLEDGEMENTS
Firstly, I would like to express my sincere gratitude to my advisor Dr. Elena
Naumova for the motivation, patience, immense knowledge, and continued
support of my research. Her guidance over the years has helped me develop my
analytical skills as a researcher, and working with her has allowed me to become
a better writer, cartographer, and academic. I could not have imagined having a
better advisor and mentor for my graduate study.
Besides my advisor, I would like to thank the rest of my thesis committee: Dr.
Sumeeta Srinivasan, and Dr. Magaly Koch, for their guidance, support, and
encouragement throughout the research process. Their insight has allowed me to
improve the quality of my outputs, critically evaluate the generated results, and
think about future directions to improve the impact of this synthesis.
I am also grateful to my parents for the journey that brought me here, and for their
continued support of my research endeavors. They have consistently challenged
me to think about the relevance of my work, and their questions guide my writing
daily. I also extend my gratitude to my partner for the editorial and psychological
support that facilitated this work.

iv

Contents
ABSTRACT ............................................................................................................ ii
ACKNOWLEDGEMENTS ................................................................................... iv
1

INTRODUCTION .......................................................................................... 1
1.1

Geography ................................................................................................ 1

1.2

Climate ..................................................................................................... 4

1.2.1 Categorization ........................................................................................ 4
1.2.2 Temperature ........................................................................................... 5
1.2.3 Precipitation ........................................................................................... 6
1.3

Hydrology................................................................................................. 8

1.3.1 Surface Water......................................................................................... 8
1.3.2 Groundwater .......................................................................................... 8
1.4

Regional Drought History ...................................................................... 11

1.5

Agriculture and Groundwater Use ......................................................... 13

1.6

Historical Overview of California Water Law ....................................... 14

1.6.1 Surface Water....................................................................................... 16
1.6.2 Groundwater ........................................................................................ 17
1.6

2

Data-Driven Approaches to Groundwater Management ........................ 19

1.6.1

CASGEM Basin Prioritization ........................................................ 19

1.6.2

Remote Sensing of Groundwater Depletion ................................... 19

1.6.3

Groundwater Modeling ................................................................... 20

1.6.4

Agricultural Water Footprints ......................................................... 21

1.7

Need for Synthesis ................................................................................. 24

1.8

Specific Aims of This Study .................................................................. 25

DATA COMPILATION ............................................................................... 26
2.1

Groundwater Sub-Basin Boundaries ...................................................... 26

2.2

County and State Boundaries ................................................................. 26

2.3

Crop Locations and Identity ................................................................... 26

2.4

Crop Value and Yield ............................................................................. 27

2.5

Commodity-Based Producer Price Index ............................................... 27

2.6

Irrigated Areas ........................................................................................ 27

2.7

Crop Water Footprint ............................................................................. 27

2.8

Water Withdrawal Fraction by Source Type.......................................... 29

2.9

Summary ................................................................................................ 30
v

3

METHODOLOGY ....................................................................................... 31
3.1

Conceptual Framework .......................................................................... 32

3.2

Verification of Cropscape Data .............................................................. 34

3.3

Boundary Intersection ............................................................................ 35

3.4

Cropscape Data Processing .................................................................... 35

3.5

Irrigated and Unirrigated Subsets ........................................................... 36

3.6

Tabulate Area ......................................................................................... 36

3.7

Yield & Value Calculation ..................................................................... 36

3.8

Inflation Adjustment .............................................................................. 37

3.9

Crop Water Footprint Calculation .......................................................... 37

3.9.1

Mekonnen & Hoekstra’s Crop Water Footprint ............................. 37

3.9.2

DWR Agriculture & Land Use Water Footprint............................. 38

3.9.3

Irrigated Area Fraction .................................................................... 38

3.10
4

5

County, Sub-basin, & Crop-Level Summaries ................................... 39

RESULTS ..................................................................................................... 40
4.1

Crops Included in the Study ................................................................... 40

4.2

Sub-Basin Level Results ........................................................................ 41

4.3

County Level Results ............................................................................. 46

4.4

Crop Level Results ................................................................................. 50

4.5

Case Study: Delta-Mendota Sub-Basin, San Joaquin Valley................. 51

DISCUSSION ............................................................................................... 55
5.1

Limitations ............................................................................................. 55

5.2

Validation ............................................................................................... 58

5.2.1

Crop Area Assessment .................................................................... 58

5.2.2

Water Footprint Source Assessment ............................................... 62

5.3

Revised Basin Prioritization Methodology ............................................ 65

6

CONCLUSIONS & RECOMMENDATIONS ............................................. 67

7

BIBLIOGRAPHY ......................................................................................... 70

vi

List of Figures
Figure 1 California Elevation, Hydrology, and Geomorphological Provinces. Data
Sources: USGS, CDFG (Johnson and Belitz 2003, USGS 2009, CDFG 2014) ..... 3
Figure 2 Koppen-Geiger Climate Classification of California (Kottek, Grieser et
al. 2006, Rubel, Brugger et al. 2017) ...................................................................... 5
Figure 3 Minimum and Maximum Temperatures in California, 2014 (Livneh,
Bohn et al. 2015) ..................................................................................................... 6
Figure 4 Five Station Index of Cumulative Daily/Monthly Precipitation in San
Joaquin Valley (CADWR 2015) ............................................................................. 7
Figure 5 Monthly Runoff by Water Year for California, Source: USGS (CWSC
2017) ....................................................................................................................... 8
Figure 6 Groundwater Sub-Basins of California Prioritized by the CASGEM
program (CADWR 2016) ..................................................................................... 11
Figure 7 The Valuation Process Unites Data from Groundwater, Agriculture, and
Economics ............................................................................................................. 25
Figure 8 Analytical Methodology ......................................................................... 31
Figure 9 Total and Normalized Value of Irrigated and Unirrigated Areas by Subbasin, 2016 ............................................................................................................ 42
Figure 10 Smoothed Trends in Normalized Value for 10 Most Valuable Subbasins..................................................................................................................... 43
Figure 11 Smoothed Trends in Normalized Water Footprints for Most WaterIntensive Sub-basins ............................................................................................. 45
Figure 12 Normalized Water Footprint for Colusa and West Butte Sub-basins
(part of Sacramento Valley Basin), and Delta-Mendota and Kings Sub-basins
(part of the San Joaquin Valley Basin), 2007-2013 .............................................. 46
Figure 13 Total and Normalized Value of Irrigated and Unirrigated Areas by
County, 2016 ......................................................................................................... 47
Figure 14 Smoothed Trends in Normalized Value for 10 Most Valuable Counties
............................................................................................................................... 48
Figure 15 Smoothed Trends in Normalized Water Footprints for Most WaterIntensive Counties ................................................................................................. 49
Figure 16 Total Value of Most Valuable Crops, 2007-2016 ................................ 50
Figure 17 Total Water Footprint of Most Water-Intensive Crops, 2007-2016 ..... 51
Figure 18 Total Area of Key Crops in the Delta-Mendota Subbasin ................... 52
Figure 19 Total Value of Key Crops in the Delta-Mendota Sub-Basin ................ 52
Figure 20 Total Water Footprint of Key Crops in the Delta-Mendota Sub-Basin 54
Figure 21 Water Footprint of Key Crops in the Delta-Mendota Sub-Basin in 2008
............................................................................................................................... 54
Figure 22 County-Level Crop Area Assessment .................................................. 59
Figure 23 Total Crop Water Footprint Comparison, 2010 ................................... 64
Figure 24 Total County Water Footprint Comparison, 2010 ................................ 64
Figure 25 Current CASGEM Basin Prioritization Ranking System (CADWR
2014) ..................................................................................................................... 65
Figure 26 Example Subset of a Crop Transition Matrix ....................................... 68
Figure 27 Screenshot of Prototype Interactive App .............................................. 69
vii

List of Tables
Table 1 List of Critically Overdrafted Basins, 1980 and 2016 ............................... 9
Table 2 Datasets and their Properties.................................................................... 30
Table 3 List of Crops Meeting Criteria Outlined in 4.1 and Included in Study ... 40
Table 4 Top 10 Most Valuable Sub-basins in California by Normalized Value,
2016....................................................................................................................... 42
Table 5 Water Footprints of the 10 Most Water-Intensive Sub-basins for 2016 .. 44
Table 6 Most Profitable Counties by Normalized Value, 2016 ............................ 47
Table 7 Normalized Water Footprint for Most Water-Intensive Counties, 2016 . 49
Table 8 County-Level Comparison of Difference in Harvested and Calculated
Crop Area .............................................................................................................. 60
Table 9 Crop-Level Comparison of Difference in Harvested and Calculated Crop
Area ....................................................................................................................... 61
Table 10 Data Component Rankings of Classified Normalized Sub-Basin Value65
Table 11 Data Component Rankings of Classified Normalized Groundwater
Footprint of Agriculture ........................................................................................ 66

viii

1

INTRODUCTION

This chapter provides an overview of the spatial, temporal, environmental, legal,
and economic factors driving California’s agricultural sector and its reliance on
groundwater. After a review of the geography, climate, and hydrology of the state,
impacts of California’s most recent droughts in 2007-2009 and 2012-2016 are
described. This discussion is followed by a historical overview of California’s
water rights system, and its goals under the 2014 Sustainable Groundwater
Management Act (SGMA). Key recent literature on data-driven approaches for
groundwater management are discussed next, starting with the California
Statewide Groundwater Elevation Monitoring (CASGEM) Basin Prioritization
methodology. This is the current basis for prioritizing groundwater basins for
conservation under SGMA. Other approaches to groundwater management
include surface and groundwater flow models, remote sensing methods, and
agricultural water footprints. This chapter ends with a description of the
limitations of each of these approaches, the need for novelty and improved spatial
resolution in crop-specific analysis, and the specific aims of this study.
1.1

Geography

California is a state on the west coast of the United States. It is the most populous
state in the country with 39.5 million inhabitants (Bureau 2017), and is the most
economically valuable state with a gross domestic product of $2.81 trillion in
2016 (BEA 2018). California is home to a wide variety of ecosystems defined by
the state’s climate, hydrogeology, and resulting industries. California’s elevation
profile, and geomorphic provinces, and surface hydrological features are shown in
1

Figure 1. Two key geographic features relevant to the scope of this thesis are
described briefly below(Conservation 2002).
•

Great Valley/Central Valley: this valley is formed
by the Sacramento River in the North, and the San
Joaquin River in the South. Both rivers have
deposited sediments in this region for over 160 million
years, leading to a fertile alluvial plain alluvial plain in the
central portion of the state. The Central Valley is thus one of the most
agriculturally productive areas in the country. The San Joaquin Valley
alone produces over 250 crops for an estimated value of $17 billion
annually(CWSC 2016).

•

Sierra Nevada Mountains: This mountain range
is approximately 400 miles long, and primarily
consists of granite formations shaped by glacial
erosion. Snowpack in the Sierra Nevada is the key
water source for most of California. The Gold Rush of 18481855 in this region also shaped much of the water legislation in the
surrounding areas.
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Figure 1 California Elevation, Hydrology, and Geomorphological Provinces.
Data Sources: USGS, CDFG (Johnson and Belitz 2003, USGS 2009, CDFG
2014)
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1.2

Climate

1.2.1 Categorization
Due to its varied geography, California experiences a wide variety of climates as
seen in Figure 2. Five major climates occur here in close proximity: the Desert,
Cool Interior, Highland, Steppe, and Mediterranean. Mediterranean climate is
extremely rare outside of the Mediterranean Sea, and is limited to small pockets in
Australia, South Africa, Chile, and California (Kauffman 2003). This climate is
usually observed in California near the coast, and provides winter precipitation,
which is relatively uncommon globally(Kauffman 2003). The continental and
Steppe climates of the San Joaquin Valley provides hot climates with enough
moisture to support agriculture(Kauffman 2003).

4

Figure 2 Koppen-Geiger Climate Classification of California (Kottek, Grieser et
al. 2006, Rubel, Brugger et al. 2017)

1.2.2 Temperature
Temperature patterns differ across the state due to various climates as well as
varying anthropogenic influences. Figure 3 provides a map of the minimum and
maximum temperatures across the state in 2014. The Sierra Nevada mountains
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maintain state-wide low temperatures almost year-round, with maximum
temperatures in the southeast Mojave Desert.

