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ABSTRACT

Using Imaging Spectrometry and Thermal Imagery to Study Agriculture During Severe
Drought in California’s Central Valley
by

Sarah Wells Shivers

In California, predicted climate warming increases the likelihood of extreme droughts. As
irrigated agriculture accounts for roughly 80% of the state’s managed water supply,
agriculture simultaneously shows high vulnerability to a warming climate while also
offering the greatest opportunity to mitigate the impact of future droughts through
adaptation strategies. This dissertation took advantage of hyperspectral Airborne
Visible/Infrared Imaging Spectrometer (AVIRIS) and thermal MODIS/ASTER Airborne
Simulator (MASTER) imagery collected by the HyspIRI Airborne Campaign over three
years of a multi-year drought to measure agricultural response to changes in water
availability and highlight the potential of remote sensing to aid in future agricultural
management during water-limited times. In Chapter 2, | used the Random Forest classifier
to classify crops into categories of similar water usages, assess the accuracy at which
hyperspectral imaging could be of use for agricultural mapping, and evaluate changes in
crop plantings with drought. The results showed overall field-level accuracies of 94.4%
with AVIRIS, as opposed to 90.4% with Landsat OLI and 91.7% with Sentinel, indicating
that hyperspectral imagery has the potential to identify crops by water-use group at a single

time step at higher accuracies than multispectral sensors. With these classifications, I
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quantified shifts in crop plantings over drought and found a prioritization of high-value,
perennial crops over lower-valued annual plantings. In Chapter 3, | used paired AVIRIS
and MASTER imagery to assess crop stress in fruit and nut orchards using an approach that
accounted for thermal complexity within the landscape, without the need for ancillary
environmental measurements. | used surface characteristics obtained by AVIRIS data to
model expected pixel temperatures. These temperatures were compared to measured
temperatures as a way of assessing crop stress. Crop species showed significantly different
temperature distributions independent of fractional cover (F(10, 33135) = 735, p < 0.001 for
2013, with similar results in 2014 and 2015). Crop residuals were found to increase as the
drought progressed with average residuals of 0.14°C in 2013, 0.97°C in 2014, and 1.1°C in
2015. In addition, crops with the highest LST residuals had the largest reductions in yield
during the study period. In Chapter 4, | analyzed spatiotemporal patterns of water vapor as
they varied across a diverse and dynamic agricultural scene. | tested a set of hypotheses to
better understand surface-atmosphere interactions and their ability to be evaluated through
AVIRIS-derived column water vapor estimates. Results showed a positive correlation
between crop water use and the frequency with which that crop showed directional
alignment between wind and water vapor (r=0.42). We also found patterns of water vapor
across the region that support advection of moisture across the scene. Results conclude that
accumulation of water vapor above fields in these scenes is observable with water vapor
imagery while advection at the field level is obscured by variable winds, differences in field
structure and composition, and smaller-scale patterns of vapor. Overall, this dissertation
enhances scientific and social ability to monitor and assist in food and water resource

management with remote sensing during drought.
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Chapter 1: Introduction

California’s agricultural sector critically affects both the national food supply and
regional water resources. California has the largest agricultural sector in the country,
producing two thirds of the fruits and nuts in the United States and approximately one third
of its vegetables (NASS, 2013). California’s crop supply is also significant to the United
States in that many crops grown in the state, such as almonds, garlic, olives, raisin grapes,
pistachios, and walnuts, are exclusively produced there (CDFA, 2018). However, while
California’s more than 400 commodities (Starrs & Goin, 2010) are central to US food
supplies, they also necessitate high water inputs. High crop production and a semi-arid
climate result in agricultural needs using over eighty percent of the state’s managed water
supply (CA DWR, 2018). This reliance on irrigated inputs means that yearly crop prices
and food supplies in the United States are susceptible to changes in the available water
supply of California and impacted by local water management decisions (Cooley et al.,
2015; Howitt et al., 2015). As California’s water supply becomes increasingly
unpredictable due to changes in climate, this interconnection of food and water supplies at
local to national scales is ever more important to understand.

California’s highly variable water supply is a factor of its natural climatology but is
further exacerbated by larger climate trends shaped by manmade influences. California has,
for centuries, experienced oscillations between wet and dry periods that result in California
having the greatest variations in annual precipitation of any state in the country (CA DWR,
2017). However, over the past century, an increase in surface temperature by 0.6-0.7° C has
led to changes in California that are attributable to human GHG emissions (Barnett et al.,

2004) and further affect water availability: earlier spring snowmelt (Stewart et al., 2005), an



increase in percent of precipitation as rain rather than snow (Knowles et al, 2006), warmer
winter and spring temperatures (Cayan et al, 2001), and less snow accumulation over the
last fifty years (Mote et al, 2005). Climate change will continue to augment the patterns of
precipitation in California and intensify effects on water resources and agriculture. By early
in the 21st century, the Bureau of Reclamation predicts that the Central Valley will
experience a 1-degree Celsius (C) rise in annual average temperature and a 2-degree C
increase by mid-century that will likely be accompanied by a north-to-south trend of
decreasing precipitation (U.S. Department of the Interior, 2014). This shift in temperature is
projected to increase the frequency, intensity, and duration of droughts over the next
century (Burke et al., 2006) that will make our current water system performance levels
impossible to sustain in the Central Valley (Barnett et al. 2004).

One way to prepare for the anticipated increase in drought is to study past events as
an indicator of future effects. From 2012 to 2016 California experienced its worst drought
in history (Griffin & Anchukaitis, 2014). Water allotments were cut across the board and
farmers, as the users of the majority of the state’s water, were especially hard hit (CA
Department of Water Resources, 2014). With the State Water Project and the Central
Valley Project allocations cut to zero in some areas, agricultural communities in the Central
Valley faced surface water reductions of an estimated 8.1 billion cubic meters (bcm) a year
from 2013 to 2014, amounting to a 36% reduction in surface water availability for farms
(Howitt et al., 2014). The study found that a 62% increase in groundwater extraction
partially compensated for the reduction in surface water but threatened the health of
California’s aquifers and moreover, still left farmers with an overall deficit of 1.9 bcm/y

(out of 32.1 bcm used in a normal year; Howitt et al., 2014). This extreme event and



climatological anomaly presents an opportunity to better understand how managed crops
are impacted by water limitation. As lack of water will be a major limiting factor for
agricultural production within the next century (Rijsberman, 2006), patterns of crop water
use and their response to reduced water availability need to be carefully analyzed so
impacts to long-term food and water security can be better understood as we move into a
new climate regime.

Remote sensing provides new opportunities to monitor agricultural change with
drought and capture spatial variations and trends in plant water use that traditional on-the-
ground methods like county-level reporting, lysimeters and eddy flux towers are unable to
do given their limited spatial scope and significant time and labor inputs (Gowda et al.,
2008). Current crop monitoring initiatives in the United States primarily rely on imagery
from earth-observing satellites such as Landsat (spatial resolution ~30m, temporal
resolution ~16 days), Moderate Resolution Imaging Spectroradiometer (MODIS: spatial
resolution 0.25-1 km, temporal resolution ~1-2 days) and the Advanced Spaceborne
Thermal Emission and Reflection Radiometer (ASTER; spatial resolution 15-90 m,
temporal resolution ~16 days) to map crops and assess health and water use information
(Gowda et al., 2008). However, a new satellite, the Surface Biology and Geology (SBG)
Mission, has been proposed as an improvement in both spatial and spectral performance for
ecosystem study (National Academies of Sciences, Engineering, and Medicine, 2018). The
SBG Mission will combine two sensors, a hyperspectral sensor in the visible through
shortwave infrared at a 30 m resolution and a thermal sensor at a spatial resolution of 60 m
for global coverage and a 5-19 day revisit. This mission has the potential to improve ability

to assist crop and water managers in dynamic and diverse environments, such as the Central



Valley of California, with resource accounting and drought response by capturing refined

spectral information at a spatial scale that is fine enough to resolve individual fields. With
the impending launch of this satellite, it is important to determine its scientific capabilities
for routine observation of crops in California at a level that is of use to water managers.

To test the capabilities of the SBG sensor, the Hyperspectral Infrared Imager
(HyspIRI) Airborne Campaign flew the Airborne Visible/Infrared Imaging Spectrometer
(AVIRIS) and MODIS/ASTER Airborne Simulator (MASTER) sensors on NASA’s ER-2
plane throughout California from 2013 to 2017 to simulate expected datasets from SBG
(Lee et al., 2015). AVIRIS is a 224 band imaging spectrometer that captures spectral
information from 350 to 2500 nm at ~10 nm increments (Green et al., 1998). MASTER is a
thermal sensor that captures 8 bands of emissivity between 4-12 pum, used to represent the
proposed SBG thermal bands (Hook et al, 2001). The AVIRIS data was resampled to a
resolution of 18 m while the MASTER data was resampled to a 36 m resolution. This
paired dataset was flown over a portion of the Southern Central Valley seasonally while the
state experienced severe drought effects. This unique dataset allows for study of remote
sensing capabilities while also providing valuable information as to the response of crops in
California to drought.

The goal of this dissertation is to use data from the HyspIRI Airborne Campaign to
evaluate how hyperspectral and thermal imagery can be used to improve upon current
initiatives to account for and manage food and water resources in the face of a changing
climate. This research will study patterns of agriculture and crop water use in the Central
Valley as they shift throughout the course of an intense drought period from 2013-2015.

These patterns will be investigated using imaging spectrometry from AVIRIS and thermal



imaging from MASTER by mapping crops into relevant water use groups and then
analyzing three indirect measures of crop water use from the imagery: choice of crop
plantings, land surface temperatures, and water vapor patterns. Moreover, this dissertation
will serve as a proof of concept for actively monitoring and measuring agriculture from
space when the proposed SBG satellite is launched.

In Chapter 2, I use three hyperspectral images acquired from AVIRIS over the
course of the 2013-2015 drought in the Central Valley of California to both evaluate the
performance of hyperspectral imagery for crop classification and to study farmer decision-
making with drought. A random forest classifier is run on the AVIRIS imagery to classify
crops into groups of similar water use. Results are then compared to equivalent
classifications using Landsat Operational Land Imager (OLI) and Sentinel-2 imagery. The
AVIRIS results are analyzed for portability and band importance. The results of this
classification are then used to study the prevalence of crops as they change with increasing
drought. Analysis highlights the economic and environmental drivers of planting decisions,
and what this means for the future of California agriculture.

In Chapter 3, I use spatially coincident AVIRIS and MASTER imagery from 2013,
2014 and 2015 to study the health of perennial crops over drought. First, I use a mixing
model on AVIRIS imagery to decompose the scene into its fractional makeup of green
vegetation (GV), non-photosynthetic vegetation (NPV), and soil. Next, I model the
expected temperature of each pixel as the fractional linear sum of its thermal components. |
then calculate a thermal residual for each pixel as the difference between its measured
temperature from MASTER and the modeled temperature. This method strips away thermal

variability due to air temperature, time of day, fractional cover, structure, and moisture to



allow for direct thermal comparisons between pixels and crop species. Thermal variability
within agricultural fields is quantified and crop health is assessed.

In Chapter 4, | evaluate spatiotemporal patterns of water vapor as they occur over
agricultural fields in the Central Valley to evaluate the potential of this imagery to assist
with agricultural applications. | use pixel-level column water vapor estimates derived from
AVIRIS radiance imagery, surface characteristics obtained from AVIRIS reflectance
imagery, and interpolated maps of wind to investigate relationships between the atmosphere
and the surface. | propose and test a set of hypotheses for how water vapor will interact
with the landscape in a diverse and complex agricultural scene at the pixel, field and scene
scales. Results and analysis further knowledge of opportunities and limitations for using

water vapor imagery to better understand crop water use.



Chapter 2: Using imaging spectrometry to study changes in crop area in California’s

Central Valley during drought

With Dar A. Roberts, Joseph P. McFadden and Christina Tague

This chapter is based on a manuscript published in the journal of Remote Sensing:

Shivers, S.W., Roberts, D.A., McFadden, J., & Tague, C.N. (2018). Using imaging
spectrometry to study changes in crop area in California’s Central Valley during drought.
Remote Sensing, 10(10), 1556.



2.0. Abstract

In California, predicted climate warming increases the likelihood of extreme droughts.
As irrigated agriculture accounts for 80% of the state’s managed water supply, the response
of the agricultural sector will play a large role in future drought impacts. This study
examined one drought adaptation strategy, changes in planting decisions, using Airborne
Visible/Infrared Imaging Spectrometer (AVIRIS) imagery from June 2013, 2014, and 2015
from the Central Valley of California. We used the random forest classifier to classify crops
into categories of similar water use. Classification accuracy was assessed using the random
forest out-of-bag accuracy, and an independently validated accuracy at both the pixel and
field levels. These results were then compared to simulated Landsat Operational Land
Imager (OLI) and simulated Sentinel-2B results. The classification was further analyzed for
method portability and band importance. The resultant crop maps were used to analyze
changes in crop area as one measure of agricultural adaptation in times of drought. The
results showed overall field-level accuracies of 94.4% with AVIRIS, as opposed to 90.4%
with Landsat OLI and 91.7% with Sentinel, indicating that hyperspectral imagery has the
potential to identify crops by water-use group at a single time step at higher accuracies than
multispectral sensors. Crop maps produced using the random forest classifier indicated that
the total crop area decreased as the drought persisted from 2013 to 2015. Changes in area
by crop type revealed that decisions regarding which crop to grow and which to fallow in
times of drought were not driven by the average water requirements of crop groups, but

rather showed possible linkages to crop value and/or crop permanence.



2.1. Background

Although California faces substantial variability in interannual precipitation and is
accustomed to multi-year dry periods, the 2012 to 2016 drought was exceptional in its
severity, and may be emblematic of greater shifts in California’s climate associated with
anthropogenic warming (Diffenbaugh et al., 2015; Griffin and Anchukaitis, 2014; Swain et
al., 2014). Climate projections for California indicate that mean and extreme temperatures
are likely to increase over the next century, which will increase the risk of experiencing future
droughts of the severity of the 2012-2016 event (AghaKouchak et al., 2014; Swain et al.,
2014). Future droughts will undoubtedly continue to put strain on water supplies, but the
magnitude and extent to which these events impact water resources will depend not only on
the characteristics of the drought, but also on the adaptive responses of people
(AghaKouchak, 2015; Howden et al., 2007; Lobell et al., 2008; Palazzo et al., 2017). In
California, where the agriculture sector uses roughly 80% of the state’s managed water (CA
DWR, 2014), agriculture simultaneously shows high vulnerability to a warming climate
(Lobell et al., 2006; Schlenker et al., 2007) while also offering the greatest opportunity to
mitigate the intensity of future drought impacts through adaptation strategies (Medellin-
Azuara et al., 2008; Tanaka et al., 2006; Vermeulen et al., 2010). Consequently, it is critical
to study how we can monitor crop management response in real-time in order to assist with
policymaking during drought and analyze the ways in which the long-term sustainability of
food and water security can be improved. This research used annual hyperspectral remote
sensing imagery to assess the accuracy at which imaging spectroscopy can be used to map
crops into categories of similar water demand and analyze changes in cropping patterns in a

portion of the Central Valley. The study takes advantage of data collected over three years of



a multi-year drought as a unique opportunity to measure agricultural response and adaptation
in times of drought.

Climate change is likely to significantly affect regional agricultural patterns and crop
yields (Adams et al., 1990), in part due to management decisions such as fallowing fields or
switching crop varieties or species (Challinor et al., 2014; Tortajada et al., 2017). Therefore,
monitoring how crop patterns change during droughts is a direct measure of adaptive
response. Cropping decisions impact society in multiple ways by altering regional water
requirements (Allen et al., 1998), food yields (Challinor et al., 2014), economic production
(CDFA, 2016), and pesticide exposure (Nuckols et al., 2007). Consequently, accurate and
timely crop maps are necessary to support long-term adaptation planning for a broad range
of sectors, and are of use to farmers, managers, policymakers, and scientists. Remote sensing
has the potential to map crops and monitor changes in crop area more efficiently and
frequently than time and labor-intensive on-the-ground crop accounting. Hyperspectral
imagery, which samples hundreds of spectrally contiguous wavelengths, has the potential to
identify crops at a single time point with a single sensor at higher accuracies than a broadband
sensor (Galvéo, et al., 2016). This ability is critical to enabling managers and scientists to
stay abreast of rapidly changing planting choices and assess current risks, which is a need
that current mapping initiatives with remote sensing are unable to fulfill.