Figure 3 Minimum and Maximum Temperatures in California, 2014 (Livneh,
Bohn et al. 2015)
Extreme temperatures (i.e. both minima and maxima) are changing globally and
in many parts of California. Minimum temperatures are shown to be increasing
statewide in the past four decades, influenced by anthropogenic greenhouse gases
releases (Bonfils, Duffy et al. 2007, Bonfils C 2007, Cordero, Kessomkiat et al.
2011). Maximum temperature trends indicate a recent summertime cooling effect
due to increased precipitation, enhanced seabreeze circulation, and irrigation
further inland (Bonfils C and D 2007, Cordero, Kessomkiat et al. 2011).
1.2.3 Precipitation
Local geography and geology dictates precipitation patterns in California. In
broad terms, water from the Pacific Ocean evaporates, and is transported
eastwards by coastal winds for condensation and precipitation in the coast and the
6

Central Valley (Faunt 2009). Most precipitation occurs in winter months, and
forms the annual snowpack in the upper Sierra Nevada ranges. This snowpack in
turn melts in the spring as streamflow into the region’s vast river network.
Precipitation is not distributed equally across space and time. Most precipitation
for the hydrologic year falls in just 5 to 15 days, primarily in the northern regions
and mountains. Thus, an extensive storage and delivery apparatus is required to
ensure year-round water availability throughout the state, especially for
agricultural regions in the southern part of the state. Figure 4 provides a
comparison of cumulative daily and monthly precipitation over time—note the
large variability between 2014-15, 2015-16, and 2016-17 water years.

Figure 4 Five Station Index of Cumulative Daily/Monthly Precipitation in San
Joaquin Valley (CADWR 2015)
7

1.3

Hydrology

1.3.1 Surface Water
California’s surface water resources are connected by a vast network of drainage
and irrigation canals, diversion channels, and artificial reservoirs. Snowmelt from
the Sierra Nevada in spring months is the primary source of water for most rivers.
Seasonal runoff follows the temporal pattern shown in Figure 5, and has been
shown to be significantly variable in recent years (1980-2010) due to recent
climate extremes(He, Russo et al. 2017). Given that snowmelt drives annual water
availability, there is high inter-annual variation in water supply.

Figure 5 Monthly Runoff by Water Year for California, Source: USGS (CWSC
2017)
1.3.2 Groundwater
Groundwater provides between 40-60% of annual water demand in California’s
Central Valley(Dogrul, Kadir et al. 2016). 60% of California’s daily water
8

withdrawals, or approximately 23,056 million gallons per day, is utilized for
irrigation (Brandt, Sneed et al. 2014). Of the 25,569,001 acres of farmland in the
state, 31% (7,861,964 acres) are irrigated (USDA-NASS 2014). Most farmers in
the state irrigate with surface water when available, and supplement with
groundwater when surface water is scarce—primarily in the spring-summer
growing season and during droughts (Faunt 2009).
Groundwater withdrawals derive from the state’s 517 alluvial aquifer basins and
subbasins, shown in Figure 6. The California Statewide Groundwater Elevation
Monitoring (CASGEM) program implements basin prioritization, and published
its most recent results in 2014 (CADWR 2015). Per this assessment, 21 basins
(4% of state total) were listed as Critically Overdrafted, 21 (4.6%) were listed as
High Priority, and 78 (15%) were listed as Medium Priority by CA DWR
(CADWR 2016). This represents a significant change from 1980, in which 11
groundwater basins were identified as being subject to overdraft (CADWR 1980).
A list of overdrafted basins from 1980 and 2016 are provided in Table 1.
Table 1 List of Critically Overdrafted Basins, 1980 and 2016
1980
Santa Cruz-Pajaro
Cuyama Valley
Ventura County
Eastern San Joaquin County
Chowchilla
Madera
Kings
Kaweah
Tulare Lake
Tule
Kern County

2016
Pajaro
Cuyama Valley
Ventura County
Eastern San Joaquin
Chowchilla
Madera
Kings
Kaweah
Tulare Lake
Tule
Kern County
9

Oxnard Pleasant Valley
Merced
Delta-Mendota
Westside
Indian Wells Valley
Borrego Valley
Soquel Valley
180/400-Foot Aquifer
Paso Robles Area
Los Osos Valley

Overdraft in California’s aquifers has been well-documented over the past
century. Land subsidence related to overdraft began in the 1920s, and became a
widespread concern in the 1940s and 1950s (Poland, Lofgren et al. 1975, Faunt
2009). Approximately 13,500 km2 of irrigable land, half of the entire San Joaquin
Valley, suffered from widespread subsidence, leading to a maximum subsidence
of over 28 feet in 1972, 29 feet in 1972, and 29.7 feet in 1981 (Poland, Lofgren et
al. 1975, Ireland 1986). Historical and ongoing mitigation efforts to alleviate
subsidence and restore groundwater storage include surface water imports from
northern parts of the state; however, aquifer recharge and restoration has been
challenging given the recent successive droughts (Faunt, Sneed et al. 2015).
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Figure 6 Groundwater Sub-Basins of California Prioritized by the CASGEM
program (CADWR 2016)
1.4

Regional Drought History

Droughts are broadly defined as periods of prolonged dryness leading to water
deficits (Thomas, Famiglietti et al. 2017). In California, drought is a result of low
winter precipitation, caused by a wide variety of environmental forcings including
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El Nino-Southern Oscillation, atmospheric pressure anomalies, and changes in
atmospheric rivers and storm patterns (Griffin and Anchukaitis 2014).
Drought spells are recurrent in California. Significant historical statewide
droughts occurred during 1929–1934, 1976–1977, and 1987–1992 (CADWR
2015, McNabb 2017). During the 1987-1992 drought, statewide reservoir storage
decreased to approximately 40 percent of average by the third year of the drought,
and did not return to average conditions until 1994 (CADWR 2015). The drought
lead to idling of 500,000 acres of cropland (approximately 5% of 1988-level
harvested acreage), and a revenue loss of $470 million(CADWR 2015).
California has also faced two extreme droughts during the past decade—one
during 2007-2009, and another during 2012-2016 (CADWR 2015, McNabb
2017). These two droughts coincided with periods of record high temperatures as
well as record low precipitation across the state (McNabb 2017).
The 2007-2009 drought was historically less severe, with the Sacramento Basin
receiving 69-87% of average precipitation, and the San Joaquin Basin receiving
64-89% (Christian-Smith, Levy et al. 2011). Runoff was also exceedingly low, at
53% of average in 2007 and 65% of average in 2009 (Christian-Smith, Levy et al.
2011). Dry conditions and Delta water diversion restrictions to protect fish species
led to a statewide drought emergency being declared in June 2008 (ChristianSmith, Levy et al. 2011, CADWR 2015). This drought period also coincided with
an economic recession, leading to food banks and unemployment assistance being
implemented for the first time since the 1920s (CADWR 2015).
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2010 and 2011 provided a brief respite from extreme drought conditions.
However, this was followed by 2012-2014—the driest three-year period in terms
of statewide precipitation (CADWR 2015). As a response to reduced precipitation
and agricultural water supplies, a Drought Task Force was established in
December 2013, and a drought state of emergency was declared in January 2014.
The economic impact of the drought was estimated at $603 million, and the state
suffered a net water shortage of 0.7 million acre-feet (Medellín-Azuara, MacEwan
et al. 2016). Approximately 1 percent of all irrigated area in California was
fallowed during the 2016 drought year.
1.5

Agriculture and Groundwater Use

California is a global agricultural powerhouse. The state generates 13% of the
United States’ total commodities production and 12% of the country’s total crop
cash receipts, valued at over $47.1 billion in 2015 (CDFA 2016). Approximately
26% of California’s agricultural production by volume was exported in 2015 for a
revenue of $20.69 billion (CDFA 2016). Key export destinations include Canada,
the European Union, China, Japan, and Mexico, with almonds, pistachios, and
grapes as key export crops (CDFA 2016). Crops grown in California thus support
a truly complex and global food chain.
Many of these cash crops, especially nuts and fruits, require year-round irrigation.
Additionally, due to a winter precipitation cycle, irrigation is often necessary for
double- or triple-cropping. Thus, many farmers utilize groundwater to meet their
irrigation water demands. In 2010, 60.7% of total daily groundwater withdrawals
were utilized for irrigation (Brandt, Sneed et al. 2014). The proportion of
13

groundwater meeting the total water demand is also increasing. In 2005,
groundwater withdrawals accounted for 11 billion gallons per day (24%),
compared to 13 billion gallons per day (33%) in 2010 (Brandt, Sneed et al. 2014).
Thus, agriculture is the largest consumer of groundwater in the state of California,
and one of its largest revenue-generating sectors.
1.6

Historical Overview of California Water Law

California’s water law is one of the most complex legal systems in the world, and
is a combination of influences from indigenous, Spanish, Roman, and English
governance systems (Hanak, Lund et al. 2011, Grantham and Viers 2014).
Spanish colonization of the area established the first water rights system in the
area, mainly for pueblos and missions. However, these rights did not extend to
ranches and land grants, where agriculture eventually evolved (Hanak, Lund et al.
2011). The regional waterscape changed drastically with the discovery of gold in
the Sierra Nevada mountains in 1848, and the ensuing Gold Rush decade. This era
brought a swell of immigrants who established large cities in the new state of
California, as well as industrial gold miners who diverted waterways en masse for
gold mining in the Sierra Nevada (Faunt 2009, Hanak, Lund et al. 2011).
California’s water rights law can thus be defined by two major influences—the
pre-Gold Rush riparian system, and the Gold Rush appropriative system. The
riparian system is land-based, and provides riparian landowners access to water
from water bodies flowing on or near their property, for use on riparian lands
within the specific watershed. This right to water is shared by all riparian
landowners along the water body, and apportioned among all riparians based on
14

the principle of reasonable use, which requires all water users to minimize waste,
utilize their water rights with reasonable efficiency, and account for reasonable
demands of competing water users (Hanak, Lund et al. 2011, Grantham and Viers
2014, Garner 2016, McNabb 2017).
The riparian system is not effective for California’s landscape, where rivers are
geographically distant and arable land is often not located near adequate water
sources(Hanak, Lund et al. 2011). In these cases, the appropriative system
provides a more practical alternative. This system prescribes that the right to
water is based on final use, with no location-based restrictions. In times of
shortage, water under the appropriative system is apportioned based on “first in
time, first in right” (Hanak, Lund et al. 2011). As the population of California and
its agricultural sector grew, the appropriative system became the dominant form
of water rights in California with extensive irrigation networks and growing
municipal water demands(Hanak, Lund et al. 2011).
California recognizes both riparian and appropriative rights to water, with
riparians often having first claim to fulfil their water demands. It also recognizes
the principle of reasonable use for all water users, and allows this principle to be
evoked in conflicts between riparians and appropriators. California also integrates
the public trust doctrine, which preserves the public rights of navigation,
fishing, and recreation along the state’s rivers, lakes and beaches. The state is
designated as the protector of public trust resources, and it must take these uses
into account in water resource allocations (Hanak, Lund et al. 2011).
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1.6.1 Surface Water
As the Gold Rush ended and the agricultural sector expanded, several regions
self-organized into a decentralized system of local water management through
irrigation districts, reclamation districts, and municipal water authorities. Many of
these irrigation districts still play an active role in water allocations statewide.
This period was followed by what Hanak et al (2011) call the Hydraulic Era—
approximately 50 years of sustained federal support for large-scale water projects
to develop water resources for irrigation and long-term municipal water supplies
for major cities including Los Angeles, San Francisco, and Sacramento. The
largest of these projects included the Boulder Canyon Project, which connected
farms in Southern California to water from the Colorado River, and the Central
Valley Project, which provided irrigation supply for farmers in the Central Valley
with water from the Sierra Nevada and North Coast (Hanak, Lund et al. 2011,
McNabb 2017). All these projects established a vast network of dams, aqueducts,
hydroelectric plants, and reservoirs which transformed the natural hydrology of
California.
In 1914, the state passed the Water Commission Act, which established the
administrative framework for water rights enforcement through permits and
licenses. However, this act exempted enforcement of existing pueblo, riparian,
and groundwater rights, and ruled that only post-1914 appropriations fell under
the purview of the Water Commission. Thus, today, the State Water Resources
Control Board regulates less than half of the water used in California. The Board
also faces challenges of mis- and over-allocation of limited water supplies,
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thereby intensifying water conflicts and fostering uncertainty (Hanak, Lund et al.
2011, Grantham and Viers 2014, Garner 2016).
Present use of surface water resources is governed by the broad system discussed
above, as well as extensive litigation on conflicting riparian and appropriate rights
to water established since. Historical, current, and forecasted data on
precipitation, streamflow, reservoir levels, and snowpack are regularly published
by CADWR and publicly accessible on their website. These data, in conjunction
with annual Water Year Reports by CA DWR, quarterly Water Supply Outlooks
by NRCS, water use surveys and reports by USGS, and reports from municipal
water utilities, provide consumers extensive information about their water
availability and usage throughout the year.
1.6.2 Groundwater
Compared to surface water, California’s groundwater was unregulated until
recently. English common law established the rule of absolute ownership, in
which a landowner had the right to pump requisite water from the land overlying
an aquifer. This was known to be unsustainable even at the turn of the 20th
century, when the California Supreme Court established that landowners had a
right only to the underlying aquifer’s “safe yield—the quantity of water that could
be extracted without sustained lowering of the groundwater table” (Hanak, Lund
et al. 2011). The irrigation districts discussed above for surface water did not
address groundwater use, and imported surface water was seen as the solution to
the statewide problem of overdrafted aquifers. No state regulatory system like the
1914 Water Commission was established for groundwater, and the Hydraulic Era
17

resulted in vast quantities of surface water from various parts of the state being
available for irrigation primarily in the Central Valley in conjunction with
unregulated groundwater use.
Approximately a century after the establishment of the Water Commission,
California signed into law the Sustainable Groundwater Management Act
(SGMA) on September 16, 2014 (Government of California 2014). This law
requires governments and water agencies in high and medium priority
groundwater basins to implement measures to restore aquifer storage. Critically
overdrafted groundwater basins are expected to organize Groundwater
Sustainability Agencies (GSAs), and adopt a Groundwater Sustainability Plan
(GSP) by Jan 31, 2020. High and Medium priority basins are expected to adopt
GSPs by Jan 31, 2022 (Government of California 2014, Nelson and Perrone 2016,
MacEwan, Howitt et al. 2018). GSAs are thus tasked with allocating finite
groundwater supplies among varying users and uses, all while ensuring sufficient
aquifer recharge. GSPs must explicitly avoid or negate the significant and
unreasonable effects of: “lowering of groundwater elevations, reduction in
groundwater storage, salt water intrusion, water quality degradation, land
subsidence and negative effects on beneficial uses of interconnected surface
water” (Government of California 2014, MacEwan, Howitt et al. 2018). The
SGMA implementation timeline spans 20 years, with most basins expected to
achieve their sustainability goals by 2040.
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An important critique of the SGMA is its lengthy timeline for implementation
(Gurdak 2018). Given the recent droughts in California, prolonged periods of
extensive groundwater withdrawal may limit the success of GSPs.
1.6 Data-Driven Approaches to Groundwater Management
1.6.1 CASGEM Basin Prioritization
The CASGEM program most recently published its Basin Prioritization results in
2014. This prioritization method incorporates information on groundwater
reliance, and “focuses on basins producing greater than 90% of California's
annual groundwater” (CADWR 2015). Criteria for basin prioritization include:
overlying population, rate of current and projected population growth, number of
public supply wells and total wells that draw from the basin, irrigated acreage,
degree of reliance on basin as primary source of water, and existing overdraft
impacts such as subsidence, overdraft, and saline intrusion(CADWR 2014).
A key weakness of the current basin prioritization methodology is that its
assessment of irrigated acreage “includes acreage irrigated by either groundwater
or surface water” (CADWR 2014). The irrigated area value incorporated in
prioritization thus does not accurately represent the relationship between crops
grown in a specific sub-basin and the underlying aquifer’s water supply. The
following analysis aims to improve the spatial resolution for this particular metric,
thereby improving the existing CASGEM Basin Prioritization methodology.
1.6.2

Remote Sensing of Groundwater Depletion

Satellite imagery has been especially valuable in documenting drought impacts
and stressed groundwater resources. Earth observation data has helped improve
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global estimates of precipitation, temperature, NDVI, soil moisture,
evapotranspiration, and a host of other climatic and plant-specific metrics. Most
recently, the Gravity Recovery and Climate Experiment (GRACE) satellite has
allowed for tracking terrestrial water storage and groundwater conditions
(Scanlon, Longuevergne et al. 2012, AghaKouchak, Farahmand et al. 2015).
GRACE-derived anomalies in water storage has shed considerable light on
groundwater depletion in the Central Valley. Famiglietti et al (2011) use GRACE
data to estimate that the Sacramento and San Joaquin basins are losing water at a
rate of 31.0 ± 2.7 mm/year, which is extremely unsustainable (Famiglietti, Lo et
al. 2011). Comparisons of drought indices and streamflows also indicates that the
2012-2016 drought may have been the worst drought in the last 1200 years
(Griffin and Anchukaitis 2014, Thomas, Famiglietti et al. 2017). Remote sensing
thus provides a valuable means of assessing groundwater depletion, especially in
historically unmetered areas such as the Central Valley (Faunt 2009). Remotelysensed datasets and derived indices also help assess systematic effects of climate
change and environmental anomalies, and their effect on water supplies.
1.6.3

Groundwater Modeling

Aquifers are complex systems, and varied approaches are currently utilized to
evaluate the nexus of surface water, groundwater, and agriculture. Complex
regionally-specific models exist in hydrology, including the California Central
Valley Groundwater-Surface-Water Simulation Model (C2VSIM), the CA DWR
Integrated Water Flow Model, Water Resources Integrated Modeling System
(WRIMS), CalSim, and several others (Faunt 2009, Dogrul, Brush et al. 2016).
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However, many of these models are limited by the spatial resolution of
agricultural areas used in the analysis. For example, CV2Sim represents the
Central Valley as a finite element grid with an average cell size of 37 km2, and
CalSim divides the valley into groups of Demand Units (DUs) (Dogrul, Kadir et
al. 2016). While these simulation models are extremely useful for system-level
flow allocations and water management decisions, they do not provide sufficient
spatial resolution for crop- and sub-basin-specific analysis. The Central Valley
Hydrological Model curates a spatial database which provides key information on
aquifer-level land use, but this information is provided at the spatial resolution of
1 square mile (CWSC 2018). Thus, the spatial resolution of crop-level analysis
performed by existing models stands to be improved.
1.6.4

Agricultural Water Footprints

Crop water footprints have been established for almost a decade, primarily as an
extension of the virtual water concept. Virtual water is defined as all water
consumed in the production process of a good(Allan 1998). Hoekstra &
Champagne (2008) first expanded the idea of virtual water to create the water
footprint, which is defined as the quantity of fresh water consumptively used
throughout its production chain (Hoekstra and Chapagain 2006, M. M. Mekonnen
2010). Water Footprints are subdivided into:
•

Blue Water Footprint: surface or groundwater

•

Green Water Footprint: water from precipitation and in-situ soil moisture;
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•

Grey Water Footprint: water required to assimilate pollutants back into
water bodies to meet environmental standards (Mekonnen and Hoekstra
2011)

Water footprints have since been studied further, primarily to analyze patterns in
virtual water transfers. This concept is important to our understanding of global
supply chains; however, it has been met with some criticism. Such criticisms
include concerns that virtual water accounting and water footprints fail to provide
economic information about heterogeneous water resources, lack environmental
context, and fail to frame food and water security as a complex multifaceted issue
of sometimes conflicting local, national, and international priorities (Kumar and
Singh 2005, Ridoutt and Huang 2012, Gawel and Bernsen 2013). Gawel and
Bernsen (2013) also argue that the concept of a water footprint fails to account for
the opportunity costs of water use, the spatial heterogeneity in resource use,
extraction, and mitigation, and the most valuable alternate use of water (Gawel
and Bernsen 2013). However, the conceptual utility of the water footprint remains
valuable, and the concept has been incorporated in frameworks for water resource
planning around the world, including California (Hoekstra, Mekonnen et al. 2012,
Fulton, Cooley et al. 2014).
The spatial extent of water footprint analysis is also evolving. Early literature in
this domain most frequently calculated water footprints at the country level, as a
result of the domain and because most trade and economic data are reported at
this level (Fulton, Cooley et al. 2014). However, localized analyses have been
implemented at subnational and urban scales to elucidate localized virtual water
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flows (Dietzenbacher and Velázquez 2007, Verma, Kampman et al. 2009,
Cazcarro, Duarte et al. 2015, Dang, Lin et al. 2015, Paterson, Rushforth et al.
2015). Dang et al (2014) estimate that the US food trade involves 51% of the
global virtual water trade, with 317 billion m3 of water driven primarily by a
group of seven US states. Analyses specific to California have also been
successfully implemented in the past five years (Fulton, Cooley et al. 2012,
Mubako, Lahiri et al. 2013, Mubako and Lant 2013, Fulton, Cooley et al. 2014,
Marston and Konar 2017), suggesting that the idea of water footprints is relevant
to water resource planners in the region. Fulton et al (2014) report that
California’s statewide water footprint in 2007 was 55 km3 of green water, 24 km3
of blue water, and 51 km3 of grey water. This analysis also highlighted that over
50% of California’s blue water resources are used to produce goods that are
consumed outside of the state’s borders, highlighting the global supply chain
supported by this land (Fulton, Cooley et al. 2012).
Scaling global analyses to local scales comes with caveats. Mekonnen &
Hoekstra’s subnational crop water footprint dataset was validated using aggregate
FAO global crop production and value fraction statistics, which poses a
methodological challenge to localized applications (Mekonnen and Hoekstra
2011). While the climatological data utilized by Mekonnen & Hoekstra may be
location-specific, the validation statistics may not be sufficient or representative
for geospatial analysis at the state level.
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1.7 Need for Synthesis
Various agencies are tasked with monitoring, evaluating, and conserving
groundwater resources in the state; however, the measures, metrics, and
methodologies utilized by each of these entities is disparate, and these metrics are
not harmonized across the state. Available data often requires extensive
knowledge of environmental engineering and geospatial methods for analysis, and
is usually only incorporated in complex systems models. Alternatively, simplified
and accessible modeling results are often part of proprietary products and
consulting services, which are of course behind a paywall and not freely
accessible. Public-facing spatially and temporally explicit data is extremely
limited, thereby limiting understanding of agricultural impacts on groundwater
basins and sub-basins. Furthermore, the impact of individual crops and their
relative value on groundwater withdrawal—a critical topic given California’s vast
agricultural sector—has not yet been studied in great detail. Few studies have
successfully harmonized statewide cropping data within groundwater basin
boundaries to assess the gross value of agriculture at the basin scale, and even in
these studies, the link between crop water needs and groundwater usage is
missing (MacEwan, Cayar et al. 2017, MacEwan, Howitt et al. 2018). This
understanding is especially significant as the state prioritizes conservation of its
groundwater resources in the upcoming decades.
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1.8 Specific Aims of This Study
This study aims to address the needs outlined
above by:
•

Developing a methodology to link datasets
on crop identity, location, water footprint,
and value;

•

Figure 7 The Valuation Process
Unites Data from Groundwater,
Compiling a spatial dataset which provides Agriculture, and Economics

crop-specific irrigation water demand by
location, sub-basin, county, and water source;
•

Illustrating the utility of this dataset through a specific case study of the
Delta-Mendota sub-basin; and

•

Informing the CASGEM groundwater basin prioritization methodology and
future groundwater conservation efforts under SGMA.
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2

DATA COMPILATION

The following sections provide a detailed description of each datasets used in
subsequent analysis. Our study period is limited by the available data to the years
2007-2016. The analysis also involves multiple levels of spatial aggregation,
including groundwater sub-basin, county, and cropping area. This chapter ends
with a summary of key spatial and temporal properties of each dataset.
2.1

Groundwater Sub-Basin Boundaries

The most recent shapefile of groundwater sub-basin boundaries was published as
part of the 2016 Bulletin 118 update by the California Department of Water
Resources(CADWR). This data is published as part of the California Statewide
Groundwater Elevation Monitoring (CASGEM) Program, which has recorded
groundwater elevation and recharge since 2009.
2.2

County and State Boundaries

County and state boundary shapefiles were derived from the United States Census
Bureau (Bureau 2017) for the year 2017.
2.3