Most remote sensing mapping initiatives in the United States rely on satellites such as
Landsat and the Moderate Resolution Imaging Spectrometer (MODIS) because of their large
spatial and temporal coverage, ease of accessibility, and free availability (Craig, 2001; Lobell
and Asner, 2004; Massey et al. 2017; Ozdogan, 2010; Wardlow and Egbert, 2008; Yan and

Roy, 2016; Zhong et al., 2011). The National Agricultural Statistics Service (NASS)’s
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Cropland Data Layer (CDL) is the most comprehensive current agricultural mapping
initiative for the United States with an easily accessible crop map published at yearly intervals
at a 30-m resolution (USDA, 2016). It relies on data from Deimos-1, the United Kingdom’s
Disaster Monitoring Constellation 2 (UK-DMC 2), and Landsat 8 Operational Land Imager
(OLI) and produced an overall accuracy of 81.1% in California in 2016, with accuracies of
crop groups ranging from a low of 32.8% for berries to 77.6% for forage crops. Although
widely used and highly useful, the CDL has limitations concerning reproducibility and
timeliness. First, by using three sensors, not all of which produce publicly available data,
reproducing this map or using this methodology on a different study area or at a different
time would not be possible. Furthermore, with maps published at the end of each year, the
CDL does not offer near real-time or mid-growing season assessments of crop area.
Another method of crop mapping uses multi-temporal MODIS imagery to classify crops
using annual crop phenology for identification (Chang et al., 2007; Lobell and Asner, 2004;
Wardlow and Egbert, 2008; Zhong et al., 2011). These studies illustrate the ability of time
series datasets to produce detailed and accurate crop classification maps at the end of an
agricultural year in a single study area, but this methodology also faces challenges that hinder
its practical and scientific usefulness in California. First, the spatial resolution of MODIS is
not fine enough to individually classify many fields. For example, the average size of a field
in the area of this study is approximately 0.2 km?. Therefore, even at its finest resolution of
250 m, most MODIS pixels will result in mixtures of different fields or crop types, and are
therefore best suited for croplands at larger scales (Lobell and Asner, 2004). Second, multi-
temporal crop mapping is limited in its spatial scope due to a spatial variation in phenology

that would decrease the accuracy if it was applied over a large spatial area (Zhang et al.,
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2003). Third, the co-registration of multiples images and the need for cloud-free images
create challenges for time-series analysis that single-data hyperspectral analyses do not face
(Key et al., 2001). Finally, the need for multiple images throughout time obviates the ability
to conduct real-time crop assessments.

Hyperspectral imagery can act as a complement to these current crop-mapping
initiatives, as it has the potential to identify crops at a single time point with greater accuracy
than broadband sensors, and therefore can provide mid-season assessments of crop area
without a yearly time-series (Galvéo et al., 2016; Mariotto et al., 2013; Thenkabail et al,
2002;2004; 2013). Discriminating crop types is challenging due to differing biophysical
traits, development stages, variable management practices, regional weather and topography,
and the timing of plantings (Galvéo et al., 2016). Despite these complications, various studies
have successfully shown the ability to use hyperspectral imagery to classify crops and
cultivars (Bandos et al., 2009; Camps-Valls et al., 2003; Galvéo et al., 2005; Galvéo et al.,
2009; Mariotto et al., 2013; Rao, 2008; Thenkabail et al 2013). By discriminating crop types
with a single image from one time point, hyperspectral imagery can serve as a time-critical
agricultural management tool, providing scientists, farm managers, and policymakers with
improved information regarding the agricultural landscape and on-the-ground food and water
needs. This study uses airborne hyperspectral imagery over a portion of the Central Valley to
assess the accuracy of imaging spectroscopy for agricultural classifications and conducts a
case study to display the utility of these classifications for analyzing changes in farming
decisions. The results of this study, while limited in their spatial scope due to the use of
airborne imagery, are salient in light of recently available Sentinel-2 data and the proposed

HyspIRI mission, which would provide repeat, global hyperspectral imagery.
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This paper explores the use of hyperspectral imagery for agricultural management in
drought scenarios with the following two goals: (1) to study the accuracy to which we can
map crops in California’s Central Valley into groups of similar water use using hyperspectral
imagery, and (2) to analyze the produced classification maps from 2013, 2014, and 2015 in
the context of the drought by examining the crop area changes in relationship to average crop
water use, average crop value, and crop annual/perennial status. We expected to find
consistency with previous analyses of the drought that found that higher-value, perennial
crops were prioritized over lower-value annual crops over the course of the drought
(Tortajada et al., 2017).

2.2. Methods
2.2.1. Study Area

This research focused on a 3470 km? transect of the Central Valley of California that
reaches from Kern County to Fresno County, and was flown as part of a large trans-state
flight path that is referred to as the “Soda Straw” in NASA’s Hyperspectral Infrared Imager
(HyspIRI) Airborne Campaign plan (Figure 2.1). The study area includes portions of three of
the top four leading agricultural counties in California, Fresno, Tulare, and Kern, as well as
portions of Kings County (CDFA, 2016). This area includes thousands of crop fields of
varying sizes, crop types, land managers, and irrigation practices (Johnson & Cody, 2015).
The greater study area in which the agricultural fields reside is the Tulare Lake Hydrologic
Region, which comprises the southern third of the Central Valley, and is the largest
agricultural region in California with about 1.2 million irrigated hectares within the 4.4
million hectares that it covers (CA DWR, 2009). The region is prosperous for agriculture

partially because of its long growing season, with moist winters often blanketed with fog and
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dry summers (CA DWR, 2009). While prosperous for agriculture, Tulare Lake is the driest
region of the Central Valley, receiving an average of less than 25.4 cm of precipitation a year

(CA DWR, 2009; Carle, 2004).

121°00"W 120°0'0"W 119°0'0"W
Study Arear/“/

Fresno

36°0'0"N- Tulare

35°0'0"N1

01020 40 60 80
O Kilometers

Figure 2.1. Study area with county boundaries.

2.2.2. Datasets
2.2.2.1. Imagery

This research focused on three images of the Central Valley of California collected by
the Airborne Visible/Infrared Imaging Spectrometer (AVIRIS) during the course of the

2012-2016 drought. AVIRIS is a 224-band imaging spectrometer that captures wavelengths

14



between 350-2500 nm at 10-nm increments (Green et al., 1998). The imagery was acquired
from NASA’s Jet Propulsion Lab (JPL), which pre-processed the imagery and produced a
data product of orthorectified, atmospherically corrected reflectance at a spatial resolution of
18 m (Thompson et al, 2015). Data was acquired from the JPL ftp
(https://aviris.jpl.nasa.gov/data/AV_HyspIRI_Prep_Data.html). Further processing of the
reflectance data included a rotation and secondary orthorectification using 1-m digital
orthophoto quarter quads (DOQQ) from the National Agriculture Imagery Program (NAIP)
that were resampled to 18 m. We used Delaunay triangulation to georectify the AVIRIS
imagery to the NAIP imagery, using approximately 250 ground control points per flight line.
Due to atmospheric absorption and the noise of the reflectance product, AVIRIS bands 1-5,
61-63, 81, 106-120, 152-174, and 220-224 were not used, leaving a total of 172 bands for
further analysis. This imagery was collected as part of the HyspIRI Airborne Campaign, a
NASA mission that captured airborne imagery from various areas of California between
2013-2017 to investigate the capabilities of combined hyperspectral and thermal sensing for
a proposed satellite mission with global coverage (Lee et al., 2015). We used imagery from
three flights that were flown on 6 June 2013, 3 June 2014, and 2 June 2015, capturing the
peak summer growing season for many Central Valley crops.

The imagery was captured during severe drought conditions in California with high
temperatures and persistent below-average rainfall, which led to a state of drought emergency
declared in January 2014 and lifted in April 2017 (USGS, 2018). The three-year event from
2012 to 2014 is estimated to be the most severe drought in 1200 years, while the cumulative
effect of the drought from 2012 to 2015 is unprecedented in its severity (Griffin &

Anchukaitis, 2014; Robeson, 2015). As another metric of the severity of the drought, the
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United States (US) Drought Monitor reported that for the week closest to the image
acquisition in 2013, over 53% of the state was facing severe, extreme, or exceptional drought.
By June 2014, that percentage was up to 100%, and by June 2015, over 93% of the state still
remained in these most severe drought categories (US Drought Monitor, 2018).
2.2.2.2. Crop Polygons

To train and validate the crop classification, we relied upon digitized polygons of crop
fields provided by Kern, Kings, Fresno, and Tulare counties. The Kern County data layer was
acquired through the Kern County Spatial Data website (http://www.kernag.com/gis/gis-
data.asp). The Kings, Tulare, and Fresno shapefiles were acquired from each of the respective
counties at the request of the researcher. These crop layers are compiled each year as part of
a statewide pesticide permitting and use reporting program, which requires farmers in
California to obtain permits for any pesticide use. The program resulted in county shapefiles,
which detailed the distribution of crops and their pesticide use, being distributed to the public
at the discretion of each county. Training and validation data were filtered to only include
crops that were registered as being planted prior to and harvested after the flight date. Fields
registered as containing interplantings and multicrops accounted for roughly 5% of crop
polygons, and were excluded. It needs to be noted that these geographic information system
(GIS) data layers obtained from the counties were not guaranteed to be comprehensive. In
fact, this study operates on the assumption that the validation layers provide information on
only a portion of the total study area, and are not exhaustive. Therefore, the increase or
decrease in the number of validation polygons for each year cannot be taken to be indicative

of the actual change in crops, but rather indicative of the completeness of the validation data.
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2.2.3. Spectral Mixture Analysis

In order to separate soil or fallow pixels from those of agricultural plant matter, a spectral
mixture analysis was run on each of the three images to obtain fractional green vegetation
cover. Multiple Endmember Spectra Mixture Analysis (MESMA, Roberts et. al 1998) uses a
linear mixture model to unmix pixels into fraction images while allowing the number and
types of endmembers to vary on a per-pixel basis, thus better accounting for endmember
variability. Pixels were modeled as a mixture of green vegetation (GV), soil, non-
photosynthetic vegetation (NPV), and shade. Image endmembers were chosen from each of
the three images from 2013, 2014, and 2015 by selecting pixels with high overall reflectance
from each of the three endmember categories that were well-distributed spatially throughout
the image in order to capture the variability from north to south along the flight line. A
combined library of all of the chosen endmembers, consisting of eight NPV, 10 Soil, and 21
GV endmembers, was used for analysis in order to obtain consistent results throughout the
years. MESMA was partially constrained by requiring shade fractions to vary between 0-0.8,
and setting a maximum allowable root mean squared error (RMSE) of 0.025. The spectral
mixture result was then shade normalized by dividing each non-shade component, GV, NPV,
and soil by the sum total of all of the non-shade components in that pixel to obtain physically
realistic fraction estimates (Adams et al., 1993). Only those pixels that contained 50% or
more shade-normalized GV were chosen for training and validation, as this was decided as

the threshold for classifying a pixel as a crop.
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2.2.4. Classification
2.2.4.1. Class Selection

Due to the high diversity of crop species in the Central Valley, we focused on a smaller
set of crop classes that would be of the most practical use to stakeholders such as water
managers, farmers, and scientists. Crops were classified into categories defined and used by
the California Department of Water Resources (DWR) to estimate water use (Table 2.1; CA
DWR, 2017). The crops within each category have similar rates of development, rooting
depths, and soil characteristics, and are therefore presumed to have similar water
requirements. Categories were included in the classification if they were prominent in the
area, defined as >20 fields of that category, each of which contained >50% green vegetation,
in the validation layers (Table 2.2). The nine crop categories that had a sufficient number of
fields to be included in this study were alfalfa, almonds and pistachios, corn, cotton, other
deciduous crops, other truck crops, subtropical, tomatoes, and vines. Other crops that are
grown in the area but are not being studied included cucurbits, grains, pasture, safflower, and
sugar beet. Since these “other” crops are not similar in structure or phenology, we did not
attempt to group them into a combined category for classification. In other agricultural
regions where less frequent crops show a higher degree of similarity, adding an “other crops”
group to the classification could be an appropriate way to decrease error. However, the
number of fields and total area for each crop show that all of the “other” crops accounted for
less than 1% of the total validated area in each of the three years, leading us to the assumption
that the error due to the omission of these crops in our classification and crop area calculations

will be low.
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Table 2.1. Crop groupings from California Department of Water Resources

(DWR).
I Included in
Crop Class Definition Study
. Wheat, barley, oats, miscellaneous grain and
Grain . . No
hay, and mixed grain and hay
Rice Rice and wild rice No
Cotton Cotton Yes
Sugar Beet Sugar beets No
Corn Corn (field and sweet) Yes
Dry Bean Beans (dry) No
Safflower Safflower No
Flax, hops, grain sorghum, sudan, castor beans,
Other Field miscellaneous fields, sunflowers, hybrid No
sorghum/sudan, millet, and sugar cane
Alfalfa Alfalfa and alfalfa mixtures Yes
Clover, mixed pasture, native pastures, induced
high water table native pasture, miscellaneous
Pasture No
grasses, turf farms, bermuda grass, rye grass, and
Klein grass
Yes,
Processing Tomato Tomatoes for processing combined
with fresh
Yes,
Fresh Tomato Tomatoes for market COTV?;Q ed
processing
Cucurbit Melons, squash, and cucumbers No
Onion Garlic Onions and garlic No
Potato Potatoes No

Artichokes, asparagus, beans (green), carrots,
celery, lettuce, peas, spinach, flowers nursery
Other Truck Crops and tree farms, bush berries, strawberries, Yes
peppers, broccoli, cabbage, cauliflower, and
brussels sprouts

Almond Pistachio Almonds and pistachios Yes
Apples, apricots, cherries, peaches, nectarines,
Other Deciduous Crops pears, plums, prunes, figs, walnuts, and Yes

miscellaneous deciduous
Grapefruit, lemons, oranges, dates, avocados,

Subtropical olives, kiwis, jojoba, eucalyptus, and Yes
miscellaneous subtropical fruit
Vine Table grapes, wine grapes, and raisin grapes Yes
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Table 2.2. Number of validation fields and total area for fields containing >50%
green vegetation.

Crops Number of Fields  Total Area (km?)
Studied Crops
Alfalfa 340 954.4
Almond/Pistachio 442 3305.3
Corn 97 236.8
Cotton 22 64.6
Other Deciduous Crops 2174 1517.8
Other Truck Crops 22 76.5
Subtropical 634 769.5
Tomato 29 87.6
Vine 350 478.1
Other Crops
Cucurbit 3 1.1
Grain 1 5.2
Pasture 8 13.7
Safflower 3 21.8
Sugar Beet 4 8.0
Uncultivated 17 15.0

2.2.4.2. Random Forest

The random forest classifier (Breiman, 2001) is an ensemble classification and
regression technique that creates a forest of classification trees by randomly selecting subsets
of the training data with replacement for each tree, randomly selecting a variable to split at
each node, and then creating a multitude of decision trees that vote for the most popular class.
Random forest was chosen for this study due to its computational efficiency and proven high
performance (Gislason et al., 2006; Pal 2005). Five hundred trees were computed using
150,000 cases of nine crop classes with 172 spectral variables.

We randomly selected fields from each year to be used for either training or validation
in order to minimize inflated accuracies due to spatial autocorrelation. Seventy percent of
fields were assigned as training data, while the other 30% were set aside for independent

validation. From the training fields, 50,000 pixels from each year were randomly chosen from
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the pixels that contained >50% green vegetation, and then combined, creating a training set
of 150,000 pixels across the three dates. As suggested by Millard and Richardson (2015),
pixels were randomly sampled to create a training dataset that was representative of the true
class proportions within the study area. A random forest was generated from these 150,000
pixels, to be used to classify each of the three images.

A 50% GV threshold was used as the cutoff for selecting pixels for training and
validation in the random forest in order to maximize accuracy while also maintaining
validation data for the most infrequent categories, particularly the tomato, cotton, and other
truck crop classes that had the fewest training fields. To determine the threshold, 10 trial
random forests were run to estimate the classification accuracy for each crop class using
threshold levels ranging from 10% GV to 100% GV at 10% increments. Each run used 10,000
randomly selected pixels and populated 500 trees. We found that while the majority of the
crop classes increased in accuracy as the threshold increased, the tomato class began
declining in accuracy after the 50% threshold due to a significantly reduced training sample
size, and there were no training or validation data available in our study area when the GV
threshold was >80% (Figure 2.2). Therefore, in order to include tomatoes in our
classification, we chose a 50% GV threshold. Additionally, mixed pixels may not be
spectrally similar to the pure pixels of the classes that they contain, so using only pure pixels
to train a classifier can increase the error in areas with a high proportion of mixed pixels
(Foody & Cox, 1994). To this point, we aimed to choose a threshold that could capture
diversity within each crop category, and felt that a high GV threshold would be restrictive in
that it may exclude younger crops or certain species of crops within each class (e.g., widely

spaced trees in orchards). Therefore, 50% was chosen as a compromise between attaining
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high accuracy within all of the classes while also fairly representing the diversity within each
crop class. Training a classifier on mixed pixels for agricultural applications has been shown
to have similar accuracy as training on pure pixels (Foody & Mather, 2006).

For each year, a pixel-level classification was generated using the multi-year random
forest. From this image classification, independent validation was conducted using the 30%
of fields that were not used for training. From the validation fields 10,000 pixels containing
at least 50% or more green vegetation were randomly chosen from each image for a total of

30,000 validation pixels over the three dates.
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Figure 2.2. Out-of-bag (OOB) accuracy for each of the nine crop categories at different
pixel green vegetation (GV) fraction threshold levels.