Crop Locations and Identity

USDA NASS publishes the Cropland Data Layer, better known as Cropscape.
This dataset provides crop and other specific land cover classifications derived
from remote sensing data for the conterminous United States (USDA-NASS
2007-2017, Han, Yang et al. 2012). Cropscape is annually updated, and provides
annual raster identifying over 100 unique crops. For the study period of 20082017, a product resolution of 30 m x 30 m was utilized. For 2007, a product
resolution of 56 m x 56 m was utilized.
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2.4

Crop Value and Yield

USDA NASS’s California Field Office publishes its County Agricultural
Commissioners’ datasets annually. This dataset provides key crop production and
crop value metrics, including the following variables: Harvested Acreage (ac),
Yield Fraction (tons/acre), Total Production (tons), Price per Unit ($/ton), and
Total Value ($) of each crop and crop-derived product at the county level.
2.5

Commodity-Based Producer Price Index

The US Bureau of Labor Statistics publishes the Commodity-Based Producer
Price Index series for farm products (BLS 2018). Monthly data for the study
period were averaged for an annual price estimate, and divided by the 2016 price
for an estimate of the average annual inflation ratios.
2.6

Irrigated Areas

Two rasters of irrigated pixels in the US were derived from the Moderate
Resolution Imaging Spectroradiometer (MODIS) Irrigated Agriculture Dataset for
the United States (MIrAD-US) dataset (Pervez and Brown 2010, Brown and
Pervez 2014, Jesslyn F.Brown 2014). This dataset provides a 250 m x 250 m
raster indicating whether a pixel is irrigated (1) or not (0). MIrAD-US data is
available for the years 2002, 2007, and 2012, corresponding to years in which the
US Census of Agriculture was conducted. Only the 2007 and 2012 MIrAD-US
rasters were utilized in this study.
2.7

Crop Water Footprint

Two agricultural water footprints for crops are studied in this analysis. The first
dataset derives from seminal work on geographically-specific water footprints of
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various crops by Mekonnen & Hoekstra (M. M. Mekonnen 2010, Mekonnen and
Hoekstra 2011). This dataset provides water footprints for each crop and cropderived product at the 2nd degree administrative level globally. These footprints
are defined as:
•

Green Water Footprint: water from precipitation stored in the root zone
of the soil and evaporated, transpired or incorporated by plants;

•

Blue Water Footprint: surface or groundwater that is either evaporated,
incorporated into a product or circulated between bodies of water;

•

Grey Water Footprint: the amount of fresh water required to assimilate
pollutants to meet specific water quality standards

In this study, only the blue water footprint is utilized, to appropriately characterize
agricultural water consumption.
Mekonnen & Hoekstra’s subnational dataset provides the water footprint based on
total production of a crop in m3/ton. Conceptually, this blue water requirement
represents the “areal flux of water needed for a crop to grow optimally” (Esnault,
Gleeson et al. 2014). This term does not capture water lost due to irrigation
inefficiency, which is deemed highly spatially variant and outside the scope of the
current analysis.
The blue water footprint is likely not representative of the total water required to
produce a crop. In effect, water is applied to a larger land area to grow the crop,
including byproducts and plant mass which may not be as valuable as the primary
crop. Additionally, since the Mekonnen & Hoekstra dataset is validated using
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national FAOSTAT data, the accuracy of subnational water footprint data is
uncertain.
Thus, a localized, area-based crop water footprint was analyzed. The Agricultural
Land & Water Use Estimates dataset published by the CA DWR provides an areanormalized assessment of crop water use in acre-feet/acre at the county level for
1998-2010 (Caliornia Department of Water Resources 2010). Our analysis utilizes
the 2007-2010 datasets, with the 2010 data extrapolated to 2011-2016. This
dataset is hypothesized to be a more representative, and likely more liberal,
estimate of the overall water footprint compared to Mekonnen & Hoekstra’s
statewide average.
2.8

Water Withdrawal Fraction by Source Type

The final dataset used in this analysis helps determine the average percentage of
water withdrawals sourced from groundwater and surface water supplies. This
dataset derives from the USGS National Water Use Science Project (Brandt,
Sneed et al. 2014), which publishes the county-level percentage of crop-related
irrigation water withdrawals sourced from surface water and groundwater. This
analysis incorporates data from the 2005 and 2010 water use reports. Preliminary
data from 2015 unfortunately does not yet include tabulations for irrigated
withdrawals—therefore, this report was not considered in this analysis. The 2005
and 2010 irrigation fraction was used to allocate calculated surface water and
groundwater flows for the years 2007-2013 (Kenny, Barber et al. 2005, Brandt,
Sneed et al. 2014, Dieter, Linsey et al. 2017).
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2.9

Summary

A summary of all data and their properties are in Table 2 below.
Table 2 Datasets and their Properties
No.

Dataset

1
2

Groundwater Sub-Basin
Boundaries
County Boundaries

3

State Boundaries

4

CropScape

5

Irrigated Areas

6
7

County Crop Statistics
Producer Price Index by
Farm of Key
Commodities
Withdrawal Fraction by
Water Source
Crop Water Footprint [1]
Crop Water Footprint [2]

8
9
10

Data
Spatial
Type
Resolution
Spatial; Sub-Basin
Polygons
Spatial;
County
Polygons
Spatial;
State
Polygons
Spatial;
30 m
Raster
Spatial;
250 m
Raster
Tabular
County
Tabular
USA

Temporal
Availability
2016

Tabular

County

2005, 2010

Tabular
Tabular

State
County

2005
2005-2010

30

Current
Current
2007-2017
2007, 2012
2008-2016
2007-2017

3

METHODOLOGY

This chapter begins with a conceptual framework for the analysis, which develops
the notation to characterize a sub-basin-level, crop-specific water footprint and
value. A flowchart of the analytical process is presented in Figure 8 as an
overview of this section, and the following sections describe each process in
further detail. All analysis was conducted in R and RStudio, using dplyr,
tabulizer, sp, rgdal, ggplot2, stringr, and reshape2 packages (Pebesma and Bivand
2005, Wickham 2007, Wickham 2009, Team 2015, Team 2016, Bivand, Keitt et
al. 2017, Wickham, Francois et al. 2017, Wickham 2018). ArcMap 10.6 was also
utilized for geospatial processing (ESRI 2018).

Figure 8 Analytical Methodology
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3.1

Conceptual Framework

We begin with the definition of a spatial extent and unit of analysis. The available
datasets for this study define three unique spatial extents—county, groundwater
basin, and groundwater sub-basin. The county and the sub-basin are the smallest
unique units of analysis—thus, our unit of analysis is a spatial intersection of all
features in these shapefiles. The intersected extent is represented by IC  SB, where
C represents County and SB represents Sub-Basins. A unique feature in IC  SB is
represented by iC,SB. Areas not included in either C or SB spatial extent are
ignored in this analysis.
The Cropscape raster for a year (CDLy), is first defined as irrigated and
unirrigated based on a representative MIrAD raster.
𝐶𝐷𝐿𝑦 ∗ 𝑀𝐼𝑟𝐴𝐷2007|2009=1 = 𝐶𝐷𝐿𝑖𝑟𝑟,𝑦
𝐶𝐷𝐿𝑦 ∗ 𝑀𝐼𝑟𝐴𝐷2007|2009=0 = 𝐶𝐷𝐿𝑢𝑛𝑖𝑟𝑟,𝑦

(1)

Each CDLy layer is a collection of pixel-level crop identity information, identified
from here onwards as c. For the purposes of this analysis, no distinction is made
between planted area and harvested area, although this distinction is practically
important (Esnault, Gleeson et al. 2014).
The irrigated and unirrigated Cropscape rasters can then be aggregated over the
intersected feature extent to obtain the crop-specific area ac in a specific feature i.
∑𝑖 𝐶𝐷𝐿𝑖𝑟𝑟,𝑦,𝑐 = 𝑎𝑖𝑟𝑟,𝑦,𝑐,𝑖

∑𝑖 𝐶𝐷𝐿𝑢𝑛𝑖𝑟𝑟,𝑦,𝑐 = 𝑎𝑢𝑛𝑖𝑟𝑟,𝑦,𝑐,𝑖
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(2)

Now we introduce the county-level crop production and yield information
produced by USDA NASS. Each feature i is associated with a county and a
subbasin, and can be described as iC,SB. Aggregating each ay,c,iC,SB over the spatial
extent of a County allows us to extract crop yield (Y), production (P), and value
(V). The following equations outline the calculation for irrigated areas, but are
repeated over unirrigated areas as well in this analysis.
∑𝐶 𝑎𝑖𝑟𝑟,𝑦,𝑐,𝑖𝐶,𝑆𝐵 ∗
𝑃𝑖𝑟𝑟,𝑦,𝑐,𝐶 𝑡𝑜𝑛𝑠 ∗

𝑌𝑦,𝑐,𝐶 𝑡𝑜𝑛𝑠
𝑎𝑐𝑟𝑒
𝑉𝑦,𝑐,𝐶 𝑈𝑆𝐷
𝑡𝑜𝑛

= 𝑃𝑖𝑟𝑟,𝑦,𝑐,𝑖𝐶,𝑆𝐵 𝑡𝑜𝑛𝑠

(3)

= 𝑉𝑖𝑟𝑟,𝑦,𝑐,𝑖𝐶,𝑆𝐵 𝑈𝑆𝐷

(4)

(3) and (4) can be repeated for unirrigated areas to obtain production and value of
unirrigated areas. 𝑉𝑖𝑟𝑟,𝑦,𝑐,𝑖𝐶,𝑆𝐵 can be aggregated over the spatial extent of a
county, sub-basin, or an aggregate groundwater basin. In the current analysis,
these values are normalized by the area of the spatial extent of aggregation for
appropriate comparison across counties and sub-basins.
(2) and (3) facilitate the calculation of the crop water footprint (WFc). Mekonnen
& Hoekstra’s volumetric water footprint can be calculated by:
𝑃𝑖𝑟𝑟,𝑦,𝑐,𝑖𝐶,𝑆𝐵 𝑡𝑜𝑛𝑠 ∗

𝑊𝐹𝑀𝐻,𝑐
𝑡𝑜𝑛

= 𝑊𝐹𝑀𝐻,𝑖𝑟𝑟,𝑦,𝑐,𝑖𝐶,𝑆𝐵

(5)

CA DWR’s Agricultural Land and Water Use program’s area-normalized crop
water footprint can be calculated by:
𝑎𝑖𝑟𝑟,𝑦,𝑐,𝑖𝐶,𝑆𝐵 ∗

𝑊𝐹𝐴𝐿𝑊𝑈,𝑐,𝐶
𝑎𝑐𝑟𝑒

= 𝑊𝐹𝐴𝑊𝐿𝑈𝐸,𝑖𝑟𝑟,𝑦,𝑐,𝑖𝐶,𝑆𝐵
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(5)

Finally, the contribution of surface water (fSW) and groundwater (fGW) to each
water footprint is estimated from county-level irrigation withdrawal statistics.
𝑊𝐹𝑖𝑟𝑟,𝑦,𝑐,𝑖𝐶,𝑆𝐵 ∗ 𝑓𝐺𝑊,𝐶 = 𝑊𝐹𝑖𝑟𝑟,𝑦,𝑐,𝑖𝐶,𝑆𝐵 ,𝐺𝑊
3.2

(6)

Verification of Cropscape Data

Area calculations of spatially variant crops is the basis of this analysis. Therefore,
a highly accurate Cropland Data Layer is imperative to understand crop type
distributions in space, and track trends over time. The goal of this verification step
is to identify crops that are consistently correctly classified in the Cropland Data
Layer, and use this subset of crops to build further analysis.
Metadata associated with the Cropscape dataset provides extensive information to
assess the validity of the raster product output. Metadata for California for 20072017 provides information about producer’s accuracy, user’s accuracy, and
omission and commission errors. The Producer’s Accuracy reflects the probability
that a ground truth pixel will be correctly mapped, and the User’s Accuracy
indicates the probability that a pixel from the CDL classification actually matches
the ground truth data. Since we are interested in the latter metric, User’s Accuracy
was manually compiled and matched for each cropland category over the study
period (Congalton and Green. 2008, NASS 2017). The complete crosswalk table,
included in Supplementary Materials, provides the rules used to harmonize the
Cropscape dataset with several other data sources used in this analysis.
It is important to note that the classification categories vary during the study
period. There are long periods of absence for crops such as sunflower, mustard,
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and turnips are only detected in less than three years of the study period. To
identify crops for meaningful inclusion in this study, arbitrary thresholds were
selected. These criteria were:
1. Detection for at least four years during the study period; and
2. User’s Accuracy of 0.60 for at least 50% of the detected years.
This threshold is arbitrary, and presents a “slightly better than random”
probability of correct classification. Detection for at least four years serves a dual
purpose—limiting the analytical scope to meaningful and consistently-grown
crops, and ensuring the ability to observe trends at various temporal and spatial
scales.
3.3