2.2.4.3. Field-Level Reclassification

Since multicroppings or interplantings were excluded from the training and validation,
each field was assumed to be growing only one crop type. Therefore, to improve the results
of the classifier for analysis of changes in crop area, a majority filter was applied to the
random forest classification result to reclassify each pixel of a field as the crop category to

which the plurality of pixels in that field were classified. For example, if 10% of the pixels

22



in a field were classified as tomato, 30% as alfalfa, and 60% as corn, all of the pixels in that
field were reclassified as corn. Fields and their boundaries were defined from the crop
polygon validation database. Only fields that contained a certain threshold of green
vegetation were included in the field level reclassification in order to remove fallow fields
from analysis. Two different field-level GV thresholds, 25% and 50%, were chosen to assess
the impact of a field-level threshold on accuracy results. Final crop planting assessments were
conducted using the 50% field-level threshold for an increased accuracy of analysis.
2.2.5. Accuracy Assessments

Three different classification accuracies were computed and will be discussed. The first
is the pixel-level out-of-bag (OOB) error calculated by the random forest. The OOB error is
an estimate of error that uses subsampling and bootstrapping to estimate the error of a sample,
using only trees of the random forest that do not include the data point being validated
(Breiman, 2001). The second reported accuracy is pixel-level independent validation using
classified pixels that were not included in training the random forest and were not in the same
field as any pixel in the random forest training set. The third accuracy is a field-level accuracy

using the majority reclassification of pixels in each field.
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2.2.5.1. Multispectral Imager Comparisons

To assess the benefit of a 224-band spectrometer such as AVIRIS over more commonly
available multispectral sensors, a random forest classifier was run with simulated Landsat
Operational Land Imager (OLI) and simulated Sentinel-2B data for accuracy comparison.
AVIRIS images from all three of the dates were spectrally convolved to Landsat OLI bands
1-7 and 9 and to all of the bands of Sentinel-2B. The spatial resolution was kept constant at
18 m. These simulated images were then run in random forest using 500 trees, the same nine
crop categories, and the same 150,000 training points that were used for the AVIRIS
classification. OOB accuracy at the pixel level and field level were both computed for
analysis.
2.2.5.2. Portability Analysis

To evaluate the portability of this method to images that are not included in the
classification, three trial random forests were run where each random forest was trained with
two of the study images, and then tested on the third image. For each of these random forest
runs, 50,000 pixels from each of the two training dates were used to train the random forest,
which populated 500 trees. Field-level accuracy is assessed for each of the three resultant
classifications.
2.2.6. Case Study on Farmer Decision-Making

Using random forest and the majority-filtered reclassification with a 50% GV threshold,
predictive crop maps were generated for each year. After random forest was run on each
AVIRIS image, a multi-year field polygon layer was used to identify individual fields for
majority reclassification. Therefore, classified fields were not constrained to those fields that

were included in the validation layer from a specific year, but could include any field in the
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study area that contained 50% or more green vegetation, whether it was registered as part of
the validation layer or not. From these maps, crop area was assessed to analyze changes in
cropping patterns within the study area over the course of the drought. We then used these
maps to evaluate the hypothesis that higher-value, perennial crops were prioritized during the
drought by analyzing factors including water use, economic value, and crop lifespan against
the change in the planted area.
2.3. Results
2.3.1. Classification Accuracy

Comparative error between the three accuracy assessments were broken down by class
and year (Table 2.3), and then each accuracy assessment was individually analyzed and
broken down by crop class in tables 4-6.
Table 2.3. Accuracies by crop class and year. Independent pixel and field-level

validations report accuracy as the average of the producer’s accuracy (sensitivity) and
user’s accuracy (positive predictive value).

Out-of- Independent Validation Field-Level Accuracy after
Crops Bag Pixel-Level Accuracy by Mayjority Filter with 50%
Accuracy Year (%) GV Threshold (%)
All Years 2013 2014 2015 2013 2014 2015
Alfalfa 93.7 94.5 87.6 93.0 94.2 94.7 97.1
Almond
and 98.8 96.1 96.2 94.2 88.9 91.7 95.6
Pistachio
Corn 90.9 93.1 77.0 95.1 98.3 93.8 94.1
Cotton 86.2 73.5 45.7 21.5 73.3 83.3 85.7
Other 90.2 861 826  85.0 956 953 96.6
Deciduous
Other Truck 88.0 76.4 78.6 NA 100.0 100.0 68.8
Subtropical 88.0 83.9 81.8 80.6 92.3 93.2 92.9
Tomato 97.2 NA 92.3 89.2 100.0 100.0 97.1
Vine 84.5 77.2 70.2 83.5 88.3 90.6 93.4
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Table 2.4. Error matrix for pixels (150,000 total) assessed using random forest OOB
accuracies. Abbreviations are used for crop groups: Alfalfa (AF), Almond/Pistachio
(AP), Corn (CR), Cotton (CT), Other Deciduous Crops (OD), Other Truck Crops (OT),
Subtropical (ST), Tomato (TO), and Vine (VI). Crop group accuracies assessed by user’s
(positive predictive value) and producer’s (sensitivity) accuracies. Overall OOB
accuracy reported.

Reference Data
AF AP CR CT OD OT ST TO VI Total
AF 17,733 295 8 13 521 4 71 16 256 18,917
AP 34 64449 1 7 497 3 178 8 42 65,219
CR 50 126 3645 17 160 1 3 2 4 4008
CT 40 88 3 1347 62 0 5 3 14 1562

Classifiod M 194 1514 7 11 26,821 0 837 12 283 29,679
oT 36 23 0 7 111 1877 12 2 66 2134
ST 36 694 1 7 1205 8 15067 5 96 17,119
TO 18 14 1 0 3 0 4 1660 8 1708
VI 240 212 1 12 88 10 150 8 8109 9600
Total 18,381 67,415 3667 1421 30,238 1903 16,327 1716 8878
U:gg S 93.7% 98.8% 90.9% 86.2% 90.4% 88.0% 88.0% 97.2% 84.5%
Pr"i‘éger 5 96.5% 95.6% 99.4% 94.8% 88.7% 98.6% 92.3% 96.7% 91.3%

OOB Acc. 93.8%
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Table 2.5. Error matrix for independently validated pixels (30,000) by crop type for all
of the years combined. Accuracy assessment includes the user’s (positive predictive
value) and producer’s (sensitivity) accuracies for each crop and the total overall kappa
and accuracy. Abbreviations are used for crop groups: Alfalfa (AF), Almond/Pistachio
(AP), Corn (CR), Cotton (CT), Other Deciduous Crops (OD), Other Truck Crops (OT),
Subtropical (ST), Tomato (TO), and Vine (VI).

Reference Data
AF AP CR CT OD OT ST TO VI Total
AF 3891 12 22 8 52 3 2 43 85 4118

AP 66 12,395 46 94 313 1 189 5 75 13,184
CR 42 1 971 2 13 0 0 0 0 1029
CT 15 3 13 161 5 3 0 0 2 202
Classified oD 226 256 75 48 5479 21 305 3 283 6696
oT 0 0 1 0 4 55 0 0 1 61
ST 45 70 2 5 280 4 2404 1 145 2965
TO 9 1 2 0 3 0 1 292 0 308
VI 52 13 2 5 87 10 20 4 1244 1437

Total 4346 12,751 1134 323 6245 97 2921 348 1835
User’s Acc. 94.5% 94.0% 94.4% 79.7% 81.8% 90.2% 81.1% 94.8% 86.6%

Pr"ﬁ‘éger S 89.5% 97.2% 85.6% 49.8% 87.7% 56.7% 82.3% 83.9% 67.8%

Kappa 0.86
Overall Acc. 89.6%
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Table 2.6. Error matrix for reference fields (4110 total) from the majority filter
reclassification for all of the years combined. This error matrix only includes fields with
50% of more green vegetation. Accuracy assessment includes the user’s (positive
predictive value) and producer’s (sensitivity) accuracies for each crop and the total
overall kappa and accuracy. Abbreviations are used for crop groups: Alfalfa (AF),
Almond/Pistachio (AP), Corn (CR), Cotton (CT), Other Deciduous Crops (OD), Other
Truck Crops (OT), Subtropical (ST), Tomato (TO), and Vine (VI).

Reference Data
AF AP CR CT OD OT ST TO VI Total

AF 324 0o 1 3 4 0 1 1 4 388
AP 1 432 2 2 4 0 12 0 5 498
CR 2 0 92 1 1 0 0 0 0 9
CT 1 0o o0 15 1 0 0 0 0 17

Classiticd T 9 6 2 1 2095 4 42 0 38 2197
oT o o o0 ©0 0 17 0 0 0 17
ST 2 4 0 0 24 0 518 0 6 614
TO o o o0 ©0 0 0 0 28 0 28
Vi 1 0 o0 0 5 1 1 0 297 305

Total 340 442 97 22 2174 22 634 29 350
User’s Acc. 95.9% 86.7% 95.8% 88.2% 95.4% 100% 94.1% 100% 97.4%

Pmﬁgger’s 95.3% 97.7% 94.8% 68.2% 96.4% 77.3% 91.2% 96.6% 84.9%
Kappa 0.91

Overall Acc. 94.4%

2.3.1.1. Out-of-Bag Accuracy

The random forest classifier showed high overall accuracy of 93.8% when accounting

for all of the years and all of the crops. Table 2.4 details the errors by crop class through an

error matrix that sums to 150,000 points, which is the number of pixels that was used to train

and build the random forest. With over two million possible training pixels, the pixels used

in the random forest account for 7.4% of the total. All of the crops had user and producer

accuracies over 84%, and alfalfa, almond and pistachio, corn, and tomatoes resulted in

accuracies of over 90%. Since training pixels were selected randomly throughout the image,

the number of pixels per class was representative of the proportional crop area in the study

site. Therefore, the number of pixels was highly variable by class, with almond and pistachio
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pixels amounting to more than 64,000, while less prevalent crops such as tomato, cotton, and
other truck crops had fewer than 2000 pixels each.
2.3.1.2. Independent Validation

Independent validation produced an overall accuracy of 89.6% when accounting for all
of the years and all of the crops, which was lower than the OOB accuracy by around 4%. This
decline in accuracy when validating independently is likely because the independent
validation accounted for the potential of spatial autocorrelation, which is likely to inflate
OOB results. The OOB assessment used the same data for training the classifier as for
validation, whereas the independent validation relied on 30,000 pixels randomly selected
from polygons separate from those used in training. These 30,000 pixels made up only 1.6%
of the 1.87 million potential validation pixels; those with GV greater than 50% that were not
used in the random forest. The tree categories, almond/pistachio, other deciduous, and
subtropical had the highest consistency between years with overall accuracies changed by
less than 4% between the years (Table 2.3). Cotton and truck crops were less consistent in
accuracy from year to year than the other crop categories, and this inconsistency may be due,
in part, to these two classes having two of the three fewest numbers of pixels used in the
random forest. Accuracy for other truck crops in 2015 was not applicable (NA), because the
user’s accuracy was NA for that year (zero correctly classified truck crop pixels/zero total
classified truck crop pixels). Accuracy was NA for tomato fields in 2013 because no tomato
pixels were identified in the validation layer for that year. Despite this omission, tomatoes
were included in the study, as they are a major crop group in the area with a sufficient number

of training and validation polygons from 2014 to 2015.
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Table 2.5 details the errors associated with each crop type. The classification of alfalfa
resulted in high accuracies of near or over 90%. Almond and pistachio trees showed
consistently high user and producer accuracies of 94.0% and 97.2%, respectively. The
random forest was more likely to erroneously classify other crop classes as almond and
pistachio than it was to misclassify almond and pistachio trees. This result was likely because
the pixels of almond and pistachio trees were very prevalent in the study area, leading to a
large amount of randomly sampled pixels for training, and leading the classifier to favor this
class over less frequently occurring classes. Other deciduous crops and subtropical crops
were most likely to be misclassified by or as each other or as almond and pistachio,
illustrating that tree crops were likely to be misclassified as another tree crop. Importantly,
the three tree crop categories showed a tendency toward being overmapped, while the other
six classes of non-tree species were all undermapped by the classifier. Of those, cotton and
other truck were the most likely to be undermapped, with producer’s accuracies of 49.8% and
56.7%, respectively. The results showed that the classes that were more prevalent and had
more validation data were more likely to have higher accuracy than the infrequent classes.
2.3.1.3. Field-Level Validation after Majority Filter

The final majority-filtered reclassification of pixels to create fields that contained only
one crop type had the highest accuracy at 94.4%. The overall accuracy is computed as the
percentage of total fields that were correctly classified using random forest and a majority
filter. The higher field-level accuracy obtained by the reclassification confirmed assumptions
that using a majority filter would smooth out the stray pixels that may lie between rows of
crops or that capture weeds or other plant matter growing near the crop, which may lead to

classification confusion. When assessing the majority-filtered reclassification results by year
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(Table 2.3), seven of the nine classes had accuracies over 80% in all three years, with other
truck crops and cotton being the exceptions. An important finding is that the field-level
classification improved the pixel-level classification the majority of the time when a 50% GV
threshold was used at the field level. When assessing pixel and field-level accuracies over all
three years (tables 5 and 6), the only accuracy that decreased from the pixel to the field level
was the user’s accuracy of almond and pistachio orchards. As the most common crop
category, assessing the accuracy at the field level increased the overmapping of this class.
However, all of the other user and producer’s accuracies increased. When looking at the
accuracies separated by year and by class (Table 2.3), 22 of the 27 classes improved in
accuracy from the pixel to the field level.

The field-level accuracies in tables 3 and 6 were computed using a 50% GV threshold,
meaning that only fields that had at least 50% green vegetation or more were included in the
accuracy assessment. The GV threshold represents a trade-off between accuracy and
inclusivity. A higher GV threshold will decrease the risk of including fallow fields in the
classification, but it will also increase the risk of excluding fields of crops that should be
included. Table S1 details accuracy by class with a 25% threshold for comparison. Using a
50% GV threshold increases both user and producer’s accuracies for all of the crops over the
25% GV threshold, while excluding almost 1700 fields with an average green vegetation
fraction between 25-50%. When the higher threshold is used, infrequent crop categories such
as cotton and other truck crops increase substantially in producer’s accuracy, and prevalent
crop categories, such as almond/pistachio and other deciduous crops, increase substantially

in user’s accuracy. The random forest is most likely to classify ambiguous pixels as one of
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the most common classes, and therefore overclassifies common classes and underclassifies
rarer classes when a lower field threshold is used.

With a 50% GV threshold, alfalfa, corn, other deciduous, subtropical, and tomato crops
all showed user and producer accuracies over 90%. Of all of the crop categories, cotton had
the lowest user and producer accuracies. The low accuracy of cotton may be attributable to a
few different reasons. First, the sample size was small (22 fields with greater than 50% GV),
so training data was limited. Second, early June was likely not the best time of year for the
classification of cotton, because cotton is planted in March and April, but does not reach
maturity for 180-200 days (CCGGA, 2017). Later in the summer may be a better time of
year for quantifying total cotton extent. However, while the user and producer accuracies of
cotton were low, only 22 fields of 4110 total fields in our dataset were planted in cotton.
Therefore, the overall classification accuracy is not impacted much by this error.
2.3.1.4. Band Importance

To better understand the success of the random forest classifier, the mean decrease
accuracy (MDA) was calculated for each wavelength (Figure 2.3). MDA can be interpreted
as the number of pixels that would be misclassified if a given wavelength was removed from
the random forest classifier. The 400—750 nm range, encompassing visible and red-edge
portions of the spectrum, showed overall higher MDA scores than the near infrared (NIR) or
shortwave infrared (SWIR) regions. The red-edge region in particular had the highest MDA
score, followed by the blue region in the 400-nm range. Additionally, wavelengths on the
edge of bands that were removed due to the high influence of water vapor showed higher
importance than bands that did not border a water vapor region. For example, the NIR band

at 957 nm showed a higher MDA score than any other band in the NIR. Some possible
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explanations for these results will be explored further in the discussion. Although 704 nm
had the highest MDA, only about 80 pixels would be misclassified out of 150,000 if it were

removed. The small error is likely due to the high correlation between bands.
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Figure 2.3. Mean decrease accuracy (MDA) is plotted for each wavelength on the
primary y-axis, while a green vegetation spectrum is overlaid on the secondary y-axis in
order to highlight which bands and band regions were most important for the random
forest classification. A higher mean decrease accuracy score denote bands of higher
significance.

2.3.1.5. Landsat and Sentinel Comparisons

We used pixel-level and field-level classification accuracies to compare the results of the
random forest classifier on AVIRIS, Landsat-simulated, and Sentinel-simulated data (Figure
2.4). The Landsat and Sentinel-2 simulated datasets had the same spatial resolution and
signal-to-noise ratio (SNR) as the AVIRIS data. The only difference between the three
datasets was their spectral resolutions. The results showed that AVIRIS performed better than
or on par with either of the simulated sensors at both the pixel and field levels. Overall field-

level accuracies were 90.4% with Landsat and 91.7% with Sentinel, as opposed to 94.4%
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with AVIRIS. Overall accuracies for both Landsat and Sentinel for all of the crop classes
remained high with over 70% accuracy at the field level. The accuracies of the three sensors
were within 10% of each other at the field level for every crop. Sentinel was less accurate

than AVIRIS for most of the crop categories, but it was more accurate than Landsat.
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Figure 2.4. Pixel-level and field-level percent accuracies for random forest run with the
Airborne Visible/Infrared Imaging Spectrometer (AVIRIS), Landsat-simulated, and
Sentinel-2B-simulated imagery. Pixel-level accuracy reported as the random forest OOB
accuracy. Field-level accuracy is reported as the average of the producer’s and user’s
accuracies for all three years. Field-level accuracies contained all of the classified fields
with 50% GV or more.

2.3.1.6. Portability Assessment
The portability of the hyperspectral random forest classification was tested by training
the random forest on two of the three years, and then using that random forest to classify the

third year. Accuracy was assessed at the field level. The results of the portability runs show
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high variability in accuracy between years (Table 2.7). For example, other deciduous crops
had a high accuracy of approximately 87% when classifying fields in 2013 and 2015, but
accuracy of only 54.1% in 2014. Other truck crops and cotton had the lowest accuracies in
every year, with tomato crops being completely unable to be classified without a multi-year
library, and cotton having a highest yearly accuracy of only 32.1%. Other truck crops and
tomatoes had NA accuracies in some years, which resulted from a user’s accuracy of NA that
was calculated when dividing zero correctly classified fields by zero total fields classified as
that crop. Almond and pistachios had the greatest consistency in accuracy across the three

years, with changes in accuracy of less than 10% between the three years.

Table 2.7. Field-level accuracies, reported as the average of the producer’s and user’s
accuracies, for random forest (RF) runs trained on the two years that it was not used to
classify. The percentage decrease in accuracy is the difference between the accuracy of
RF trained with all three years (Table 2.3) and the RF trained with two years. Field-level
classification used a majority filter on fields with 50% GV or higher.

Crops Field-Level Accuracy (%0) Perce:\t Decrease in
ccuracy
2013 Trained 2014 Trained

on 2014 and on 2013 and

2015 Trained on

2013and 2014 2013 2014 2015

2015 2015
Alfalfa 74.7 541 87.4 19.5 40.6 9.7
Almond
and 71.1 66.7 70.5 17.8 250 251
Pistachio
Corn 86.7 68.8 89.9 11.6 25.1 4.2
Cotton 28.3 0 321 450 833 536
Other
. 87.0 541 87.3 8.6 41.2 9.3
Deciduous
Other NA NA 0 NA NA 688
Truck
Subtropical 78.2 62.3 66.5 14.1 309 264
Tomato 100 NA 61.8 0 NA 35.3
Vine 71.9 61.3 78.3 16.4 29.3 15.1
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2.3.2. Central Valley Case Study: Changes in Cropping Patterns

Visual analysis of the crop classification maps from 2013, 2014, and 2015 showed
overall good cohesion between the general spatial patterns throughout time. Figure 2.5 shows
the field-level classification of the study area from 2013 as an example of the overall cropping
patterns that did not shift over the course of the drought, while figures 6 and 7 highlight finer
scale changes in cropping over the course of the drought. The subtropical, other deciduous,
and vine crops were concentrated in the northern part of the study area, and the almond and
pistachio fields were mainly in the southern portion of the site. The other crop types were

scattered throughout the flight line.
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The number of fields classified in each year declined over time, with a decrease of around
100 fields a year (Table 2.8). Table 2.8 also details the percentage of these classified fields
that were included in the validation layer for that year. The results showed that overall, 58.7%
of the classified fields were not included in the validation polygon layer. This discrepancy
reflected incomplete data in the county crop maps, indicating that a majority of the actively
growing fields in the study area were not recorded in the pesticide-permitting database. This

underscores the value of remote sensing methods for analyzing the planted crop area.

Table 2.8. Number of classified fields each year.
Classified Fields

2013
Percent included in validation layer 39.0%
Percent not included in validation layer 61.0%
Total number classified 3469
2014
Percent included in validation layer 36.4%
Percent not included in validation layer 63.6%
Total number classified 3361
2015
Percent included in validation layer 48.9%
Percent not included in validation layer 51.1%
Total number classified 3235
N W Atalfa
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Figure 2.6. Portion of the southern study area (midpoint: 35°27'42 E, 119°40'33 N),
illustrating the decrease in area of other truck crops, alfalfa, and cotton over the drought
with relative stability in area of almond and pistachios.
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Figure 2.7. Portion of the northern study area (midpoint: 36°20'36 E, 119°28'30 N)
highlighting an increase in tomato extent over the course of the drought as well as a
decrease in alfalfa extent.

Summation of the crop area from 2013 to 2015 (Table 2.9) showed that, similar to the
number of fields classified, the overall crop area declined each year, with approximate
declines of 32 km? over two years. Alfalfa, cotton, corn, and truck crops all showed marked
declines from 2013 to 2015 with decreases in area of approximately 29%, 50%, 84%, and
89%, respectively, in those two years, as exemplified in Figure 2.6. Tree crops including
almond and pistachio, other deciduous trees, and subtropical crops showed some fluctuations
over the three years, but had overall greater consistency over time than the other crop classes.
From 2013 to 2015, those three tree crop categories showed the smallest fluctuations in crop
area, with less than 7% overall change for any of those groups. Tomatoes and vines were the
two categories that increased over the course of the drought, with tomatoes showing a 128%

increase and vines a 34% increase from 2013 to 2015 (Figure 2.7; Table 2.9).
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Table 2.9. Classified crop area.

Crops Cropland (km?) Change in Area
2013 to 2014 to 2013 to
2013 2014 2015 2014 2015 2015
Alfalfa 68.6 57.1 48.7 —-16.8% -14.6% —28.9%
Almondand 1509 1315 1282 5.3% ~2.5% 2.6%
Pistachio
Corn 25.1 14.0 12.7 —44.3% -9.5% —49.6%
Cotton 17.2 1.5 2.7 -91.4% 85.4% —84.1%
Other Deciduous 74.2 77.8 76.7 4.8% -1.4% 3.4%
Other Truck 3.4 3.4 0.4 0.3% —89.4% —89.4%
Subtropical 26.6 34.7 24.9 30.3% —28.4% —6.7%
Tomato 6.9 5.7 15.8 —-18.0% 178.2% 128.0%
Vine 16.0 17.7 21.2 11.0% 19.7% 32.9%
Total 362.9 343.3 331.2 —5.4% -3.5% —8.7%

2.3.3. Central Valley Case Study: Crop Area in Relation to Environmental and Economic
Drivers

Using average water inputs per area in the Tulare Lake Hydrologic Region for each of
these crop categories, the estimated required water inputs are shown in Table 2.10. The
overall water requirement of the study site was estimated to have declined over the course of
the drought by around 0.02 km?® of water yearly, due to increases in fallowed land. Figure 2.8
shows an average water requirement per crop group by the change in planted area from 2013
to 2015 to better understand whether the water requirement of a crop was a key factor in
planting decisions. This analysis revealed no strong correlation between the change in crop
area and average water inputs, showing that the crops that needed the largest water inputs did

not experience larger declines in area than the crops that required less water.
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Table 2.10. Estimated water inputs per year calculated using the median water
application by crop type in the Tulare Lake Hydrologic Region from 1998 to 2010 (CA
DWR, 2017) and the classified area (Table 2.9).

Average Water Total Water Application (km*® Multiplied
Application per by 1000) Calculated with the
Hectare (Thousand m?®) Classification Maps
2013 2014 2015
Alfalfa 15.1 103.9 86.5 73.8
Almond and 12.4 154.6 162.7 158.7
Pistachio
Corn 9.6 24.2 135 12.2
Cotton 9.4 16.1 1.4 2.6
Other Deciduous 11.9 88.2 924 91.2
Other Truck 4.3 15 15 0.2
Subtropical 9.8 26.1 33.9 24.3
Tomato 6.9 4.8 3.9 10.9
Vine 8.2 13.0 14.5 17.3
Total 432.3 410.3 391.1
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Figure 2.8. Assessing correlation between the change in crop area over the drought
(Table 2.9) and the average water use of each crop (Table 2.10).

Crop market value, crop value per unit water, and shifts in value over the drought may
have played a role in planting decisions. It is interesting to note that tomatoes and grape vines
were the two crops that showed increases in area as the drought progressed, and they are also

the crops that have a high value per area. In 2014, fresh tomatoes had an average value in
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California of $27,088 per hectare and grapes (all varieties, wine and raisin) of $14,960 per
hectare. By contrast, the value per hectare for alfalfa, corn, and cotton were $3121, $1915,
and $5772, respectively (CDFA, 2015). While a detailed economic analysis is outside of the
scope of this paper, the increase in area of higher value crops over the course of the drought
is noteworthy and warrants further study.

Finally, crop lifespan was analyzed in conjunction with changes in cropping area. Figure
2.9 shows changes in cropping area from 2013 to 2015 segmented by the average number of
years that a crop is in production once planted. The results showed the greatest declines
occurred in annual crops. The mid-lifespan group had smaller percentage declines, and the
long lifespan group showed a small increase in the percentage of crop area over the span of
the drought. The results indicated that there is a correlation between lifespan and change in
crop area that is likely to be of importance when studying the agricultural impacts of future

drought events.
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Figure 2.9. Change in percentage crop area by crop lifespan. Annual crops include corn,
cotton, other truck crops, and tomatoes. The two to five-year range includes alfalfa. The

greater than 15-year group includes almond/pistachio, other deciduous crops,
subtropical, and vines.

2.4. Discussion
2.4.1. Challenges and Caveats

Mapping crops is an integral part of understanding the water budget and needs of
agricultural areas. However, mapping managed vegetation with remote sensing presents a set
of challenges that are unique from natural vegetation. For one, annual crops are regularly
planted, grown, harvested, and fallowed within a few months’ time. Land cover can change
rapidly, and fields include crops in various stages of growth that may lead to large variations
in plant cover, soil fraction, and shade. Secondly, crops are actively managed. Two fields of
the same crop, side by side, may receive different management strategies in regard to

pesticides, planting geometry, soil additives, soil type, irrigation system and schedule, and
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the timing of planting. These differences may lead to significant spectral variations within
crop types (Galvéo et al., 2016; Pinter et al., 2003). Thirdly, because crops are commonly
rotated and fallowed, validation information needs to be precise in time in order to accurately
capture the agricultural landscape that coincides with the flight schedule. The goal of this
study was to determine how useful remotely sensed crop maps could be, given these caveats,
for agricultural management at a regional level.

Our estimates of crop extent may have been affected by different sources of error. First,
because this study used a cutoff of 50% green vegetation or more at the pixel and field level,
the final map likely undermapped crop area. Of the 8272 total fields registered in the
validation data layers as having a crop growing at the time of the flights, 4114 (49.7%) had
between zero and 50% green vegetation as assessed by MESMA, and were therefore not
included in the analysis. Fields with less than 50% GV fraction could be indicative of recent
harvests, new plantings, young crops, or fallowed land, which do not all result in the
undermapping of active crop area. Additionally, because of this threshold, yearly changes in
crop extent, particularly of tree crops, could indicate growth of a crop instead of a new
planting. For example, a field of almond trees may have a 45% green vegetation fraction in
2013, 48% in 2014, and 51% in 2015. In this case, the almond field would only be mapped
in 2015, and would imply a sudden increase in planted almond extent, although it had existed
for multiple years. Underestimating area is not unique to our study; it is a challenge of hard
classifications in general. Areal estimation of classes that are changing tend to be
underestimated, while the magnitude of that change is overestimated when classified pixels
are multiplied by the pixel size to the estimated area (Foody, 2002). One possible solution is

to apply a regression correction such as implemented by the National Agricultural Statistics
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Service’s Cropland Data Layer (CDL). The CDL correction uses a sample site with ground-
truth area data to formulate a regression between CDL estimates and truth that is then applied
to the CDL data to adjust the estimates (Johnson, 2013). Such a correction would be
advantageous for future studies, but it does require additional on-the-ground validation data
that was not available for this study.

Second, some green fields in the study area contained a crop that was not included in one
of the nine mapped crop groups. However, the crops that were not included in the study
comprised less than 1% of the crop area, so the errors associated with their absence in the
study are assumed to be low. Third, crop rotation may be one reason that the extent of annual
crops fluctuated more than the perennial crops. Crop rotation was not accounted for in our
crop extent estimates, as one image per year is not adequate for capturing such changes.
However, if crops are being rotated, we would still expect the total area of annual crops to
stay somewhat stable through time, even if specific annual crops showed large fluctuations.
Our finding that the total area of annual crops declined with drought is therefore not likely to
be attributable to crop rotation.

Finally, given that the study only used one time point in June for each of the three years,
changes in estimated area could be indicative of a change in the timing of planted crops in
addition to actual fallowing or crop substitution. For example, if farmers planted their tomato
fields three weeks later in 2014 than they planted them in 2013, the tomatoes may not have
reached the 50% green vegetation threshold by early June in 2014, which would have led to
underestimates of tomatoes in that year. Other studies have relied on time series analyses to

confirm fields as fallow (Alcantara et al., 2012; Wu et al., 2014), which suggests that a
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satellite-based imager with a moderate spatial resolution such as Landsat OLI could be used
in tandem with aerial imagery to enhance the validity of fallowing results.
2.4.2. Crop Classification with Imaging Spectroscopy

The classification results showed high overall accuracies of over 89% at the pixel level
and 94% at the field level. High accuracy was expected, in accordance with previous studies
that have discriminated crop types with hyperspectral sensors, but these results are unique in
that they discriminate crops in a highly diverse agricultural landscape as compared to
previous studies that largely focused on large-plot, staple crops (Bandos et al., 2009; Camps-
Valls et al., 2003; Galvao et al., 2005; Galvao et al., 2009; Mariotto et al., 2013; Rao, 2008).
Therefore, the results of this classification enhance the practical relevance of using an
imaging spectrometer in agricultural areas that host a large variety of crop species, such as
California.

The accuracies obtained in this study from AVIRIS exceeded those from simulated
Landsat OLI and Sentinel-2B imagery, although even the Landsat and Sentinel results had
high accuracies at the field level of above 85% accuracy for eight of the nine crop categories.
The increased accuracy of AVIRIS over multispectral sensors is in contrast with the results
of Clark (2017), who found no classification improvement of hyperspectral data over
multispectral data when classifying land cover in California, but showed similar results to
Platt and Goetz (2004), who found modest advantages of AVIRIS over Landsat for
classifications at the urban—rural fringe. Since true Landsat and Sentinel imagery will have
coarser spatial resolutions and a worse signal-to-noise ratio, we hypothesize that the
accuracies of this classification would decrease if actual imagery, and not simulated imagery,

were used. However, given the high accuracies of the simulated data, it seems that the extra
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spectral bands of AVIRIS, while somewhat advantageous for crop classification, do not
confer a large added benefit over the 12 Sentinel bands.

The sensor comparison and the results of the band importance analysis imply that 172
spectral bands, such as those that were used in this study, are somewhat redundant and could
likely be pared down without losing much accuracy. The band analysis highlighted the most
important wavelengths and regions of the spectrum for the random forest classifier, and
pointed to biochemicals and structure as drivers of crop discrimination. The 400—750 nm
region was particularly significant, especially the blue and red-edge regions, showing that the
shape of the green peak and the chlorophyll absorptions provide valuable information for
crop discrimination. The red-edge region has been shown to vary by vegetation stress,
species, and time of year, which can all change the slope and inflection point of the red edge
[67-69]. The blue region is sensitive to chlorophyll-a absorption and has been linked to
senescence, carotenoids, and browning (Thenkabail et al., 2004; Tucker, 1977). The finding
that these two regions are important for crop discrimination is similar to Immitzer et al.
(2006), who found the red edge and the blue bands to be the two most important bands for
crop classification using Sentinel-2 data. Sentinel-2 contains three bands in the highly
valuable red-edge region that may partially account for its ability to classify crops at
accuracies that rival AVIRIS. However, when comparing the blue region, this study found
bands 414 nm and 424 nm to be of high value for crop discrimination, which are shorter than
the Sentinel blue band at 490 nm. The importance of the shorter wavelength blue bands,
bordering on the ultraviolet (UV) region, suggests that the UV may contain a wealth of crop
information concerning characteristics such as wax deposition and metabolites such as

flavonoids and phenolics (Kakani et al., 2003) that could be utilized for discrimination if
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atmospheric scattering did not inhibit its use. Outside of the visible range, the liquid water
feature at 957 nm was identified as important, and many of the bands near the edges of liquid
water regions show high band importance. This result suggests that plant water content and
structure are important drivers of discrimination (Clark, 2017).

While AVIRIS showed modestly higher accuracies for single image crop classification
over Sentinel-2 and Landsat OLI, hyperspectral and multispectral imagers each have unique
strengths that can be complementary for agricultural analysis. Multispectral data may be
preferred to hyperspectral data for its ease of use, shorter processing times, and high temporal
resolution. With rich time series of data, multispectral imagers are especially valuable for
agricultural analysis in application areas such as crop rotation, fallowing, and crop
development, and have shown high accuracies when discriminating crops using time series
(Vuolo et al., 2018; Wardhoff et al., 2017; Wardlow & Egbert, 2008; Wu et al., 2014).
However, time-series data is not always acquirable, especially in cloud-prone areas.
Hyperspectral imagers have high discriminating power that allow for more accurate single-
date classifications that would be highly useful in these areas. The added information in
hyperspectral spectrometers also allow for more accurate mid-season growing assessments
before time-series data become available. Moreover, beyond classifications, the narrow bands
of hyperspectral imagers make them well-suited for attaining biochemical and physiological
plant information (Galvédo et al., 2013, Thenkabail et al., 2013). Therefore, the combination
of these two technologies can allow for classifications under a broad range of circumstances
(mid-season versus end of season) and spatial areas (cloud prone versus clear) combined with
additional analyses of biochemical properties, fallowing patterns, and development that can

be of high importance for agricultural researchers and managers.
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The increased accuracy of field-level classification results over pixel-level results with
AVIRIS suggest that it would be important to first develop an accurate map of agricultural
field boundaries if this method were to be applied in other agricultural areas where GIS data
on farms do not already exist. A possible solution is to use an automated computational
methodology that extracts individual crop fields from Landsat ETM and TM time series, as
detailed in Yan and Roy (2016). This field extraction technique or other object-oriented
methods could be used to identify fields for future crop classification studies.