Boundary Intersection

First, the county boundaries and the CASGEM groundwater sub-basins shapefiles
were intersected using ArcGIS 10.6(2018). This creates a shapefile including
boundaries from both layers. This shapefile was projected to the USA Contiguous
Albers Equal Area Conic projection, and a unique ID field was assigned to each
feature in this shapefile. The area of each feature in this shapefile was also
calculated.
3.4

Cropscape Data Processing

The 2007 Cropland Data Layer raster has a resolution of 56 m x 56 m. This layer
was resampled to 30 m x 30 m resolution using the Majority algorithm. Cropland
layers for the other years were used in native resolution of 30 m x 30 m.
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3.5

Irrigated and Unirrigated Subsets

The MIrAD-US rasters for 2007 and 2012 were resampled from their original
resolution (250m) to match the resolution of the Cropscape layers (30m), and
projected to the USA Contiguous Albers Equal Area Conic projection. Each
MIrAD raster was then reclassified to create Irrigated and Unirrigated rasters for
2007 and 2012, where 1 = TRUE and 0 = FALSE.
The 2007 MIrAD-US irrigated pixels raster was utilized to subset Cropscape
layers for the years 2008-2010. The 2012 MIrAD-US irrigated pixels raster was
utilized to subset Cropscape layers for 2011-2016. Due to the five-year cycle for
US Agricultural Census, from which MIrAD-US raster is produced, the 2017
update is not expected to be published until 2019.
3.6

Tabulate Area

For each irrigated and unirrigated crop layer, the ArcGIS Tabulate Area command
was used to calculate total raster area of each crop for each specific feature extent
in the Boundary Intersection shapefile.
3.7

Yield & Value Calculation

County crop statistics for the study period contain tabular information regarding
Harvested Acreage (ac), Yield Fraction (tons/ac), Total Production (tons), Price
per Unit ($/ton), and Total Value ($) of each crop and crop-derived product at the
county level. However, the definition of crop and crop-derived products vary
between this dataset and the Cropscape dataset. Thus, a Crosswalk table was
manually constructed between these datasets to match Cropscape crop definitions
with county crop statistics crop and crop product definitions.
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Cropscape product definitions are broader than county crop statistics definitions,
which subdivide each crop into crop-derived products with different yield and
value metrics for each. For example, Cropscape provides a broad category of
“Cotton”, whereas the County Crop Statistics dataset provides: “Cotton Lint
Pima”, “Cotton Lint Unspecified”, “Cotton Lint Upland”, “Cotton Seed Planting”,
and “Cottonseed”; each of which has a different Harvested Acreage, Yields, Total
Production, Price per Unit, and Total Value for each subdivision. The Crosswalk
matches the Cropscape crop to the appropriate County Crop Statistics crops by
year. For each feature in the Boundary Intersection shapefile, each calculated crop
area was split by the area fraction in the County Crop Statistics dataset.
3.8

Inflation Adjustment

The study period of 10 years includes the global financial crisis of 2007-2008, and
a period of high variability in commodity values during the recovery period.
Therefore, inflation adjustment for each crop is especially important in comparing
values over time. This inflation adjustment was performed for each crop using
Producer Price Index by Farm data from the Bureau of Labor Statistics (BLS
2018). All values were adjusted for inflation to 2017 real dollars.
3.9
3.9.1

Crop Water Footprint Calculation
Mekonnen & Hoekstra’s Crop Water Footprint

Mekonnen and Hoekstra’s Crop Water Footprint dataset provides green, blue, and
grey water consumption in cubic meters per ton of each crop (Mekonnen and
Hoekstra 2011). This blue water footprint is considered the “areal flux of blue
water needed for a crop to grow optimally” (Mekonnen and Hoekstra 2011). This
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dataset is especially valuable as it provides water footprint calculations at the
second order administrative level resolution. In the following calculations, we
utilize a California subset of the Mekonnen & Hoekstra (2011) global dataset.
Like the County Crop Statistics data, the water footprint dataset utilizes crop
definitions consistent with the FAO and the United Nations’ Standard
International Trade Classification (SITC) system. Thus, the aforementioned
Crosswalk was expanded to include another field harmonizing the crop definitions
across all Cropscape, County Crop Statistics, and now the Water Footprint
datasets.
3.9.2

DWR Agriculture & Land Use Water Footprint

Water footprints of each crop varies by county and crop type, and the CA DWR’s
Agricultural Land and Water Use Estimates dataset provides a localized dataset of
irrigated area by crop(Caliornia Department of Water Resources 2010). To utilize
this information, the aforementioned Crosswalk was expanded to include another
field harmonizing the crop definitions across the Cropscape and the Agriculture
and Land Use dataset. Then, the calculated crop area was multiplied by the
appropriate water footprint value to obtain a total water footprint.
3.9.3

Irrigated Area Fraction

All calculated total water footprints were multiplied by the irrigated area fraction
to derive the ratio of groundwater and surface water utilized to irrigate the
specific area. Since only 2005 and 2010 data was available at the time of
publication, 2005 irrigated fraction was utilized for years 2007:2009, and 2010
irrigated fraction was utilized for 2010:2017.
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3.10

County, Sub-basin, & Crop-Level Summaries

Since this approach involves multiple levels of spatial aggregation, all
calculations are reported for each relevant spatial extent.
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4

RESULTS

This chapter provides highlights from the developed analysis at sub-basin and
crop scales. First, a list of crops meeting the criteria outlined in Section 4.4 are
presented. Then, an overview of state-wide results is presented at varying levels
of spatial aggregation. This chapter concludes with a case study of crop-level
trends in the San Joaquin Valley Delta-Mendota sub-basin.
4.1

Crops Included in the Study

Table 3 provides a list of crops which meet the criteria outlined in Section 3.2.
Only these crops were studied in this analysis. The spatial and temporal trends in
these crops are studied further in Section 4.4.
Table 3 List of Crops Meeting Criteria Outlined in 4.1 and Included in Study
Corn
Mint
Winter Wheat
Other Hay/NonAlfalfa
Other Crops

Cotton
Barley
Rye
Sugarbeets

Rice
Durum Wheat
Safflower
Dry Beans

Spring Wheat
Alfalfa
Potatoes
Tomatoes

Sweet Potatoes

Onions

Herbs
Cherries
Citrus
Wetlands
Asparagus
Oranges
Plums
Double Crop
Lettuce & Cotton

Clover/Wildflowers
Apples
Aquaculture
Pistachios
Garlic
Honeydew Melons
Strawberries
Double Crop
Winter Wheat &
Corn

Sod/Grass Seed
Grapes
Almonds
Triticale
Cantaloupes
Peppers
Sunflowers
Double Crop
Oats & Corn

Fallow/Idle
Cropland
Other Tree Crops
Walnuts
Carrots
Olives
Pomegranates
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4.2

Sub-Basin Level Results

Figure 9 provides a closer look at the spatial distribution of total and normalized
value of irrigated and unirrigated crops. While (A) indicates that the Kern County
subbasin has the highest overall value of irrigated crops, normalizing these results
by sub-basin area as shown in (B) indicates that the Tracy and Delta-Mendota
subbasins in fact provides the most valuable share of irrigated crops. Similarly,
while the Kings County sub-basin in the San Joaquin Valley is the most profitable
irrigated sub-basin (C), in fact the Colusa sub-basin in the Sacramento Valley
provides the most valuable unirrigated crops (D).
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Figure 9 Total and Normalized Value of Irrigated and Unirrigated Areas by Subbasin, 2016
Table 4 provides the top 10 most valuable sub-basins for 2016, and their areanormalized value.
Table 4 Top 10 Most Valuable Sub-basins in California by Normalized Value,
2016
BASIN

SUBBASIN
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NORMALIZED VALUE
(1000 USD/ACRE)

San Joaquin Valley
San Joaquin Valley
Napa-Sonoma Valley
San Joaquin Valley
Sacramento Valley
Santa Rosa Valley
Napa-Sonoma Valley
Sacramento Valley
San Joaquin Valley
Sacramento Valley

Tule
Delta-Mendota
Napa Valley
Kings
Colusa
Healdsburg Area
Napa-Sonoma Lowlands
West Butte
Chowchilla
Vina

11.024
9.176
8.716
6.933
5.791
5.728
5.148
5.116
4.511
4.373

The value generated by these sub-basins has varied over time. As can be seen in
Figure 10, most sub-basins experience a sharp increase in generated value during
drought years. In fact, Delta-Mendota, East Butte, and Kings sub-basins saw
record high revenues in 2014, at the height of the recent drought. Most counties
were also able to sustain their profits during, and after, the 2007-2009 drought.

Figure 10 Smoothed Trends in Normalized Value for 10 Most Valuable Subbasins

Table 5 provides the top 10 most water-intensive sub-basins based on 2016 data,
and their area-normalized water footprints based on both the DWR Agricultural
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Land & Water Use dataset and Mekonnen & Hoekstra’s crop water footprint
database. The Mekonnen & Hoekstra global dataset consistently provides a lower
estimate of the water footprint compared to the DWR dataset, which is considered
more locally representative.
Table 5 Water Footprints of the 10 Most Water-Intensive Sub-basins for 2016

BASIN

SUBBASIN

Normalized
Water Footprint
(million gal/acre)
Source:
CA-DWR

San Joaquin Valley
Sacramento Valley
Sacramento Valley
San Joaquin Valley
San Joaquin Valley
Sacramento Valley
Sacramento Valley
San Joaquin Valley
Sacramento Valley
Palo Verde Valley
Sacramento Valley
Sacramento Valley

Delta Mendota
North American
East Butte
Tule
Kings
West Butte
Colusa
Tracy
Sutter
Paso Verde Valley
North Yuba
South Yuba

3.23
3.14
2.64
2.58
2.49
2.20
2.13
2.10
1.94
1.86
1.36
1.08

Normalized Water
Footprint
(million gal/acre)
Source:
Mekonnen &
Hoekstra, 2011

1.34
1.24
1.86
0.85
1.03
2.40
0.92
1.03
0.86
0.15
1.70
1.01

Trends in water footprints have also changed over time. As can be seen in Figure
11, the 2007-2009 drought severely impacted the highly profitable DeltaMendota, Kings, Chowchilla, and Tulare Lake sub-basins. These sub-basins
became relatively stable in 2009, and have not displayed extensive variability in
water footprints since. However, Colusa, North American, and East Butte
subbasins—all part of the Sacramento Valley aquifer basin—show a downward
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trend in agricultural water footprints, with slightly higher inter-annual variability
in water footprints.

Figure 11 Smoothed Trends in Normalized Water Footprints for Most WaterIntensive Sub-basins
The distribution of water footprint by withdrawal source (surface water vs.
groundwater) sheds further light on water use patterns within four of the most
water-intensive sub-basins from Figure 11. The top row presents two sub-basins
from the Sacramento Valley basin system, whereas the bottom row presents two
sub-basins from the San Joaquin valley aquifer system. It can be seen that
groundwater and surface water withdrawals remain relatively stable in the
Sacramento Valley basin throughout the study period. However, the water
footprint of the San Joaquin Valley sub-basins falls precipitously in 2008, for a
sharp recovery in 2009. While the water footprint curve does seem elastic, high
frequency of such variability is not expected to be sustainable for these systems.
This variability also illustrates the challenge of water resources management
during drought periods.
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The extent of analysis presented in Figure 12 is limited by the available data.
Given that irrigation fraction information is only available for 2005 and 2010,
extrapolating beyond 2013 using 2010 data, especially during a drought year, is
not recommended. These figures will be updated with new information in the
upcoming year, including data from the 2017 County Crop Statistics and the 2015
USGS Water Use Data for the Nation. The elasticity of these curves during the
2012-2016 drought thus remains to be analyzed.

Figure 12 Normalized Water Footprint for Colusa and West Butte Sub-basins
(part of Sacramento Valley Basin), and Delta-Mendota and Kings Sub-basins
(part of the San Joaquin Valley Basin), 2007-2013
4.3

County Level Results

Figure 13 provides a map of the most profitable and water-intensive counties. We
conclude that most counties in the San Joaquin Valley basin system are both
extremely profitable, and have disproportionately high water footprints.
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Figure 13 Total and Normalized Value of Irrigated and Unirrigated Areas by County,
2016

As expected, most counties with significant area in the Napa-Sonoma, San
Joaquin, and Sacramento Valley areas are extremely valuable.
Table 6 Most Profitable Counties by Normalized Value, 2016

County
Sonoma
Napa
Kern
Madera
Butte
San Joaquin

Normalized Value
(1000 USD/ac)
23.27
16.02
12.95
10.73
10.16
8.02
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Stanislaus
Glenn
Fresno
Merced

7.96
7.86
7.66
7.00

Figure 14 provides a look at the trends in historically profitable counties. This
comparison indicates that normalized value at the county level followed an
increasing trend, with a short stall in 2009. Since then, most counties have
recovered, and the normalized value of agricultural products peaked in 2014, at
the height of the 2012-2016 drought. Normalized value has dropped since then
across all counties, indicating a potential drought effect.

Figure 14 Smoothed Trends in Normalized Value for 10 Most Valuable Counties

Table 7 provides a list of most water-intensive counties per both water footprint
datasets used in this analysis. Temporal trends in historically water-intensive
counties can be observed in. A pronounced effect is visible at the county scale in
2008, from which most counties have recovered and stabilized in years since.
Sutter County is an interesting outlier in this pattern, with a declining trend in
water use over time and a historic low in 2014. Sutter County is home to portions
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of Colusa, East Butte, West Butte, North American, Yuba, and Sutter subbasins—portions of whose impacts are observed in Figure 12 above.
Table 7 Normalized Water Footprint for Most Water-Intensive Counties, 2016

Fresno
Madera
Sutter
San Joaquin
Kings
Tulare
Butte
Colusa
Siskiyou
Glenn
Yuba
Yolo

Normalized Water
Footprint
(million gal/acre)
Source: CA-DWR
4.0
3.6
3.4
3.4
3.2
3.0
2.9
2.7
2.5
2.2
2.1
2.0

Normalized Water Footprint
(million gal/acre)
Source: Mekonnen &
Hoekstra, 2011
1.6
1.5
2.5
1.9
1.4
1.2
2.6
2.0
0.3
2.0
1.9
1.4

Figure 15 Smoothed Trends in Normalized Water Footprints for Most Water-Intensive
Counties
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4.4

Crop Level Results

The total value and water footprint of crop portfolios in all groundwater basins are
shown in Figure 16 and Figure 17 respectively. Almonds, Alfalfa, Corn, Cotton,
and Grapes are the most valuable, and the most water-intensive. They are grown
disproportionately in irrigated areas, and their value peaked in 2014, during the
recent drought. This value has since decreased across most crop categories except
Grapes and Cotton. Figure 17 indicates the devastating impact of the 2008 crop
year, which severely decreased acreage of specifically Alfalfa and Almonds. We
can hypothesize that prices increased as supplies decreased, leading to peak
revenue for almonds and alfalfa during drought periods.

Figure 16 Total Value of Most Valuable Crops, 2007-2016
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Figure 17 Total Water Footprint of Most Water-Intensive Crops, 2007-2016

4.5

Case Study: Delta-Mendota Sub-Basin, San Joaquin Valley

Figure 10 and Figure 12 hint at the wide variability in water footprint and value
observed in the Delta-Mendota Subbasin. This sub-basin is part of the San
Joaquin Valley, and it has been able to recover from the drastic water impact of
the 2008 crop year for an extremely valuable 2014. A summary of the sub-basin
crop portfolio and total value of key crops is provided in Figure 18 and Figure 19.
We can see that irrigation enables growth of higher-value, more water-intensive
crops, such as alfalfa, almonds, and cotton.
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Figure 18 Total Area of Key Crops in the Delta-Mendota Subbasin

Figure 19 Total Value of Key Crops in the Delta-Mendota Sub-Basin
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Figure 20 and Figure 21 provide an interesting anomaly for further analysis—the
drastic drop in the 2008 water footprint. As seen in Figure 21, the 2008 crop water
footprint consisted primarily of irrigated alfalfa and a far smaller proportion of
almonds and walnuts than the year before. This period also coincided with key
legislation passed to protect fish habitats in the delta, resulting in lowered water
diversions in the sub-basin (Christian-Smith, Levy et al. 2011). However, this
scale of impact and recovery seen in the graph is physically impossible. This
points to an important limitation of the CropScape subset criteria, which is that
not all crops are considered in the final analysis, leading to potential valuation
errors such as the one seen in Figure 20. The sharp downward spike could also be
caused by farmers deciding to fallow vast swaths of land, or grow an intermediate
crop to sustain the drought which was not as economically valuable. Since this
graph only presents the top historically most water-intensive crops, perhaps a
significant crop which would explain the 2008 trend was excluded from the
analysis. Thus, a more robust assessment of crop area and accuracy of Cropscape
rasters must be performed before this dataset can be widely adapted for use.

53

Figure 20 Total Water Footprint of Key Crops in the Delta-Mendota Sub-Basin

Figure 21 Water Footprint of Key Crops in the Delta-Mendota Sub-Basin in 2008
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5

DISCUSSION

This chapter begins with a discussion of the limitations of this approach to
assessing crop water footprints and value. This assessment is followed by
validation of the water footprint source data, county-level harvested acreage, and
the CASGEM Basin Prioritization published by the CA DWR in 2016. Crop
water demands, which are currently not incorporated in the CASGEM Basin
Prioritization methodology, play an important role in reshaping local agricultural
decisions, which in turn affect groundwater pumping for irrigation.
5.1

Limitations

This study represents the first attempt at synthesizing the aforementioned datasets
to derive a monetary value for irrigation water at the sub-basin scale. However,
this approach currently faces several limitations, many of which can be improved
in future iterations of this analysis.
Data Source Limitations
The choice of datasets in this analysis poses an important limitation. For the
MIrAD-US irrigated pixels raster, we assume that 2007 data is representative for
the years 2007-2010, and the 2012 data is representative for 2011-2017. This is of
course an oversimplification, since pixel transitions may have occurred at any
period within the five-year window between datasets. MIrAD-US derives its
irrigated pixels approximation from county irrigation statistics in the US Census
of Agriculture, which occurs every 5 years (Pervez and Brown 2010). Along with
the lag in data compilation and release, this dataset is likely updated
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retrospectively every six years. Therefore, although the quality of the dataset is
high, we are limited by the methodology used to develop this dataset.
Similarly, the California Department of Water Agricultural Land & Water Use
Estimates provides annual estimates of area-normalized irrigation water volume
between 1998-2010. In this analysis, 2010 data is utilized for the years 20112017, in the absence of better data. This is an important limitation which limits
the validity of this analysis for 2011-2017, and is a key area for future work.
Conceptual Limitations
An aquifer is a three-dimensional entity, and aquifer water balances comprise a
thorough assessment of area-averaged abstraction for all water uses, recharge rate,
and groundwater contribution to streamflow(Gleeson and Wada 2013, Esnault,
Gleeson et al. 2014). The present analysis addresses only a small portion of this
overall aquifer water balance, which is the annual groundwater abstraction for
irrigation to fulfil specific crop water demands. In doing so, we do not account for
the three-dimensional complexity of the aquifer itself, or for the variety of inflows
and outflows which define the aquifer balance over time. We also disregard the
virtual water point of view, which assesses the destination of the water after
application and uptake as a crop.
Methodological Limitations
The Cropscape product is produced by automatic classification of satellite
imagery from the Advanced Wide Field Sensor (AWiFS), Landsat TM 5, and
ETM+ 7. The validation step discussed in the Methods section allows us to
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extract a meaningful subset of this data—crops which were detected for at least
four years during the study period; and a User’s Accuracy of 0.60 for at least 50%
of the detected years. As discussed earlier, this criteria may be too restrictive, and
may in fact prevent key drought crops from being included in the overall analysis.
Another limitation of this analysis is that the analysis of water abstraction is
limited only to the agricultural sector. Water can of course be used for a wide
variety of uses; therefore, any comprehensive water sustainability plan must
incorporate inflow and outflow from all these competing uses, along with the
hydrology and the behavior of the natural system. However, this analysis is
intended to only address a small portion of the larger water cycle, which is better
modeled using complex systems models discussed earlier.
The discrepancy between permitted use and actual withdrawals of surface water is
well-documented (Grantham and Viers 2014). In the absence of similar
monitoring and evaluation infrastructure for groundwater, this analysis provides a
first step in determining the relationship between groundwater and generated crop
value. We advocate that a thorough Groundwater Sustainability Plan incorporate
the value of irrigated crops into a robust assessment. A systems-level approach is
advocated, which includes the generated economic value and water demands of a
groundwater basin’s crop portfolio.
This analysis also fails to include the expenses associated with irrigated
agriculture. These expenses include purchase of irrigation water resources,
technology, labor, and raw materials—in aggregate, the production cost of
agriculture is not considered in this analysis. This is done to simplify our analysis,
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since production costs are complex, spatially variant, and often vary farm-to-farm.
Instead, our analysis provides a clearer, simpler, more public-facing picture of
profits alone. This is a noted limitation, and an area of future work for this project.
5.2

Validation

Since the presented analysis relies entirely on secondary data, validation of the
derived results is a challenge. Two methods of validation are presented below—
one to evaluate crop area, and one to assess the validity of two water footprint
datasets.
5.2.1

Crop Area Assessment

In this analysis, crop area is estimated using only the USDA NASS Cropscape
dataset (USDA-NASS 2007-2017). However, USDA NASS county crop statistics
dataset also provides the Harvested Acreage by crop and county. Given the
multiple spatial aggregation levels presented in this analysis, crop area can be
aggregated at the county level to assess whether there is congruity between the
Cropscape crop area and county-level harvested crop area.
Figure 22 provides a comprehensive look at the difference in calculated area
(Cropscape) and reported area (USDA NASS) for all crops and counties in this
analysis, for the year 2016. Grey shading (NA values) indicates acreage not
reported in the county-level USDA NASS dataset.
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Figure 22 County-Level Crop Area Assessment

Table 8 and Table 9 provides a county- and crop-level estimate of data gaps. We
can see from both tables that missing information on harvested acreage is cropand county-specific. County-level crop statistics provide little information on
harvested acreage of major vegetables, including asparagus, carrots, and garlic.
The lack of annual acreage information for water-intensive crops such as
pistachios is a key concern emerging from this analysis, and an important focus
for robust primary data collection. The negative signs for difference in both Table
8 and Table 9 indicates that the reported harvested acreage is higher than the
calculated acreage—thus, an underestimate. Consistent underestimation across
crops and counties is observed, indicating the need for an intermediate resolution
step to adjust for this discrepancy in the area calculation included in this
methodology. It also points to a significant discrepancy between planted area and
harvested area, which needs resolution in further iterations of this work.
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Table 8 County-Level Comparison of Difference in Harvested and Calculated Crop Area

Crop

25%
Quantile

Alfalfa
Almonds
Apples
Aquaculture
Asparagus
Barley
Cantaloupes
Carrots
Cherries
Citrus
Corn
Cotton
Dry Beans
Durum
Wheat
Garlic
Grapes
Herbs
Honeydew
Melons
Mint
Olives
Onions
Oranges
Other Crops
Other
Hay/Non
Alfalfa
Other Tree
Crops
Peppers
Pistachios
Plums
Pomegranates
Potatoes
Rice
Rye
Safflower

11.0
15.0
-100.0
38.5
-77.5
-98.5
-88.5
11.0
-98.0
-100.0
-79.8
-91.8
-

50%
75%
Quantile Quantile
51.0
25.5
-95.0
76.0
-67.0
-73.0
-69.5
22.0
-77.5
-98.0