One challenge of mapping crops is the portability of a methodology across time. First,
crops imaged at different times are in many different phenological stages. We aimed to
capture phenological variability through a multispectral library as suggested by Dudley et al.
(2015), who found that the more variability that is captured within the training data, the more
portable the method. We hypothesize that the high degree of variability between accuracies
trained on two images and tested on a third is attributed partially to how much of the total
variability was captured by the two images. For example, the accuracy of corn in 2014 and
trained with 2013 and 2015 was 68.8% as compared with 86.7% and 89.9% in the other two
years. It is possible that corn in 2013 and 2015 was in a more similar phenological stage than
the corn in the 2014 imagery, so a training library from 2013 and 2015 was unable to capture
the spectral variability of corn in 2014. These results suggest that a larger training dataset that
includes more variability through additional spectra from other years or other times of year
could enhance the portability. Second, portability has to do with the consistency of the dataset
and data products. The reflectance retrieval of the AVIRIS images left visible spectral
artifacts that varied by image date. Since AVIRIS is an airborne spectrometer and the data

products are not automated to the same degree as those from a satellite such as Landsat, there
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is variability between image products that make portability even more challenging. A
spaceborne imaging platform would minimize these challenges and increase the consistency
of the products.

It is important to note that the assessed accuracies of this study’s classification are with
the assumption that the validation layer is 100% accurate, which may not be true. Given that
the accuracy of the validation layer relies upon timely and accurate permit filing by farmers
and the appropriate registration of such information by the county, errors may be present in
the data. However, if there are errors in the validation layer, they would contribute to
confusion in the classification, thereby producing an accuracy that is lower than it really is.
Therefore, we assume that the true accuracy of the classification is as high or higher than the
assessed accuracies. With perfect validation data, it may be possible to increase accuracy.
2.4.3. Implications for Agricultural Management

This study’s findings of fallowing and changes in plantings over the course of the
drought, along with the assessed linkages to relevant drivers, serve as a case study to better
understand the utility of crop classifications in drought-prone areas that rely on irrigation.
Our results concerning the cropped area and possible drivers are consistent with other
economic, policy, and scientific analyses of the 2012—-2016 California drought (Cooley et al.,
2015; Howitt et al., 2014; Melton et al., 2015; Medellin-Azuara et al., 2015; Tortajada et al.,
2017). Table 2.9 shows that as the drought worsened, overall crop area decreased in the study
area, which is a finding that echoes similar assessments of fallowed cropland over California
during this drought (Melton et al., 2015), and is in line with expectations that times of drought
will limit water and force declines in crop production. However, fallowing was not uniform

across crop groups. Our finding that there were larger declines in annual field crops than
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perennial crops is consistent with a study by Melton et al. (2015) that reviewed data from the
County Agricultural Commissioner offices and found that perennial crops showed little
change in area due to drought, while annual crops experienced significant increases in
fallowing. The agreement between our findings and other similar analyses adds confidence
to the accuracy of the results, and implies that our study, although only in a portion of the
Central Valley, has results and implications that may be applicable to California agriculture
as a whole.

When analyzing changes in plantings in conjunction with possible drivers of planting
decisions, our results suggest that farmers’ decisions regarding which crops to grow in times
of drought were not proportional to their water requirements. The reason that crop water
requirements were not a main driver of cropping patterns may have been, in part, due to the
increases of groundwater pumping that partially offset the shortage of surface water
availability during the drought (Howitt et al., 2014). Tortajada et al. (2017) noted that during
the drought, farmers coped with less surface water by fallowing fields, buying water from
other farmers, or pumping groundwater. Since some farmers were able to offset surface water
losses by acquiring water through other means, fallowing fields was not as prevalent as might
be seen in a rain-fed agricultural area where groundwater may not be accessible. This finding
highlights the importance of case studies such as this one for irrigation-dependent areas that
are prone to drought, such as California. The total cropped area in our study area did decline,
suggesting that groundwater pumping and water trading partially offset surface water losses,
but did not fully offset drought impacts. Further, fallowing fields appears to be favored over
changing crops as a strategy employed to save water. However, although a switch to more

water-efficient crops was not observed, farmers may have changed their irrigation system,
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watered less frequently, watered less intensely, or any of a variety of other possible water-
saving strategies. For a full picture of water use, crop mapping could be combined with
measures of water stress, crop health, or soil moisture for a better understanding of the total
crop water budget.

Crop values and the lifespan of a crop are potential drivers of planting decisions that did
show promising correlations with changes in planted area. As perennial crops frequently have
higher value than annual crops, the two factors are discussed in tandem. The results suggested
that farmers shifted their planting choices in favor of more lucrative perennial crops. This
idea is supported by many drought analyses, which found that farmers in California respond
to water scarcity by fallowing lower value-per-unit-water crops (Hanak et al., 2011), and
specifically during the 20122016 drought switched from lower-value field crops to higher-
value nut and fruit crops (Cooley et al., 2015; Howitt et al., 2014; Medellin-Azuara et al.,
2015).

Our results are consistent with those of Tortajada et al. (2017), who found that farmers
will prioritize factors such as the price of goods, net income, and consumer preferences over
water requirements if alternative water supplies, such as groundwater, exist during drought.
These results have implications for the impact of future droughts on agricultural adaptation
and management. With more extreme dry periods in the future, California may begin to see
a shift toward fewer annual plantings and toward more stable, lucrative crops such as fruit
and nut trees, as scarcity in water shifts economic value and farmers are faced with a need to
optimize water and land. However, shifts driven by economic value or crop permanence will
not necessarily lead to diminished water requirements. Although fallowing will reduce

agricultural water demands, preference to plant fruit and nut trees instead of field crops could
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increase relative agricultural water needs. This result exemplifies the idea of maladaptation
to drought, which was posited in Christian-Smith et al. (2015), who stated that coping
strategies to drought can often lead to the increased vulnerability of a system. In this case,
farmers may be shifting to crops that may actually put more pressure on limited water
resources.
2.5. Conclusions

This study used imagery of high spatial and spectral resolution to obtain highly accurate
classifications of crops into groups of similar water use. The results showed classification
accuracy of over 94%, and allowed for an analysis of crop area and cropping patterns in
situations of droughts. The classification results show that an imaging spectrometer improved
crop classification accuracy over multispectral sensors. Crop maps produced from the
classifier showed annual patterns that were consistent with other economic and scientific
analyses of the 2012-2016 drought, and showed that farmers are fallowing fields and
switching to higher-value perennial crops as an adaptation strategy when water becomes
scarcer. This study supports the idea that a spaceborne imaging spectrometer with high
temporal resolution, such as the planned HyspIRI mission (Lee et al., 2015), could
successfully be used for near real-time or within the growing season mapping of diverse
agricultural crops and quantification of an area in cultivation. The demonstrated ability of an
imaging spectrometer to produce high crop classification accuracies that are in general in
agreement with other published cropping trends increases confidence in the validity of the
results and shows that an imaging spectrometer with frequent temporal resolution could

enable policymakers, scientists, and farmers to quickly and easily monitor changes in

53



planting with drought. These changes have broad impacts on food yields, pest and disease

management, water resource accounting, soil health, and California’s economy.
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2.6 Supplementary Material

Table S1: Error matrix for reference fields (5,801 total) from the majority filter
reclassification for all years combined. This error matrix only includes fields with 25% of
more green vegetation. Abbreviations are used for crop groups: Alfalfa (AF),
Almond/Pistachio (AP), Corn (CR), Cotton (CT), Other Deciduous Crops (OD), Other
Truck Crops (OT), Subtropical (ST), Tomato (TO), and Vine (VI).

Reference Data
AF AP CR CT OD OT ST TO VI Total
AF 372 5 1 4 16 0 2 1 12 413
AP 11 553 7 23 165 6 8 4 61 916
CR 2 o 92 1 1 0 0 0 0 96
< leT 1 0 1 32 2 1 0 0 0 37
2 |ob 2% 12 2 5 2563 9 8 0 87 2793
2 loT 0 0 0 0 0o 23 0 0 0 23
O |sT 12 19 0 0O 100 0 947 0 49 1127
TO 0 0 0 0 0 0 O 29 0 29
Vi 1 0 0 o 10 1 2 0 353 367
TO 425 589 103 65 2857 40 1126 34 562
User's Acc.| 90.1% 60.4% 95.8% 86.5% 91.8% 100% 84.0% 100% 96.2%
Zz‘f'“cers 87.5% 93.9% 89.3% 49.2% 89.7% 59.0% 84.1% 85.3% 63.0%
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Figure S1: 2013 pixel-level classification map before using a majority
filter and 50% GV field threshold
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Chapter 3: Using paired thermal and hyperspectral aerial imagery to quantify land

surface temperature variability and assess crop stress within California orchards

With Dar A. Roberts and Joseph P. McFadden

This chapter is based on a manuscript published in the journal of Remote Sensing of
Environment:

Shivers, S.W., Roberts, D.A., & McFadden, J. (2019). Using paired thermal and
hyperspectral aerial imagery to explore land surface temperature variability and assess
stress within California orchards. Remote Sensing of Environment, Volume 222, 2019,
Pages 215-231.
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3.0. Abstract

Remote sensing can inform agricultural knowledge of crop water use through
observation of land surface temperature, which can act as an indicator of plant function and
health. This study uses remotely sensed data to quantify thermal variability within fruit and
nut orchards during an intense drought period in California’s Central Valley (2013-2015).
First, fractions of green vegetation (GV), non-photosynthetic vegetation (NPV), and soil
were derived for a variety of crop species using visible-shortwave infrared (VSWIR)
spectra imaged by the Airborne Visible/Infrared Imaging Spectrometer
(AVIRIS). Fractional estimates were then used to select thermal endmembers for each class
using simultaneously collected MODIS/ASTER Airborne Simulator (MASTER) thermal
imagery and a crop species map. Expected pixel temperatures of non-stressed crop fields
were then modeled, and the per-pixel difference between measured and expected
temperatures was calculated as a temperature residual. Crop residuals serve to capture
variability in temperature that may be attributable to differences in crop health and/or
management practices. We found multiple distinct thermal classes to exist across the study
site. Furthermore, crop temperatures correlated to expected crop ET rates, and temperature
residuals showed correlations to changes in crop yields during the study period. Further
assessment of findings revealed an increase in temperature residuals during the study period
that is consistent with increasing stress, likely linked to the progression of drought. The
method presented here shows utility for regional agricultural analysis of crop water use and
is particularly relevant for ECOSTRESS and the upcoming Surface Biology & Geology

mission.
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3.1. Introduction

Agricultural water stress can lead to diminished yields and decreased crop quality that
have implications for food supplies, ecosystem health, and agricultural management
(Alderfasi & Nielsen, 2001; Irmak, et al., 2000; Rosegrant et al., 2009; Schmidhuber &
Tubiello, 2007). Thermal remote sensing can observe spatiotemporal patterns of crop
functioning to identify and quantify water stress in order to optimize resource allocation
and mitigate losses (Anderson et al., 2012; Jackson et al., 1981; Moran et al., 1994).
However, the stress signal, in the form of elevated crop temperatures, is obscured by
confounding factors, such as species-specific canopy temperatures (ldso et al., 1981),
fractional cover (Idso et al., 1966; Nemani & Running, 1989), soil moisture (Idso et al.,
1975), and surface structure (Jones et al., 2009; Leinonen & Jones, 2004), that add
additional thermal variability and complicate stress comparisons between pixels. The goal
of this work is to use medium-resolution thermal infrared imagery (TIR) to evaluate crop
stress in California orchards by controlling for thermal variability not attributable to stress
with spatially coincident hyperspectral imagery.

Land surface temperatures (LST) can be used to assess differences in plant stress levels
associated with availability of water (Jackson et al., 1981; Quattrochi & Luvall, 1999;
Tanner, 1963). When plants do not have sufficient water, stomatal closure results in
elevated leaf and canopy temperatures due to decreased transpiration (Jackson et al., 1981).
However, the spatial resolution typical of spaceborne thermal imagery (0.1-5 km) results in
mixed pixels of varying types of crops, soil, and nonphotosynthetic vegetation (NPV) that
make detailed knowledge of surface characteristics necessary for interpreting the thermal

signal. LST and fractional vegetation cover have an inverse relationship leading pixels
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containing more green vegetation (GV) to have lower temperatures in water-limited regions
(Carlson et al., 1994; Karnieli et al., 2010). The dynamics of this relationship, however, are
dependent upon the type of GV as not all vegetation shows the same thermal responses.
Species have been found to have unique temperature signatures given differences in
architecture, such as canopy shade, leaf size, canopy density, boundary layer resistance, and
plant height, and differences in physiology such as stomatal behavior and
evapotranspiration rates (Idso et al., 1981; Leuzinger & Korner, 2007; Scherrer et al, 2011).
In addition, the moisture level of soil is highly correlated to its surface temperature,
complicating thermal interpretation of mixed pixels of soil and vegetation (ldso et al.,
1975).

Current remotely sensed estimates of stress face a tradeoff between incorporating this
thermal complexity and allowing for scalability, inhibiting regional analyses of stress
between different types of crops. While studies with limited spatial coverage and high-
resolution imagery can account for much of the external thermal variability in the landscape
through field-specific parameters, stress identification on a larger scale requires
simplification of stress metrics that allow for pivotal drought monitoring but cannot capture
much of the thermal complexity on the ground.

At a field-level scale, high-resolution TIR imagery from unmanned aerial vehicles
(UAVs) or aircraft have been used to study crop water stress in grapevines (Bellvert et al.,
2014; Moller et al., 2006), cotton (Alchanatis et al., 2010), wheat (Millard et al., 1978),
olives (Ben-Gal et al., 2009; Berni et al., 2009; Sepulcre-Canto et al., 2006), peaches
(Gonzalez-Dugo et al., 2013; Sepulcre-Cant6 et al., 2007), beans (Jones 1999), rice (Jones

et al., 2009), citrus (Zarco-Tejada et al., 2012), almonds, apricots, lemons, and oranges
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(Gonzalez-Dugo et al., 2013). These studies have shown a link between plant temperatures
and canopy conductance, leaf water potential and irrigation regimes, and have shown that
thermal imagery can detect even mild stress (Sepulcre-Canto et al., 2006). However, while
highly useful for refined understanding of stress within imaged trees, the methods are not
scalable to larger areas due to their crop-specific ground inputs and need for imagery at a
fine spatial resolution for tree crowns to be targeted and soil and shade effects minimized.
Many of these studies use the Crop Water Stress Index (CWSI; Idso et al., 1981), which
relates the difference between air and canopy temperatures to a baseline temperature
difference for a non-water stressed crop as a function of the atmospheric pressure deficit.
However, ldso et al. (1981) found that due to differences in crop physiology, well-watered
crops have unique thermal relationships and baseline non-water stressed temperatures. For
this reason, when the CWSI is applied to agricultural areas with a diversity of crop species
(Gonzalez-Dugo et al., 2013), the model parameters used to identify stress need to be
optimized for each crop type by using varying non-water stressed thermal baselines.
Further, the CWSI does not account for fractional cover and therefore has a major
limitation that it can only be applied to fully vegetated fields or isolated tree crowns. One
way to overcome this limitation is to use Moran et al.’s (1994) Water Deficit Index (WDI),
which alters the CWSI so that it can be applied to partially vegetated fields. It combines
spectral vegetation indices with thermal data to evaluate water stress. However, required
inputs of net radiation, vapor pressure deficit, wind speed, air temperature, maximum
possible plant height, minimum soil roughness, minimum and maximum Soil-Adjusted

Vegetation Index, maximum possible leaf area index (LAI), and minimum and maximum

61



possible stomatal resistances make the method difficult to implement over large areas
(Moran, 2004).

On the other hand, satellite-based stress metrics based on TIR data, such as the
Vegetation Health Index (VHI; Kogan, 1997) and the Evaporative Stress Index (ESI;
Anderson et al., 2007a; 2007b; 2011), use coarse resolution imagery and a wide spatial
scope to monitor vegetation health over large areas. The VHI uses a combination of LST
and the Normalized Difference Vegetation Index (NDVI) to assess stress with the core
assumption that NDVI and temperature are inversely correlated while the ESI calculates
stress as an anomaly between actual evapotranspiration (ET) and potential ET, as calculated
using the Atmosphere-Land Exchange Inverse (ALEXI; Anderson et al., 1997) surface
energy balance model. While highly valuable for drought monitoring (Anderson et al.,
2016; Anderson et al., 2011; Bhuiyan et al., 2006; Otkin et al., 2013; Rojas et al., 2011), the
coverage and resolution of these indices inhibit consideration of physiologic differences
between plant stomatal behaviors, field-scale variability in soil moisture, or ground covers
in a pixel other than soil and vegetation, and are therefore unsuitable for crop stress
interpretation at a finer scale. While recent work by Yang et al. (2018) has addressed some
of these limitations by demonstrating the potential of using multi-sensor fusion to apply ESI
at the field scale, this paper offers an alternate, potentially complementary approach for
resolving thermal variability inherent in an agricultural landscape.