94.5
91.8
-85.5
80.0
-57.5
-55.5
5.8
89.0
-40.5
-83.3

-13.0
-78.5
-

60.0
158.5
-

Mean

117.5
62.3
-90.5
64.4
-70.0
-33.5
-40.1
62.6
-64.1
-84.2
34.2
145.3
-

-32.8
-91.8
-89.8

-17.5
-76.0
-61.0

-2.3
-52.0
-7.8

-17.5
-48.1
-12.0

-

-

-

-

-98.0
-10.5
2849.0
-26.0

-33.0
-3.0
2849.0
1.0

-7.0
19.0
2849.0
68.5

-40.2
10.8
2849.0
21.0

% Counties Not
Reporting Harvested
Acreage
6%
0%
73%
100%
100%
0%
100%
100%
15%
21%
0%
0%
6%
55%
100%
10%
50%
100%
0%
100%
17%
100%
100%

11%
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100%
100%
100%
100%
100%
17%
0%
0%
0%

Sod/Grass
Seed
Spring Wheat
Strawberries
Sugarbeets
Sweet
Potatoes
Tomatoes
Triticale
Walnuts
Winter
Wheat

-100.0

-100.0

-7.0

-38.0

-100.0
4.8
-87.8

-100.0
9.5
-87.5

-99.0
14.3
-87.3

-93.2
9.5
-87.5

-10.5
-43.8
-16.0

4.0
5.0
36.0

25.5
30.5
209.0

5.8
29.6
130.9

67%
23%
100%
0%
0%
24%
100%
4%
5%

Table 9 Crop-Level Comparison of Difference in Harvested and Calculated Crop Area

County
Alameda
Alpine
Amador
Butte
Calaveras
Colusa
Contra Costa
Del Norte
El Dorado
Fresno
Glenn
Humboldt
Imperial
Inyo
Kern
Kings
Lake
Lassen
Los Angeles
Madera
Marin
Mariposa
Mendocino

Average Difference in
Calculated vs. Reported
Acreage, All Crops
-24.67
0.00
-46.33
10.29
-81.33
3.75
46.78
-100.00
-90.00
-13.31
24.91
-100.00
12.67
7.29
12.33
-90.50
-40.80
-72.50
105.17
-55.00
-98.00
-87.00
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% of Crops Missing
Harvested Acreage
25%
0%
40%
50%
50%
29%
31%
0%
88%
36%
42%
50%
44%
100%
29%
20%
50%
17%
43%
25%
33%
0%
75%

Merced
Mono
Monterey
Napa
Nevada
Orange
Placer
Plumas
Riverside
Sacramento
San Benito
San Bernardino
San Diego
San Francisco
San Joaquin
San Luis Obispo
San Mateo
Santa Barbara
Santa Clara
Santa Cruz
Shasta
Sierra
Siskiyou
Solano
Sonoma
Stanislaus
Sutter
Tehama
Trinity
Tulare
Tuolumne
Ventura
Yolo
Yuba

5.2.2

5.29
189.91
-54.00
60.17
32.00
34.92
88.67
-78.00
-80.00
-99.00
-17.06
-26.83
-88.33
-50.50
-65.29
-88.00
-42.33
19.00
375.80
22.75
-41.67
-10.33
27.67
85.00
-79.00
13.00
-79.67
10.45
136.20

26%
100%
31%
33%
100%
100%
54%
60%
52%
29%
50%
64%
73%
100%
23%
25%
50%
71%
42%
67%
25%
60%
29%
29%
57%
31%
47%
38%
50%
30%
100%
45%
31%
29%

Water Footprint Source Assessment

Two sources of crop water footprint data were utilized in this analysis. The first
was a volumetric water footprint, which provided the blue water footprint (surface
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water and groundwater) for global crops and commodities as defined by the Food
and Agriculture Organization. This water footprint is spatially explicit, and
provides a unique set of volumetric crop water footprints for the state of
California (Mekonnen and Hoekstra 2011). The second dataset was the
Agricultural Land and Water Use Estimates dataset published by CA-DWR,
which provides an area-normalized water footprint for major crops. Both these
datasets utilize varying definitions of crop categories, which were first
harmonized with the USDA Cropscape definition of individual crops.
Key disparities emerge upon comparing both total water footprints at the county
and crop scales. As seen in Figure 23, the Mekonnen & Hoekstra statewide blue
water footprint dataset consistently underestimates localized water footprints for
key water-intensive and high-value crops such as Rice, Almonds, Grapes, and
Cotton. This underestimation leads to a large discrepancy in water footprints at
the county scale, as seen in Figure 24. Note that most counties in the Central
Valley fall below the y=x red line, indicating an overall underestimation by the
statewide Mekonnen & Hoekstra dataset (Mekonnen and Hoekstra 2011).
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Figure 23 Total Crop Water Footprint Comparison, 2010

Figure 24 Total County Water Footprint Comparison, 2010
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5.3

Revised Basin Prioritization Methodology

The original CASGEM Basin Prioritization methodology is finally modified to
include the calculated agricultural groundwater footprint of crops, as well as their
generated economic value. As an alternative to the original CASGEM criteria
outlined in Figure 25, a ranking including the calculated area-normalized crop
groundwater footprint and total value is proposed. The calculated values were
classified into the six rankings described in Figure 25 using k-means clustering.
The results of this classification process, and the number of sub-basins affected,
are described in Table 10 and Table 11.

Figure 25 Current CASGEM Basin Prioritization Ranking System (CADWR 2014)

Table 10 Data Component Rankings of Classified Normalized Sub-Basin Value

Data
Component
Ranking
Very Low
Low
Moderately Low
Medium
Moderately High
High

Ranking
Value

Normalized Value
(USD/ac)

0
1
2
3
4
5

0.0015
23.35
78.0
182.0
661.6
2634
65

Total Number
of Basins in
Rank
93
40
17
6
3
1

Table 11 Data Component Rankings of Classified Normalized Groundwater Footprint of
Agriculture

Data
Component
Ranking
Very Low
Low
Moderately Low
Medium
Moderately High
High

Ranking
Value
0
1
2
3
4
5

Normalized Groundwater Total Number
Footprint of Agriculture
of Basins in
(gal/ac)
Rank
0
78
1697.4
27
9348.9
23
16071.3
17
30881.4
10
40840.0
3

When incorporated into the current CASGEM basin prioritization methodology,
the normalized groundwater footprint and normalized value are likely to change
the distribution of prioritized basins in each category. This approach presents a
significant improvement in the CASGEM prioritization process by utilizing not
only irrigated acreage, but a basin- and crop-specific groundwater footprint at the
basin and sub-basin scale.
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6

CONCLUSIONS & RECOMMENDATIONS

In this study, we developed a methodology to link several disparate datasets on
crop identity, location, water footprint, and value, to develop a county- and subbasin-specific crop water use and valuation database. This database provides an
estimate of crop-specific irrigation water consumption by location, sub-basin,
county, and water source. The case study of the Delta-Mendota sub-basin
illustrates the potential of this work while highlighting some key limitations, and
illustrates the relevance of this methodology to improving groundwater
management in California.
The following are suggested directions for improvement of the presented
methodology:
1. Development of a high-resolution Irrigated Area raster: this is perhaps
the most important data need to emerge from this project. An annual
irrigated pixels raster product, or irrigated area estimate, would be
especially valuable to any assessment of irrigation water use in the state
and the country. Such methods and products are evolving, and this
valuable, remote-sensing-derived irrigation area estimate could advance
several agricultural analyses in California (Ozdogan and Gutman 2008,
Ambika, Wardlow et al. 2016).
2. Transition Matrices to assess crop area stability: if pixel-level
transitions in crop types can be tracked over time with a high degree of
accuracy, then flow diagrams such as the example in Figure 26 can be
developed to visualize crop area transitions over time. This
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implementation would be especially valuable to verify that Cropscapederived estimated areas do not fluctuate beyond reasonable limits. It will
also help track changing crop portfolios, fallowing, and drought resilience
practices over space and time.

Figure 26 Example Subset of a Crop Transition Matrix

3. A modified CASGEM basin prioritization methodology which
incorporates sub-basin value and crop-specific groundwater abstraction as
shown in Section 5.3, is advocated for future basin prioritization
methodologies.
4. An open platform to map, visualize, and assess localized crop
portfolios, agricultural groundwater needs, and crop value at varying
spatial scales would also be extremely valuable. The database developed
in this analysis is vast, and can be sliced in many ways to guide local
groundwater management decisions. A prototype interactive app has been
developed to showcase research findings (Figure 27). An improved
interface will be published in conjunction with a refinement of the
valuation methodology discussed herein.
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Figure 27 Screenshot of Prototype Interactive App

69

7 BIBLIOGRAPHY
AghaKouchak, A., A. Farahmand, F. S. Melton, J. Teixeira, M. C. Anderson, B.
D. Wardlow and C. R. Hain (2015). "Remote sensing of drought: Progress,
challenges and opportunities." Reviews of Geophysics 53(2): 452-480.
Allan, J. A. (1998). "Virtual water: A strategic resource global solutions to
regional deficits." Groundwater 36(4): 545-546.
Ambika, A. K., B. Wardlow and V. Mishra (2016). "Remotely sensed high
resolution irrigated area mapping in India for 2000 to 2015." Sci Data 3: 160118.
BEA (2018). Regional Economic Accounts: Gross domestic product (GDP) by
state (millions of current dollars). U. S. D. o. Commerce.
Bivand, R., T. Keitt and B. Rowlingson (2017). rgdal: Bindings for the
'Geospatial' Data Abstraction Library.
BLS (2018). Producer Price Index for All Commodities [PPIACO]. F. R. B. o. S.
Louis.
Bonfils C and L. D (2007). "Empirical evidence for a recent slowdown in
irrigation-induced cooling." Proceedings of the National Academy of Sciences of
the United States of America 104(34): 13582-13587.
Bonfils, C., P. B. Duffy, B. D. Santer, T. M. L. Wigley, D. B. Lobell, T. J.
Phillips and C. Doutriaux (2007). "Identification of external influences on
temperatures in California." Climatic Change 87(S1): 43-55.
Bonfils C, L. D. (2007). "Empirical evidence for a recent slowdown in irrigationinduced cooling." Proceedings of the National Academy of Sciences of the United
States of America 104(34): 13582-13587.
Brandt, J., M. Sneed, L. L. Rogers, L. F. Metzger, D. Rewis and S. House (2014).
Water Use in California, USGS California Water Science Center.
Brown, J. F. and M. S. Pervez (2014). "Merging remote sensing data and national
agricultural statistics to model change in irrigated agriculture." Agricultural
Systems 127: 28-40.
Bureau, U. C. (2017). "Quickfacts: California." from
https://www.census.gov/quickfacts/fact/table/CA,US/PST045217.
Bureau, U. C. (2017). TIGER/Line Shapefiles U. S. C. Bureau.
CADWR (1980). Groundwater Basins in California, CA Department of Water
Resources.
CADWR (2014). California Groundwater Elevation Monitoring Basin
Prioritization Process.
CADWR (2015). California's Most Significant Droughts: Comparing Historical
and Recent Conditions.
CADWR (2015). California CASGEM and Groundwater Sustainability Basin
Prioritization. CADWR.
CADWR. (2015). "San Joaquin Valley Five Station Precipitation Index Water
Year Plot." from http://cdec.water.ca.gov/cgi-progs/products/PLOT_FSI.pdf.
CADWR (2016). California's Groundwater: Working Towards Sustainability, CA
Department of Water Resources.
CADWR. (2018). "Basin Boundary Modifications." Retrieved March 15, 2018,
2018, from https://www.water.ca.gov/Programs/GroundwaterManagement/Bulletin-118/Basin-Boundary-Modifications.
70