Here, we use Airborne Visible/Infrared Imaging Spectrometer (AVIRIS) and
MODIS/ASTER Airborne Simulator (MASTER) imagery from the Hyperspectral Infrared
Imager (HyspIRI) Airborne Campaign and Geographic Information Science (GIS) data of

crop species to improve understanding of how medium-resolution remote sensing imagery
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can provide a compromise between complexity and scalability that allows for regional
assessments of crop health. We propose an approach for evaluating crop stress that controls
for thermal variability within crop species, soil and NPV without the need for site-specific
environmental inputs. We analyze thermal patterns in orchards in the Central Valley of
California during the 2013-2015 drought as they vary by surface cover component (GV,
soil, NPV), fractional cover, crop species, and time. We then model the expected unstressed
temperature of each pixel, given its fractional composition and species, and compare the
expected temperature to the measured temperature as a way of assessing relative stress
between orchard species. The results will highlight the importance of accounting for
thermal variability within surface covers when analyzing temperatures and are especially
salient in light of the successfully deployed thermal ECOSTRESS instrument (Fisher et al.,
2015) and the proposed Surface Biology & Geology (SBG) mission (Lee et al., 2015).
3.2. Methods
3.2.1. Study Area and Period

This work focused on a 3470 km? transect of the Southern Central Valley of California
stretching 200 km from the Sierra Madre Mountain Range to the Sierra Nevada Mountain
Range between Bakersfield and Fresno (Fig. 3.1). The study area has high agricultural
production, encompassing portions of the three highest producing agricultural counties by
value in the state: Kern County, Tulare County and Fresno County (CDFA, 2016). The
transect is part of the Tulare Lake Hydrologic Region, which comprises the southern third
of the Central Valley with about 1.2 million irrigated hectares out of its 4.4 million hectares
total (CA DWR, 2009). The region has a Mediterranean climate with dry summers and

moist winters with average precipitation accumulation of less than 25.4 cm a year (CA
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DWR, 2009). The study area is mostly flat and low in elevation with 99.8% of the pixels
used in the study lying between 40 and 162 meters in elevation and 94.9% having a slope of

one degree or less.
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Figure 3.2: Study area located in the Central Valley of California

The study period from 2013 to 2015 coincides with an active and persistent drought in
California. From 2011 through 2016, California experienced the most severe drought in

1,200 years, categorized by unusually high temperatures and low rainfall (Table 3.1), which
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led to a state of drought emergency that was declared in January 2014 and lifted in April
2017 (Griffin & Anchukaitis, 2014; USGS, 2018).

While the irrigation practices of the specific fields in the study are unknown, the dry
conditions and pervasiveness of irrigation use in the Central Valley suggest that most or all
fields containing green vegetation are irrigated. California has the largest number of
irrigated farmed hectares of any other state. An estimated 31% of the total irrigated area is
orchards (Johnson & Cody, 2015), and 64% of these orchards use drip irrigation as opposed
to 18% sprinkler, 17% surface and 2% subsurface. The percentage of orchards using drip
irrigation has grown rapidly in the past couple decades, up from 36% in 1991. The increase
in drip irrigation is attributable to its uniform distribution, schedule flexibility, protection
against frost damage, improvement in fertilizer application, and ability to increase
production (Tindula et al., 2013). We assume that our study area has irrigation
management practices that are consistent with these statewide statistics.

Table 3.1: California climate data for rainfall, temperature, and drought during the three
years of study as compared to a base period of 1901-2000 (NOAA, 2018). Data are
presented with deviations from the mean in parenthesis.

Year Annual Average Maximum Minimum Palmer
Precipitation =~ Temperatur Temperatur  Temperatur Drought
(cm) e (°C) e (°C) e (°C) Severity
Index
Mean 56.9 14.1 21.1 7.1 -0.15
(1901-2000)
2013 20.1 (-36.8) 15.2 (+1.1) 22.6 (+1.5) 7.8 (+0.7)  -4.22 (-4.07)

2014 505 (-6.4) 163 (+22)  23.4(+2.3) 9.3(+2.2)  -3.83(-3.68)
2015 38.2(-18.7)  16.0(+1.9)  23.0 (+1.9) 8.9 (+1.8)  -3.42(-3.27)

3.2.2. AVIRIS and MASTER Imagery
The imagery analyzed in this research was collected as part of the HyspIRI Airborne

Campaign, a NASA mission that flew the AVIRIS and MASTER sensors simultaneously
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throughout California between 2013 and 2017. The HyspIRI mission was recommended in
the 2007 Decadal Survey as a means to enhance our ability to monitor ecosystems, natural
hazards, and land use over time (Lee et al., 2015), and has since morphed into the SBG
mission that was identified in the 2017 Decadal Survey as a designated program element
prioritized for development (National Academies of Sciences, Engineering, and Medicine,
2018). This study used imagery collected on three dates of the HyspIRI campaign: June 6,
2013, June 3, 2014, and June 2, 2015. Early June was chosen for analysis to capture peak
growth of summer Central Valley crops.

AVIRIS is an imaging spectrometer that captures 224 contiguous bands in the visible
through shortwave infrared from 350 nm to 2500 nm (Green et al., 1998). MASTER (Hook
et al, 2001) is a 50 band sensor with wavelengths ranging from 400 nm to 13 um with 8
bands in the thermal (between 4-12 um) being used to represent the proposed bands of the
HyspIRI/SBG satellite. These two spatially corresponding products allow for unique
observation of the link between surface processes and their corresponding thermal patterns
and analysis of thermal patterns as they differ by land cover class and composition.

The AVIRIS and MASTER images were acquired on NASA’s ER-2 aircraft at a height
of 20 km. The imagery was pre-processed by NASA’s Jet Propulsion Lab (JPL), which
included orthorectified products of reflectance at a spatial resolution of 18 meters from
AVIRIS (Thompson et al., 2015) and LST at a 36 meter resolution from MASTER. LST
was calculated using JPL’s Temperature Emissivity Separation algorithm (Hulley & Hook,
2011), with the overall accuracy of temperature retrievals reported at <= 0.33 degrees
Celsius. AVIRIS imagery was aggregated to a spatial resolution of 36 meters for spatial

consistency between the VSWIR and thermal data and then georectified a second time for
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increased accuracy using Delaunay Triangulation (Lee & Schachter, 1980) and
approximately 250 ground control points per flight line. Only the MASTER imagery that
overlapped spatially with the AVIRIS imagery, which was within a 34 degree field of view,
was used in the analysis. The AVIRIS and MASTER images were rotated and cropped to
the study area and then the 2014 imagery received an additional co-registration of the two
products using approximately 150 ground control points. The AVIRIS and MASTER
imagery from 2013 and 2015 showed high spatial consistency so no additional co-
registration was conducted.

The three pairs of AVIRIS/MASTER images used in this study were acquired at
approximately 11:25 PDT in 2013, 14:41 PDT in 2014, and 11:59 PDT in 2015. Solar noon
was at approximately 12:59 PDT at the time of the flights, so each of the flights is between
one and two hours on either side of solar noon. Air temperatures from two meteorological
stations, one near the southern edge of the study area and one near the northern edge, are
shown in Table 3.2.

Table 3.2: Air temperature data from meteorological stations in or near the South
(Belridge) and North (Parlier) ends of the study area. Temperature data were acquired from
the California Irrigation Management Information System (CIMIS) at a height of 1.5 meters
above the ground at the hour nearest to the flight times.

Date/Time Temperature in Belridge  Temperature in Parlier
06/06/2013, 11:00 PDT 27.8°C 28.2°C
06/03/2014, 15:00 PDT 30.2°C 30.0°C
06/02/2015, 12:00 PDT 24.5°C 24.8°C
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3.2.3. Spectral Mixture Analysis

A spectral mixture analysis (SMA) was run on each of the three AVIRIS images to obtain
subpixel fractional cover of GV, NPV such as bark or dead leaves, and soil. While multi-
source energy balance models traditionally characterize soil and GV, this method includes
NPV as an additional important cover class that will affect the temperature and turbulent
coupling of the land with the atmosphere (Kongoli et al., 2014). The SMA method employed
was Multiple Endmember Spectral Mixture Analysis (MESMA; Roberts et. al, 1998).
MESMA uses a linear mixture model to decompose pixels into their fractional components,
and provides advantages over other SMA methodologies by allowing the number and types
of endmembers to vary on a per pixel basis. In this way, MESMA is able to better account
for variability within endmember classes. MESMA was chosen for this study for its ability
to model the spectral properties of soils, NPV, and crops using multiple endmembers that can
be used to group surface covers into thermal groups. A combined library of forty image
endmembers was developed from the three images to capture the diversity of GV, NPV, and
soil within the study site and across the dates. Image-selected endmembers were added
manually to the spectral library until variation across time and space could be accounted for.
This multiyear library was used to unmix each of the three images in order to increase
consistency in fractions across the years. The forty endmember library was composed of 22
GV, 8 NPV, and 10 soil endmembers. MESMA unmixed each pixel as a mixture of GV,
NPV, soil, and shade using between two and four endmembers to model each pixel. The
shade fraction, used to account for differences between the brightness of the endmember and
the spectrum being modeled, was restricted to between zero and 80 percent. Each endmember

was restricted to between zero and 100 percent, and the residual mean squared error to a
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maximum of 0.025 for each pixel. In order to obtain physically reasonable fractions, the
unmixed results were then shade normalized by dividing each non-shade component, GV,
NPV, and soil, by the sum total of all non-shade components in that pixel (Adams et al.,
1993). The resultant products mapped soil, NPV, and GV at a subpixel level throughout the
study scene with an accompanying map showing which endmembers were used to unmix
which pixels.

3.2.4. Crop Map

Some spatial knowledge of what types of crops are being grown is necessary for
accurate thermal estimation of each field. While this information can come from a variety
of sources either derived from remote sensing data or as a separate ground data source,
knowledge of the spatial distribution of crop species within this study area was obtained
from county-level polygons provided by each of the four counties that intersect it: Fresno,
Kern, Kings, and Tulare. These crop polygon maps were created by each county in
accordance with a statewide pesticide permitting and use reporting program, which requires
growers to register their field with information of crop type and the proposed pesticide
application. These maps were used to match thermal data from MASTER with the
corresponding crop on the ground.

For the purposes of this study, we evaluated the thermal signatures of eleven fruit and
nut crops: almonds (AL), cherries (CH), grapes (GR), lemons (LE), nectarines (NE),
oranges (OR), peaches (PE), pistachios (PI), plums (PL), tangerines (TA), and walnuts
(WA). These crops were chosen due to their prevalence in the study area, high economic
value, and long lifespan. Given these characteristics, the health of these crops is particularly

important to monitor during drought for economic and cultural reasons. The number of
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fields of each crop species contained in the GIS data layers for each year are listed in Table
3.3. The data layers are not comprehensive of all crop fields in the study area. Therefore,
although the 2015 data layer contains roughly 500 more fields than 2013 or 2014, this
increase is not necessarily representative of a larger number of perennial fields planted in

the study area but is rather more indicative of the completeness of the 2015 layer.
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Table 3.3: Number of fields of studied fruits and nut crops contained in each year's GIS
data layer

Species Number of fields in study area

2013 2014 2015
Almond 119 126 220
Cherry 42 40 39
Grape 205 189 271
Lemon 17 34 22
Nectarine 341 274 326
Orange 278 326 282
Peach 373 338 474
Pistachio 108 123 246
Plum 291 258 256
Tangerine 26 44 69
Walnut 29 31 59
Total 1829 1783 2264

3.2.5. Statistical Analyses of LST

We hypothesized that soil and NPV properties that lead to different VSWIR spectra, such
as albedo, moisture, or structure, will create differences in temperature that will create distinct
thermal classes that group by VSWIR endmember. Temperature distributions were evaluated
by VSWIR endmember using a one-way analysis of variance (ANOVA). All pure NPV and
soil pixels that had been classified using the same NPV or soil endmember, and therefore
showed spectral similarity, were grouped together as a class for analysis. Post-hoc Tukey’s
tests were run for both NPV and soil for each date to test for significant thermal differences
between classes.

To further test the hypothesis that MESMA endmembers model soil pixels into groups of
similar soil moisture, we tested two hypotheses: 1) Pixels modeled with MESMA soil

endmembers that have lower albedos will have lower temperatures and; 2) Pixels modeled
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with MESMA soil endmembers that have lower SWIR reflectance will have lower
temperatures. First, we plotted the albedo of each of the ten endmembers against the average
temperature of the pure soil pixels unmixed with that endmember to assess correlation.
Albedo is a measure of brightness defined as the ratio of reflected radiance from the surface
to the incoming solar radiation to the surface (irradiance). As moisture lowers the albedo and
cools the temperature of soils, we expected to find a positive correlation between albedo and
temperature. Albedo was calculated using the same approach as in Roberts et al., (2004;
2012). Using this method, downwelling irradiance is modeled for the specific location, date
and time of a dataset using MODTRAN (Berk et al., 2017), then multiplied by surface
reflectance from AVIRIS and summed across all wavelengths to calculate total reflected
irradiance between 350 and 2500 nm (Eq 1). This sum is divided by downwelling irradiance
integrated across the same wavelength region.

2500nm .
ReflectancexIrradiance

)
albedo = 2B : 1)
J3sonm 1rradiance

Albedo was calculated using the reflectance and modeled irradiance as described in Eq 1,
resulting in a unitless measure of brightness for each endmember. Second, we assessed
correlation between SWIR reflectance of each of the ten endmembers and the average
temperature of the pure soil pixels unmixed with that endmember. Musick and Pelletier
(1986) found that moist soils have lower than expected reflectance at the longer wavelengths
of the SWIR, as examined through the ratio of the Landsat TM 5 and 7 bands. We used a
comparable AVIRIS ratio of the 1662 nm band to the 2028 nm band and evaluated whether
the pixels modeled by endmembers with smaller ratios had lower average LST values.
For GV, we hypothesized that crop species would show multiple distinct thermal

signatures that would persist through time. To test this, a one-way ANOVA and post-hoc
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Tukey’s tests were run to determine if significant differences exist between pure pixels of
crop species. Further, to evaluate whether crops cluster by species within GV-LST space,
we used the same method as Roberts et al. (2015). A Multivariate Analysis of Variance
(MANOVA) was run as an initial test for clustering. After finding that significant
differences existed by species, to further study one-on-one differences between pairs of
crops, Bhattacharyya Distances (Dg) were computed for each crop pair in GV-LST space.
Dg is a measure of the ability to separate two classes, calculated with the mean and
covariance matrix of each class (Kailath, 1967). Smaller distances indicate greater
similarity and larger numbers greater dissimilarity. Distances were computed for all species
distribution pairs in each of the three images to better understand which species show the
greatest dissimilarity in GV-LST space and to analyze whether these patterns hold over
time.
3.2.6. Modeled Temperature

This paper proposes an approach for estimating expected, non-stressed LST at the pixel
level using internalized calibration of temperatures with species and scene-specific thermal
endmembers. By calculating an expected temperature for each pixel, we can assess whether
the measured temperature from MASTER is higher or lower than the modeled expected
temperature for an unstressed crop, given its species and fractional cover. Differences may
indicate stress, in the case of a higher than expected measured LST, and shade effects or
high crop ET in the case of a cooler than expected LST. As a pixel is made up of the sum of
its fractional surface components, we assume that the temperature of a pixel can be
modeled by a linear mixture of its thermal components, that is, the sum of the LST for each

of those components multiplied by their fractional portion of the pixel. To capture thermal
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variability within surface covers, each of the three components (GV, NPV, soil) is broken
down into subclasses that are expected to share similar thermal properties, referred to as
thermal classes going forward. These thermal classes resulted in each of the three surface
covers having more than one thermal endmember, one for each thermal class. The
endmembers that were used to model the expected temperature of each pixel were
determined by the classes that were contained in that given pixel. Therefore, an expected
LST for each pixel was calculated using known VSWIR pixel fractions from MESMA for
GV (fev), NPV (fnev), and soil (fsoiL) and the expected surface temperatures for pure pixels
of GV, NPV, and soil (Tev, TsoiL, Tnev) for each of the respective thermal classes (i,],k)
contained in that pixel, as defined in Eq.2:
LSTexpected = fovTovi + fsoiLTsoiLj+ fnev Tapvik (2

Green vegetation was separated into three agronomically important and botanically
similar thermal classes: nut crops (almond, pistachio, walnut), perennial fruit crops (cherry,
grape, nectarine, peach, plum) and citrus fruit crops (lemon, orange, tangerine). GV was
grouped in a way that would account for inherent differences in thermal patterns while also
capturing species-level stress. We originally modeled the expected temperature of GV using
one common expected temperature for all crops. However, we found that citrus fruits had,
on average, much higher temperatures than the other crops. This finding may be explained
by the work of Gonzalez-Dugo et al. (2013) who found that citrus crops show significant
stomatal closure at midday even if they are well-watered. We, therefore, hypothesized that
within perennial crops there are many thermal classes that have inherently different
temperatures, not associated with stress. To model all trees using the same temperature

would not acknowledge these core thermal differences within vegetation. However, we
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chose not to model GV using species-specific groups as this would obscure stress within
species. For example, if oranges are modeled using the average temperature of pure orange
pixels, and the oranges in the region are stressed, the modeled temperature will be too high
and stress will be unidentifiable. Therefore, three classes of GV were chosen as a
compromise with which relative stress can be identified yet inherent thermal differences are
accounted for. A one-way ANOVA and Tukey’s post-hoc test for each year confirmed that
these three GV classes have significantly different temperature signatures (F(2, 35206) =
1643, p <0.001, o = 0.05) with citrus fruit showing the highest temperatures and nut crops
the lowest temperatures, possibly attributable to their high irrigation demand (see results

Fig 3.7).
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Figure 3.3: Multiple thermal classes are contained within each surface cover component,
resulting in 240 different thermal endmember combinations for each modeled pixel

Soil and NPV were separated into 10 and 8 thermal classes, respectively, using the same
endmembers that were used for MESMA VSWIR fraction analysis. All pixels of soil or
NPV that were modeled in MESMA using the same endmember were grouped together into
a thermal class and modeled using a common expected soil and/or NPV temperature. With

3 GV, 8 NPV, and 10 soil thermal endmembers, a pixel of GV, NPV, and soil could
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therefore be modeled using one of 240 different combinations of temperature endmembers
(Fig 3.2). Examination of the temperature distributions within each of the thermal classes
showed that some of the distributions were skewed. Therefore, the average, expected
temperature for each of the 21 classes was calculated using the median temperature for all
pure pixels of that class within the fields analyzed in the study site. This process was
conducted separately for each of the three images, resulting in 63 endmember temperatures
over the three dates. The number of pure pixels per class varied widely depending on the
prevalence of that model in the scene, and ranged from 15 pixels (Soil endmember #1 in
2013) to 43,377 pixels (Soil endmember #10 in 2015). Thermal endmembers were scene-
specific to account for temporal variation in environmental variables such as air
temperature, humidity and wind, and the timing of the flight that will affect the LST. This
approach does not require meteorological parameters or crop-specific inputs.
3.2.7. Land Surface Temperature Residuals

For each year and each pixel, an LST residual was calculated as the difference between
the modeled LST values and the LST values from the MASTER imagery (Eq 3).