Caliornia Department of Water Resources (2010). Agricultural Land and Water
Use Estimates.
Cazcarro, I., R. Duarte, M. Martín-Retortillo, V. Pinilla and A. Serrano (2015).
"How Sustainable is the Increase in the Water Footprint of the Spanish
Agricultural Sector? A Provincial Analysis between 1955 and 2005–2010."
Sustainability 7(5): 5094-5119.
CDFA (2016). California Agricultural Statistics Review: 2015-2016. Sacramento,
CA, California Department of Food and Agriculture.
CDFG (2014). California Lakes & Streams. C. D. o. F. Game.
Christian-Smith, J., M. Levy and P. H. Gleick (2011). Impacts of the California
Drought from 2007 to 2009. N. Ross and P. Luu, The Pacific Institute.
Congalton, R. G. and K. Green. (2008). Assessing the accuracy of remotely
sensed data: principles and practices, CRC Press.
Conservation, C. D. o. (2002). California Geomorphic Provinces, California
Geological Survey. 36.
Cordero, E. C., W. Kessomkiat, J. Abatzoglou and S. A. Mauget (2011). "The
identification of distinct patterns in California temperature trends." Climatic
Change 108(1-2): 357-382.
CWSC. (2016). "California's Central Valley." from
https://ca.water.usgs.gov/projects/central-valley/about-central-valley.html.
CWSC. (2017). "Monthly Runoff for California." from
https://ca.water.usgs.gov/california-drought/images/runoff-chart.png.
CWSC. (2018). "Central Valley Spatial Database." from
https://ca.water.usgs.gov/projects/central-valley/central-valley-spatialdatabase.html.
Dang, Q., X. Lin and M. Konar (2015). "Agricultural virtual water flows within
the United States." Water Resources Research 51(2): 973-986.
Dieter, C. A., K. S. Linsey, R. R. Caldwell, M. A. Harris, T. I. Ivahnenko, J. K.
Lovelace, M. A. Maupin and N. L. Barber (2017). Estimated use of water in the
United States county-level data for 2015. U. S. G. Survey.
Dietzenbacher, E. and E. Velázquez (2007). "Analysing Andalusian Virtual Water
Trade in an Input–Output Framework." Regional Studies 41(2): 185-196.
Dogrul, E., C. Brush and T. Kadir (2016). "Groundwater Modeling in Support of
Water Resources Management and Planning under Complex Climate, Regulatory,
and Economic Stresses." Water 8(12).
Dogrul, E. C., T. N. Kadir, C. F. Brush and F. I. Chung (2016). "Linking
groundwater simulation and reservoir system analysis models: The case for
California’s Central Valley." Environmental Modelling & Software 77: 168-182.
Esnault, L., T. Gleeson, Y. Wada, J. Heinke, D. Gerten, E. Flanary, M. F. P.
Bierkens and L. P. H. van Beek (2014). "Linking groundwater use and stress to
specific crops using the groundwater footprint in the Central Valley and High
Plains aquifer systems, U.S." Water Resources Research 50(6): 4953-4973.
ESRI (2018). ArcGIS. Redlands, CA, Environmental Systems Research Institute
(ESRI).
Famiglietti, J. S., M. Lo, S. L. Ho, J. Bethune, K. J. Anderson, T. H. Syed, S. C.
Swenson, C. R. de Linage and M. Rodell (2011). "Satellites measure recent rates
71

of groundwater depletion in California's Central Valley." Geophysical Research
Letters 38(3): n/a-n/a.
Faunt, C. C. (2009). Groundwater Availability of the Central Valley Aquifer,
California, U.S. Geological Survey
Faunt, C. C., M. Sneed, J. Traum and J. T. Brandt (2015). "Water availability and
land subsidence in the Central Valley, California, USA." Hydrogeology Journal
24(3): 675-684.
Fulton, J., H. Cooley and P. H. Gleick (2012). California's Water Footprint. N.
Ross and P. Luu, Pacific Institute.
Fulton, J., H. Cooley and P. H. Gleick (2014). "Water Footprint Outcomes and
Policy Relevance Change with Scale Considered: Evidence from California."
Water Resources Management 28(11): 3637-3649.
Garner, E. L. (2016). "Adapting water laws to increasing demand and a changing
climate." Water International 41(6): 883-899.
Gawel, E. and K. Bernsen (2013). "What is wrong with virtual water trading? On
the limitations of the virtual water concept." Environment and Planning C:
Government and Policy 31(1): 168-181.
Gleeson, T. and Y. Wada (2013). "Assessing regional groundwater stress for
nations using multiple data sources with the groundwater footprint."
Environmental Research Letters 8(4).
Government of California (2014). Sustainable Groundwater Management Act.
Grantham, T. E. and J. H. Viers (2014). "100 years of California’s water rights
system: patterns, trends and uncertainty." Environmental Research Letters 9(8).
Griffin, D. and K. J. Anchukaitis (2014). "How unusual is the 2012-2014
California drought?" Geophysical Research Letters 41(24): 9017-9023.
Gurdak, J. J. (2018). The Water-Energy-Food Nexus and California’s Sustainable
Groundwater Management Act. The Water-Energy-Food Nexus. E. A. and O. T.
Singapore, Springer.
Han, W., Z. Yang, L. Di and R. Mueller (2012). "CropScape: A Web service
based application for exploring and disseminating US conterminous geospatial
cropland data products for decision support." Computers and Electronics in
Agriculture 84: 111-123.
Hanak, E., J. Lund, A. Dinar, B. Gray, R. Howitt, J. Mount, P. Moyle and B.
Thompson (2011). Managing California’s Water: From Conflict to
Reconciliation, Public Policy Institute of California.
He, M., M. Russo, M. Anderson, P. Fickenscher, B. Whitin, A. Schwarz and E.
Lynn (2017). "Changes in Extremes of Temperature, Precipitation, and Runoff in
California’s Central Valley During 1949–2010." Hydrology 5(1).
Hoekstra, A. Y. and A. K. Chapagain (2006). "Water footprints of nations: Water
use by people as a function of their consumption pattern." Water Resources
Management 21(1): 35-48.
Hoekstra, A. Y., M. M. Mekonnen, A. K. Chapagain, R. E. Mathews and B. D.
Richter (2012). "Global monthly water scarcity: blue water footprints versus blue
water availability." PLoS One 7(2): e32688.
Ireland, R. (1986). Land subsidence in the San Joaquin Valley, California,as of
1983. , US Geological Survey: 1-55.
72

Jesslyn F.Brown, S. P. (2014). Moderate Resolution Imaging Spectroradiometer
(MODIS) Irrigated Agriculture Dataset for the United States (MIrAD-US). U. S.
G. Survey.
Johnson, T. and K. Belitz (2003). Hydrogeologic Provinces for California based
upon established groundwater basins and watershed polygons. USGS.
Kauffman, E. (2003). A Remarkable Geography: Climate & Topography. Atlas of
the Biodiversity of California. M. Parisi. Sacramento, California Department of
Fish and Game.
Kenny, J. F., N. L. Barber, S. S. Hutson, K. S. Liinsey, J. K. Lovelace and M. A.
Maupin (2005). Estimated Use of Water in the United States in 2009. USGS.
Kottek, M., J. Grieser, C. Beck, B. Rudolf and F. Rubel (2006). "World Map of
the Köppen-Geiger climate classification updated." Meteorologische Zeitschrift
15(3): 259-263.
Kumar, M. D. and O. P. Singh (2005). "Virtual Water in Global Food and Water
Policy Making: Is There a Need for Rethinking?" Water Resources Management
19(6): 759-789.
Livneh, B., T. J. Bohn, D. W. Pierce, F. Munoz-Arriola, B. Nijssen, R. Vose, D.
R. Cayan and L. Brekke (2015). "A spatially comprehensive, hydrometeorological
data set for Mexico, the U.S., and Southern Canada 1950-2013." Sci Data 2:
150042.
M. M. Mekonnen, A. Y. H. (2010). Water footprints of crops and derived crop
products (1996-2005). W. F. Network.
MacEwan, D., M. Cayar, A. Taghavi, D. Mitchell, S. Hatchett and R. Howitt
(2017). "Hydroeconomic modeling of sustainable groundwater management."
Water Resources Research 53(3): 2384-2403.
MacEwan, D., R. Howitt and C. Newman (2018). "How are Western water
districts managing groundwater basins?" California Agriculture 72(1): 28-37.
Marston, L. and M. Konar (2017). "Drought impacts to water footprints and
virtual water transfers of the Central Valley of California." Water Resources
Research 53(7): 5756-5773.
McNabb, D. E. (2017). Water Resource Management: Sustainability in an Era of
Climate Change, Palgrave Macmillan.
Medellín-Azuara, J., D. MacEwan, R. E. Howitt, D. A. Sumner and J. R. Lund
(2016). Economic Analysis of the 2016 California Drought on Agriculture. Center
for Watershed Sciences, University of California - Davis.
Mekonnen, M. M. and A. Y. Hoekstra (2011). "The green, blue and grey water
footprint of crops and derived crop products." Hydrology and Earth System
Sciences 15(5): 1577-1600.
Mubako, S., S. Lahiri and C. Lant (2013). "Input–output analysis of virtual water
transfers: Case study of California and Illinois." Ecological Economics 93: 230238.
Mubako, S. T. and C. L. Lant (2013). "Agricultural Virtual Water Trade and
Water Footprint of U.S. States." Annals of the Association of American
Geographers 103(2): 385-396.

73

NASS, U. (2016). "County Agricultural Commissioners' Data." from
https://www.nass.usda.gov/Statistics_by_State/California/Publications/AgComm/i
ndex.php.
NASS, U. (2017). "Cropland Data Layer Metadata." from
https://www.nass.usda.gov/Research_and_Science/Cropland/metadata/meta.php.
Nelson, R. L. and D. Perrone (2016). "Local Groundwater Withdrawal Permitting
Laws in the South-Western U.S.: California in Comparative Context." Ground
Water 54(6): 747-753.
Ozdogan, M. and G. Gutman (2008). "A new methodology to map irrigated areas
using multi-temporal MODIS and ancillary data: An application example in the
continental US." Remote Sensing of Environment 112(9): 3520-3537.
Paterson, W., R. Rushforth, B. Ruddell, M. Konar, I. Ahams, J. Gironás, A. Mijic
and A. Mejia (2015). "Water Footprint of Cities: A Review and Suggestions for
Future Research." Sustainability 7(7): 8461-8490.
Pebesma, E. J. and R. S. Bivand (2005). "Classes and methods for spatial data in
R." R News 5(2).
Pervez, M. S. and J. F. Brown (2010). "Mapping Irrigated Lands at 250-m Scale
by Merging MODIS Data and National Agricultural Statistics." Remote Sensing
2(12): 2388-2412.
Poland, J., B. Lofgren, R. Ireland and R. Pugh (1975). Land Subsidence in the San
Joaquin Valley, California. Professional Paper, US Geological Survey: 1-77.
Ridoutt, B. G. and J. Huang (2012). "Environmental relevance--the key to
understanding water footprints." Proc Natl Acad Sci U S A 109(22): E1424;
author reply E1425.
Rubel, F., K. Brugger, K. Haslinger and I. Auer (2017). "The climate of the
European Alps: Shift of very high resolution Köppen-Geiger climate zones 1800–
2100." Meteorologische Zeitschrift 26(2): 115-125.
Scanlon, B. R., L. Longuevergne and D. Long (2012). "Ground referencing
GRACE satellite estimates of groundwater storage changes in the California
Central Valley, USA." Water Resources Research 48(4).
Team, R. (2015). RStudio: Integrated Development for R. RStudio Inc. Boston,
MA.
Team, R. C. (2016). R: A language and environment for statistical computing.
Vienna, Austria, R Foundation for Statistical Computing.
Thomas, B. F., J. S. Famiglietti, F. W. Landerer, D. N. Wiese, N. P. Molotch and
D. F. Argus (2017). "GRACE Groundwater Drought Index: Evaluation of
California Central Valley groundwater drought." Remote Sensing of Environment
198: 384-392.
USDA-NASS (2007-2017). Cropland Data Layer: Published crop-specific data
layer. Washington DC.
USDA-NASS (2014). 2012 Census of Agriculture, USDA NASS. 1.
USGS (2009). National Elevation Dataset for California. USGS, State of
California Geoportal.
Verma, S., D. A. Kampman, P. van der Zaag and A. Y. Hoekstra (2009). "Going
against the flow: A critical analysis of inter-state virtual water trade in the context

74

of India’s National River Linking Program." Physics and Chemistry of the Earth,
Parts A/B/C 34(4-5): 261-269.
Wickham, H. (2007). "Reshaping Data with the reshape Package." Journal of
Statistical Software 21(12): 1-20.
Wickham, H. (2009). ggplot2: Elegant Graphics for Data Analysis. New York,
Springer-Verlag.
Wickham, H. (2018). stringr: Simple, Consistent Wrappers for Common String
Operations.
Wickham, H., R. Francois, L. Henry and K. Müller (2017). dplyr: A Grammar of
Data Manipulation. R package version 0.7.4.

75