Residual = LSTmasTerR — LST expected 3)

LST residuals are proposed as a way of normalizing LST to account for known differences
in pixel composition to make thermal signatures comparable across space. LST residuals
are independent of fractional cover and soil, NPV, and crop-inherent thermal differences,
stripping away features that are known to influence temperatures, and allowing for relative
comparisons of stress between pixels, fields, or species. Pixels with positive residuals will
have a higher measured temperature than expected, given the fractional cover, surface cover

components, and thermal classes in the pixels, which are assumed indicative of higher-
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stressed vegetation. Pixels with negative residuals are measured as cooler than expected,
possibly due to illumination effects, high ET, or shadowing (Dubayah & Rich, 1995).
Summary statistics were computed for each species to analyze species-level stress.
3.2.8. Crop LST by Yield and ET

To further evaluate crop-specific patterns of LST, we tested two hypotheses: 1) Crops
with higher LST residuals, on average, will show declining yields over the study period, as
would be indicative of stress; and 2) Crops with higher ET rates will shed more energy
through latent heat flux and therefore have lower average LST values than crops with lower
ET rates. To test the first hypothesis, yield data were obtained at the county level from the
four counties that were part of the study area using annual agricultural statistics reports
(Fresno County Agricultural Commissioner, 2018; Kern County Department of Agriculture
and Measurement Standards, 2018; Kings County Department of Agriculture and
Measurement Standards, 2018; Tulare County Agricultural Commissioner/Sealer, 2018).
Productivity was reported in amount per area with most crops reporting tons per acre. The
overall productivity for each crop type was calculated using an average of the county
statistics, weighed by the relative area of that crop in each county. Because yield data are
not available at the field-scale, county-level statistics were the closest proxy of productivity
in the study area that could be obtained. Therefore, while the yield data and crop LST
residuals are not directly relatable since the residuals only refer to a spatial subset of what is
reported by the yield data, the yield data is expected to give a general sense of which crops
were faring well and which were most stressed within the study area. To test the second
hypothesis, we evaluated the correlation between average crop LST and the daily ET rate of

each crop. ET rates were calculated as the product of the daily reference ET, as reported by
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the Belridge CIMIS station for each of the three dates, and the crop coefficient for each of
the studied species, as calculated for June in the Southern San Joaquin Valley of California
in a dry year (Irrigation Training & Research Center, 2003).
3.3. Presentation and Interpretation of Results
3.3.1. LST by Date

LST distributions in the study area for the three study dates showed median pixel
temperatures in 2013 and 2015 of 320.5K and a median pixel temperature in 2014 of
322.7K (Fig 3.3). The 2013 and 2015 distributions were slightly negatively skewed while
the 2014 data were moderately negatively skewed. The two distributions from 2013 and
2015 showed the greatest similarity in distributions, likely due to their proximity of flight
time. The 2014 flight captured the warmest distribution of temperatures, on average,

hypothesized to be associated with the later flight time in 2014.
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Figure 3.3: Distributions of Land Surface Temperatures in the study area for the three
image dates. The centerline shows the median while the top and bottom lines of the box
represent the third and first quartiles. The upper whisker is located at the smaller of the
maximum LST value and the third quartile + 1.5 times the interquartile range. The lower
whisker is located at the larger of the minimum LST value and first quartile - 1.5 times the
interquartile range.
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Figure 3.4: The inverse linear relationship between GV and LST is shown through 10,000
randomly selected pixels from 2013. The linear regressions for citrus (LST = -11.5*GV +

322, r>=0.38, n=1682, p<0.001), deciduous fruits (LST = -16.4*GV + 322, r?=0.43,
n=3236, p<0.001), and nuts (LST = -18.0*GV + 324, r>=0.47, n=5082, p<0.001) are shown.

3.3.2. GV Fractions and Temperature

To evaluate the relationship between GV fraction and LST, 10,000 random pixels with
GV fraction between 0 and 1 were plotted against each other. GV and LST were observed
to be inversely correlated (Fig 3.4). The more green vegetation that a pixel contained, the
lower its expected temperature. This relationship held true for all three dates. However,
there was considerable spread around the GV/LST line, suggesting that there are other
sources of thermal variability within GV fractional classes that should be accounted for
when estimating stress. An inset of the southern study area shows the fractional cover and

its corresponding temperature profile for 2013, 2014, and 2015 (Fig 3.5). The fields with
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high GV are contrasted against bare soil fields and areas with high NPV cover. The areas
with high GV fraction showed the lowest temperatures while the bare soil showed
temperatures that were 25-40°C higher than those of pure GV. The two vertically-oriented
lines in the image are aqueducts that were cooler than the soils surrounding them but
warmer than the vegetated fields. The large fields of NPV in the northeast corner of the
image are registered as pomegranate trees, and we hypothesize that the high NPV fraction
is due to the trees not being completely leafed out, newly planted, or unirrigated. NPV
occurring within green fields may be attributable to dead grass between rows, brown leaves,

or branches.

81



NPV (red), GV
(green), Soil (blue)

Kilometers

Figure 3.5: MESMA results (A, B, C) and LST (D, E, F) of a south inset of the study area
(35°32'45.90"N, 119°39'56.21"W) for each of the three dates. G shows a zoomed in view of
almond and pistachio fields in order to illustrate how NPV is occurring within growing
fields. White areas of A, B, and C are pixels that were not modeled as any of the three cover
classes by MESMA.

3.3.3.  VSWIR Endmembers and Temperature

All pixels of soil and NPV that were classified by MESMA with the same VSWIR
endmember were analyzed and modeled as a thermal class. Of the eight NPV endmember
classes, seven showed significantly different temperature distributions in 2013, five in
2014, and six in 2015, as analyzed by a one-way ANOV A with Tukey’s Post-Hoc (2013:
F(7, 13597) = 4023, p < 0.001, a = 0.05, 2014: F(7, 11344) = 893.4, p < 0.001, a. = 0.05,

2015: F(7, 19914) = 2828, p < 0.001). Of the ten soil endmembers, five of the endmembers
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showed significant differences in temperature in 2013 and 2015 and seven showed
significant differences in 2014 (2013: F(8, 41892) = 1564.0, p < 0.001, o= 0.05, 2014: F(9,
46828) = 491.0, p < 0.001, a = 0.05, 2015: F(9, 62036) = 652.3, p < 0.001). We hypothesize
that the structure of the NPV and the moisture content of the soil were the dominant
common features that made the endmembers separable in both the VSWIR and thermal.

As a further examination of the potential influence of soil moisture on VSWIR and
thermal spectra, we found that darker soil endmembers were used to model pixels that, on
average, had lower temperatures than pixels that were modeled with brighter soil
endmembers, suggesting cooling by evaporation from moist surfaces (Fig 3.6). The
relationship was shown to be significant in 2013 and 2015 (2013: r?=0.40, n=10, p<0.05;
2015: r?=0.52, n=10, p<0.05). The non-significance of the 2014 relationship was
attributable to the high mean LST of soil EM 1. If soil EM 1 were not included in the
regression, the 2014 relationship would be significant with an r? of 0.67. After examining
the pixels that were modeled in 2014 by soil EM 1, we are unable to conclude why these
pixels are warmer than expected but we hypothesize that the albedo of the soil is being
lowered by some sort of management practice other than irrigation, such as a row cover or
fertilizer. Although a positive relationship was found for soil albedo and LST in two of the
years, a plot of albedo and average LST for the NPV endmembers showed no relationship
(2013: n=8, r?=0.09, p>0.05; 2014: n=8, r?=0.02, p>0.05; 2015: n=8, r>=0.03, p>0.05) . This
finding supports the assumption that MESMA soil endmembers are sensitive to soil
moisture. This finding is also consistent with analyses of soil endmember SWIR reflectance
and modeled pixel temperatures. The wavelength ratio and average temperature showed a

negative linear relationship, as hypothesized, and this relationship was significant in 2013
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(r’=0.4

9, n=10, p<0.05) and 2014 (r?>=0.67, n=10, p<0.05), but not in 2015. Both of these

analyses suggest that soil groups formed by VSWIR unmixing can capture ranges of

moisture and are suitable for use as thermal classes.
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3.6: Endmember albedo plotted against mean LST of the pure soil pixels modeled

by that endmember. Plots are separated by year. For each plot, the ten points represent the
10 MESMA soil classes. Dashed lines denote the linear regressions for 2013 (LST =
116*Albedo + 294, r?=0.40, n=10, p<0.05), 2014 (LST = 51*Albedo + 311, r?=0.16, n=10,

p>0.05)

, and 2015 (LST = 64*Albedo + 307, r>=0.52, n=10, p<0.05).

3.3.4. Crop Species by GV Fraction and Temperature

Perennial crop species were analyzed by GV fraction and temperature to understand

whether

species in agricultural orchards cluster in GV-LST space. As well as showing

significant LST differences between thermal groups (Fig. 7), results from a MANOVA
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indicated that significant differences exist at the species level within GV-LST space in each
year (2013: F(10, 162682) = 2883, p < 0.001, a = 0.05, 2014: F(10, 168766) = 2140, p <
0.001, a=0.05, 2015: F(10, 222474) = 2498, p < 0.001). Computing Dg allowed for further
analysis of dissimilarity between pairs of species (Tables 4 to 6). Results showed that
general patterns of Dg held temporally as pairs with high or low relative dissimilarity
tended to stay the same for 2013, 2014, and 2015. For each of the three image dates,
almonds showed the greatest overall dissimilarity and highest separability from other crop
species, shown by the higher Dg. Over all three dates, almond-pistachio and almond-
tangerine showed two of the top five largest Dg, indicating high dissimilarities. Peach-plum,
orange-lemon, and peach-nectarine all consistently appeared as three of the top five
smallest Dg, indicating relative similarity. Results from 2013 had the highest Dg of any of
the years (between oranges and almonds; d=0.342) while 2015 did not have any distances
greater than 0.20.

When evaluating temperature patterns of pure pixels of crop species, independent of
GV fraction, ANOVA results for each year showed that one or more crop species had
significantly different temperature distributions (2013: F(10, 33135) =735, p <0.001, o=
0.05, 2014: F(10, 35198) = 413, p <0.001, a = 0.05, 2015: F(10, 28749) = 369, p < 0.001).
A post-hoc Tukey’s test showed that of the 11 crops, six distinct thermal patterns were
found in 2013 and 2015, and seven in 2014. The two pairs of crops that showed indistinct
thermal signatures from each other over all three dates were orange-tangerine and cherry-

tangerine.
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Figure 3.7: Temperature distributions for all pure GV pixels of citrus fruit, deciduous fruit,
and nuts. The boxplots visualize the results of a Tukey's post-hoc test run after a one-way
ANOVA with data from 2014. Different letters above each boxplot signify that the class
was significantly different from the others. Boxplot lines defined as in Figure 3.3.
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Table 3.4: Dg calculated for species pairs in GV-LST space in 2013. Larger distances
(greater dissimilarity) are shown in darker colors. Color categories are white (Dg <0.05),
light blue (0.05< Dg <0.1), medium blue (0.1< Dg <0.2) and dark blue (Dg >0.2).

AL CH GR LE NE PE PL TA WA
AL - 0.152 0.152 J03285) 0.057 - 0.089 - 0.125 JOI288N 0.039
CH 0.041 0.030 0.043 0045 0.043 0.079 0013 0051 0.136
GR - - -0070 0.035 0.054 0.032 0.035 0.017 0.033 0.120
LE - - -0107 0.017 0.099 0.089 0.050 0.034
NE - - - -0129 0.005 0.130 0.017 0.087
OR - - - - - 0.113 0.043 0.058 0.023
PE - - - - - - 0.125 0.015 0.069
Pl - - - - - - I 0078 0066
PL ; - - - ; ; ; - N 0034
TA - - - - - - - - -

WA - - - - - - - - -

Table 3.5: Same as Table 3.4 but for 2014.

AL CH GR NE PE Pl PL TA WA
AL 924 0.143 - 0.028 - 0.056 [JOIEEA 0.099 :
cH - [ 0023 0032 0087 0010 0062 0065 0.044 0.038 0.079
GR - - -0048 0.056 0.034 0.034 0.059 0028 0.052 0.058
LE - - I 0136 0011 0081 0120 0051 0.007 0.073
NE - - - I 0122 0.009 JOI202N 0.025 0.141 0.076
OR - - - I o081 0080 0050 0.015 0.096
PE - - - I 0168 0.007 0084 0043
PI - - - I 0151 0112 0163
PL - - - I 0053 o0.058
TA - - - I 003
N
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Table 3.6: Same as Table 3.4 but for 2015.

LE NE OR PE Pl PL TA WA
AL [ 0172 0095 '0.146 0.024 '0.145 0.048 [0.184 0.066 0.185 0.029
CH -0026 0.043 0.088 0.027 0057 0014 0.056 0.064 0.198
GR -0068 0.035 0.045 0.028 0.020 0.040 0.086 0.132
LE -0075 0.016 0.038 0.076 0.026 0.036 0.185
NE -0077 0.014 0.101 0.029 0.122 0.077
OR - B 0028 0036 0017 0010 0.159
PE - - - -0063 0.003 0.051 0.081
PI - - - B 0064 0063 0195
PL - - - - - I 0032 0.090
TA - - - - - - N o177
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Figure 3.8: Bar plot shows the mean temperature and standard deviation for pure pixels of
each crop for each of the image dates.

An evaluation of mean crop temperatures of pure pixels of each species by year showed

that the temperature of each species relative to one another did not deviate greatly from

year to year (Fig 3.8). The almonds had one of the top two coolest mean temperatures in

each of the three years. The three citrus species, orange, lemons and tangerines, consistently

had the three highest temperatures in each year. Cherries always had the highest average
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temperature of any crop except citrus. Every crop showed its highest mean temperature in
2014, likely attributable to the later flight time. The consistency suggests that thermal
patterns are indicative of core biophysical properties, physiological properties, or irrigation
practices that stay constant and allow for detailed analysis between species across time.
3.3.5. Temperature Residual

Crops with higher residuals showed warmer measured temperatures than would be
expected while crops with low residuals showed cooler temperatures than expected. High
residuals are assumed indicative of stress. On average, crop residuals increased from 2013
to 2015 with average residuals of 0.14, 0.97, and 1.1 °C respectively. This positive year-to-
year trend of residuals indicates an increase in relative stress from the 2013 scene to the
2015 scene. This trend may be indicative of larger environmental and political
consequences of the progressing drought with increased stress due to reduced irrigation and
increased water restrictions. Alternately, the increase in relative stress could be resultant
from more local scene and date-specific factors such as irrigation timing, differences in

radiation load, or vapor pressure deficit.
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Figure 3.9: Average crop residuals calculated using every pixel of each crop (GV>0) in
each year shows increasing residuals over the period of study and highlights differences in
crop stress.

Yearly average residuals ranged from -1.9 °C (walnuts in 2013) to 3.1 °C (pistachios in
2015; Fig 3.9). Every crop except pistachios had its lowest average residual in 2013 (Fig
3.9). Almonds, lemons, and oranges had their highest residuals in 2014 while the other
eight crops had highest residuals in 2015. Between-crop comparisons show that cherries
and pistachios had the highest temperature residuals in each year. One-way ANOVAs
confirm that there were significant differences of residual distributions among species in
each year (2013: F(10, 162682) = 1861, p < 0.001, a = 0.05, 2014: F(10, 168766) = 1162, p
<0.001, & = 0.05, 2015: F(10, 222474) = 2876, p < 0.001). A post-hoc Tukey’s test shows

that of the 11 species, seven unique residual distributions were identified in 2013 and 2015
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while six unique distributions were present in 2014. Figure 3.10 shows the distributions

from 2015, as an example year.
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Figure 3.10: LST residual distributions from 2015

3.3.6. LST Patterns with Yields and ET Rates
Fig 3.11 illustrates that the species-level trends in crop productivity from 2013-2015, as
measured by yield per unit area, were captured well by the LST residual data. The
percentage change in yield per unit area from 2013 to 2015 was compared with the average
residual for each crop over all three years. We expected crops with higher LST residuals to
have greater declines in yields, as would be the result of stressed vegetation. Cherries and
pistachios both showed the highest residuals and the largest declines in yields, a result that
supported our hypothesis that high temperature residuals indicate unhealthy crops. Crops
with the lowest residuals were hypothesized to be the least-stressed and therefore expected

to have a relatively stable yield or an increase in yield. The crops with the lowest residuals
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did not have the largest increases in yield, however there was general agreement between
the two trends overall with an inverse relationship apparent. While between-crop residual
and yield data from 2013-2015 showed agreement, within-crop changes in residuals from
year to year did not correlate with within-crop changes in yields. For example, both the
average residual and the average yield of pistachio trees declined from 2013 to 2014,
changes in stress that are opposite in implication. This suggests that this method is more
suitable for comparing relative stress between crops (i.e., pistachios vs almonds) than

comparing stress of one crop over time (i.e., pistachios in 2013 vs pistachios in 2014).
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Figure 3.11: Bar plot of average temperature residual within the study area (A) and bar plot
of county-level yield per hectare data for each of the studied crops calculated as (yield in
2015 —yield in 2013) / yield in 2013 * 100 (B). Crops are listed in the same order on the x-
axis for both plots. The average LST residual is used as an indicator of the chronic effect of
the drought plotted against its cumulative total effect on yield.

Furthermore, in Figure 3.12 average LST of each crop is plotted against its expected
ET rate. We found a negative linear relationship between average LST and ET for all three

years, with the relationship being significant in 2013 and 2015. This result is in line with

93



the hypothesis that crops with higher ET rates will be cooler. As crops are usually watered
in the morning and air temperatures are cooler in the morning than afternoon, plants are
more likely to show stress in the afternoon if they have insufficient water. We hypothesize
that the relationship between ET and LST breaks down in the 2014 flight because of its

afternoon timing, which would cause stressed plants to deviate from their expected ET

rates.
o A ® B
L4 2013 3121 g 2014
~ 3101 @ —
X 3 °
= S ® =
5 S o B 310{ ~ ~ o
c 3084 ~ @ c T~
@« [ ] Ny Y ©
g e g ® T ®
[ ) o ~ o~ o
W 308 1 ®
3061 ~ ®
® Se
45 5.0 55 6.0 6.5 7.0 50 55 60 65 70 75
Daily ET (mm) Daily ET (mm)
3081
’ ° C
~ 2015
3 ™
X 3061
b Hitg o
= . ™
5 - * -~
] ] ® ~
L 304 SO
o ~
3021 : : . : ®
4.5 5.0 5.5 6.0 6.5 7.0
Daily ET (mm)

Figure 3.12: Expected daily ET rate plotted against average LST for each of the 11 crops
studied. Plots are separated by year. Dashed lines denote the linear regressions for 2013
(LST = -1.67*ET + 317, r>=0.37, n=11, p<0.05), 2014 (LST = -0.82*ET + 314, r’>=0.11,
n=11, p>0.05), and 2015 (LST = -1.56*ET+ 314, r>=0.40, n=11, p<0.05).
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3.4. Discussion

In this study, we quantified thermal variability in Central Valley orchards and modeled
expected temperatures using VSWIR-derived fractional cover and spatially-corresponding
LST imagery. This allowed us to assess thermal variability between the expected and
measured temperature of crops as a function of crop health. The findings showed that the
combination of thermal and VSWIR imagery allows unique thermal groups within soil, GV,
and NPV to be captured, expected LST to be calculated without environmental inputs, and
relative temperatures to be compared. Here, the advantages and disadvantages of this
approach will be discussed.
3.4.1 Challenges of modeling LST and interpreting LST residuals

We calculated an expected LST for each pixel as a function of its fractional cover of
soil, NPV, and GV and the expected temperature for the thermal classes contained within it.
Although deviations from this relationship were presumed to indicate relative levels of
plant stress, there may have been other factors that contributed to the deviations from the
expected GV/LST pattern. For full interpretation of the residual results, the effect of various
factors on the modeled, expected LST will be discussed: a) nonlinearity of GV fraction
estimation, b) shade effects, c) plant stress, d) error in fractional cover estimates, e) timing
of flights, f) spatial variability in environmental variables and g) choice of thermal groups.

First, expected LST is estimated using pixel fractions derived from MESMA, a linear
spectral mixture model. However, in actuality spectral mixing is nonlinear due to multiple
scattering of photons (Borel & Gerstl, 1994; Roberts, 1991; Roberts et al., 1993). This
effect is expected to be prominent in agricultural orchards due to the vertical structure of

the canopy, density of trees, and transmittance of radiation through the leaves (Somers, et
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al. 2009). As shown in Somers et al., (2009), tree-soil mixtures within a citrus orchard
canopy as modeled by a linear mixture analysis will lead to an underestimation of GV for <
50% GV cover and an overestimation of green vegetation when GV cover is >50%. These
errors will likely be smaller with dark soils than bright soils because there are fewer
photons reflected by darker objects (Roberts, 1991). Nonlinearity can result in RMSE
values of between 4 and 10% in citrus orchards for cover fractions (Somers, et al. 2009).
This error in GV fraction will lead the LST model to overestimate temperatures when pixels
contain less than 50% GV and underestimate temperatures when the GV fraction exceeds
50% (Fig 3.13A). Subsequently, pixels with low GV fraction will overestimate temperature,
reducing the residual, while pixels with a high GV fraction will underestimate temperature,
increasing the negative residual. However, the errors due to multiple scattering in this study
are expected to be low because canopy endmembers were used in the linear unmixing and

these endmember already capture multiple scattering.
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Figure 3.13: Conceptual schematics of the effect of A) GV fraction error, B) shade, and C)
stress on LST residuals by GV fraction

Second, just as the linear spectral mixture does not account for photon interactions
when estimating fractional cover, the linear thermal model used to model LST is also
subject to nonlinear effects. Shade will cause error in soil temperature estimation that can
lead to an overestimation of soil temperatures in mixed pixels. Thermal soil endmembers
for the model were calculated based on the average temperature for pure soil pixels. A pure
soil pixel is unlikely to be influenced by shadows, and its temperature will be a function of
full solar radiation. However, as vegetation cover increases in a pixel, a larger percentage of
the present soil will be shaded, up until the vegetation fraction reaches 100% and the effect

cancels out (Fig 3.13B). Shaded soil would be expected to be cooler than non-shaded soil,
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therefore the soil endmembers that are being used to model the soil temperature will be
warmer than the actual shaded soil in mixed pixels. This will lead the temperatures of
mixed pixels to be modeled as too warm, and the corresponding residuals to be too low.

Similarly, vegetation is subject to shading effects as well as differences in structure and
orientation that influence LST. Jones et al. (2009) found that leaf temperatures vary by as
much as 15°C between full sun and deep shade. Therefore, factors such as the orientation of
the leaves, canopy structure, and row spacing are all important controls on plant
temperatures as they influence the amount of vegetation in a field that is shaded. These
factors also affect the surface aerodynamic roughness, which governs how readily
vegetation can transfer heat and moisture to the atmosphere. The height and structure of a
crop canopy determines its aerodynamic roughness, with rougher vegetation being more
tightly coupled to the atmospheric moisture deficit, which increases plant ET and decreases
canopy temperature (Bonan, 2008). In an aerodynamically rougher crop canopy, heat is also
more readily transferred to the atmosphere by sensible heat flux. For these reasons, the
remotely sensed surface temperature depends not only on the fractional cover of a pixel, but
also on the composition of vegetation within a pixel. Two pixels with the same fractional
cover of vegetation can have different thermal behaviors due to differences in the
distribution of that vegetation, its height, and structure (Kerr et al., 2004). The model aims
to account for these influences by using canopy-level image endmembers and creating
multiple thermal classes for different groups of perennial crops, so the overall error
attributable to canopy shading is assumed to be small.

Third, plant stress will alter the GV/LST relationship in a way that, while not

introducing error, will lead LST residuals to vary by GV fraction. If a plant is stressed, its

98



actual temperature will be warmer than expected, leading to a positive residual. While the
model is designed for such a result, the side effect is that pixels with larger fractions of
stressed vegetation will have higher residuals than pixels that have small fractions of
stressed vegetation, as indicated by the increasing LST residuals with GV fractions in Fig
3.13C. Therefore, if plants are stressed, we expect that GV fraction and LST residual will
have a positive correlation. We examined the relationship between LST residual and GV
fraction for each of the studied crops in Figure 3.13 and found a trend of increasing
residuals with increasing fractional cover, a result that we believe is indicative of crop
stress. The relationship between residuals and GV fraction is shown by the positive linear
trend lines in Figure 3.14 and the growing shaded area with fractional cover between the

modeled and observed lines in Figure 3.13C.
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Figure 3.14: LST residual as a linear function of green vegetation fraction shows a positive
correlation for most crops. Linear trend lines are plotted for each crop species over all three
dates.

Fourth, an under or over estimation of fractional cover will propagate into LST residual
errors; however, we do not believe that the distribution of errors will change the robustness
of the results. Given mean LST values of 306.3 K, 321.3 K and 326.6 K for GV, NPV and
soil respectively over all years and within the fields studied, the largest LST residual errors
would result from a fraction error between soil and GV. MESMA has proven high
fractional estimation accuracy for green vegetation. When looking at spectral separability
between turfgrass, tree, paved, roof, soil, and NPV, Wetherley et al. (2017) found that
mixtures of tree/soil were the second most separable pair after turfgrass/soil. Using
synthetic mixtures, this study observed that soil, when mixed with tree, had a fractional

accuracy of 0.976 while tree, when mixed with soil, had a fractional accuracy of 0.896.
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Therefore, we believe that fraction errors between GV and soil will be less than 10%.
Furthermore, partitioning the landscape into soil and green vegetation is a necessary step in
estimating crop stress and water use, and is therefore included in comparable models such
as the VHI and WDI. While any fractional cover estimate will be subject to error, we
believe MESMA is an improvement over these other models for reasons that will be
discussed in Section 4.2. Finally, we do not believe that the errors in temperature estimation
that result from errors in fractional estimation will preferentially affect any specific crop
species. Therefore, while there will be pixel-level error due to fractional cover estimations,
these errors should balance out and allow for relative stress comparisons when analysis of
crop temperatures is aggregated to the field and/or species levels.

Fifth, differences in flight timing will contribute to noise in the interpretation of results.
Crop stress fluctuates with time of day, and plant transpiration has been found to plateau
midday and then decrease in the afternoon as soil water content and soil water potential
decrease (Lynn and Carlson, 1990; Olioso et al., 1996). Therefore, temperature residuals
are not only a function of the overall health of the crop during the year and season the
imagery was collected but also the water availability on the day and time it was captured.
While flight timing should be considered when interpreting findings, we do not believe that
the effect is significant enough to overwhelm the yearly signal of increasing stress that is
likely due to drought. Temperature residuals were shown to increase from 2013 to 2015. If
this trend were due to the timing that the data were collected, we would expect the timing to
have a similar trend as the residuals. However, the flight in 2014 was flown latest in the day
yet did not have the highest residuals. Additionally, 2013 and 2015, which were flown at

similar times of day, had the greatest differences in average LST residual, which is the
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opposite result as would be expected if flight timing were the main driver of residuals.
Therefore, flight timing is an important factor to consider when interpreting LST patterns,
but its effect on this study is assumed to be small. If designing a study to compare water
stress between months or years, consistency in timing of acquisition would enhance
interpretability of results.

Sixth, this study assumed that environmental variables such as air temperature,
radiation, and wind did not deviate significantly across the study scene. In our study area,
which has little variability in elevation and has similar vegetation types throughout, we
assume the climate is relatively stable. However, some variability will exist across space
that will cause error. If this model were applied to a study area that encompassed multiple
climate zones, thermal endmembers would need to be calculated separately for each zone to
account for known differences in environmental conditions. For this reason, we suggest
that this method be implemented over relatively homogeneous areas, with respect to
topography and climate.

Finally, this model requires a priori information about the landscape and informed
knowledge to select appropriate thermal groups. In this study, a crop map that was
compiled on-the-ground at the county level was used to inform thermal classes. In lieu of a
similar map, crop information could also be gathered from a classification of VSWIR
imagery (Shivers et al., 2018; Wardlow et al., 2007; Zhong et al., 2011) or from a national
crop map such as the Cropland Data Layer (USDA, 2018). With that information, crops
could be separated into groups that are similar physiologically and biophysically such that
they are expected to have similar thermal behavior. One of the limitations of the model is

its sensitivity to choice of thermal groups. While we expect this method to be transferable
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to other regions, types of landscapes, and thermal groupings, further work would be
necessary to test this hypothesis.
3.4.2. Benefits of proposed LST model for interpreting stress

This study found a significant inverse relationship between green vegetation and LST.
Other studies have observed similar trends between temperature and vegetation (Lambin &
Ehrlich, 1996; Nemani & Running, 1989; Roberts et al., 2015). However, unlike other
models that use vegetation indices to account for this relationship, such as the VHI or WDI,
our model uses a mixing model. The mixing model is an improvement upon the vegetation
indices as it leads to a more accurate estimate of fractional cover in a diverse landscape
such as our study area. NDVI is sufficient for estimating fractional cover in simple
landscapes with little spectral variability, but a mixture model is better suited for estimating
fractions in spectrally and spatially diverse landscapes (Xiao & Moody, 2005). NDVI1 is
also sensitive to variability in soil background reflectance, which is accounted for with a
mixing model. MESMA, in particular, has the added benefit of using multiple endmembers
per surface cover component, which allows these components to be grouped by spectral
similarity.

We found that there is significant thermal variability within the broad surface covers of
GV, soil, and NPV. These findings imply that a detailed knowledge of the landscape,
beyond basic surface cover fractions, should be considered for interpretation of LST in
agricultural areas. We explored thermal patterns in agricultural orchards and found that core
thermal differences exist between crop groups of citrus, perennial fruits, and nuts that may
not be attributable to stress. These findings indicate that physiological differences between

crops result in different thermal behaviors that will impact interpretability of stress. Results
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are also in agreement with the observation of Roberts et al. (2015), who found that LST and
GV cluster by dominant plant species in LST/GV space.

Moreover, we found that there is thermal variability in soil that is correlated to soil
albedo and in NPV that is hypothesized to vary by structure. This result is consistent with
studies of soil moisture, which have observed that moisture will lower the albedo and
temperature of a dry soil (Liu et al. 2008; Lobell & Asner, 2002; Sandholt et al., 2002). The
method detailed in this paper acknowledges the variability within soil, NPV, and GV and
uses a crop map and MESMA endmembers to account for some of this thermal variability.

Current remote sensing methods that estimate agricultural stress either require field-
specific inputs that limit the scale of applicability or are wide-reaching but too simplistic in
their assumptions such that all GV, soil, and NPV are treated similarly regardless of
structural complexity, albedo, or functional group. Field-level models such as the WDI and
CWSI account for differences in species by requiring crop-specific data, but these intensive
inputs limit broad spatial analysis. Other models that have been developed for analysis
across large areas, such as satellite-based ESI and VVHI, do not account for the degree of
thermal variability that was found in this study to be present in an agricultural landscape.
While ESI and VHI do use NDVI and, in the case of ESI, also LAI to account for thermal
differences within green vegetation, these parameters will not account for thermal
variability from soil type or moisture, NPV, or even species-level thermal variability. An
advantage of this method is that it segments GV, soil and NPV into groups that should have
similar thermal behaviors while requiring no site-specific inputs other than a crop map. Its
internalized calibration makes this method scalable across time and space. In lieu of a crop

map, MESMA endmember groups, such as were used for NPV and soil, may be a suitable
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substitute for grouping GV into thermal classes. However, further study would be necessary
to test this hypothesis.
3.4.3. Opportunities for agricultural applications

Monitoring crop stress is important in anticipating the future of the agricultural
landscape and can provide insight into plant water status and plant stress that could help to
identify unhealthy crops to mitigate impacts that could lead to decreased yields and
economic losses. We found that thermal imagery collected at only one date per year over
three years of drought was able to identify the species that were facing the highest degrees
of stress, in agreement with county-level yield data. Previous studies have also observed
correlation between thermal stress and agricultural yields. Thermal remote sensing has been
observed to correlate with fruit quality in orchards with open canopies (Sepulcre-Cant6 et
al., 2007) and has been used as an indicator of regional agricultural drought as measured by
crop yields (Anderson et al., 2016). Subsequent analysis of our model would be necessary
to determine if the results are robust at the field level, but even the regional correlation with
measured crop yields has important implications for farmers, policymakers, and scientists
analyzing food and water resources.

Moreover, temperature patterns were correlated with expected ET rates for crops in
California in a dry year, further bolstering the hypothesis that LST patterns can be used to
infer information about crop water use and stress. We hypothesize that deviations in the
expected linear relationship between ET and LST are the result of irrigation management
decisions such as irrigation method, timing, or applied amount that will affect the health
and productivity of the crops. ET rates were calculated under the assumption that crops

were watered with surface irrigation systems, suggesting that expected ET rates would
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increase by 3-6% if drip or micro irrigation were applied (Irrigation Training and Research
Center, 2003). As the frequency of drip irrigation for orchards has increased dramatically in
the past couple decades, this change in method may be a factor in deviations from the
ET/LST relationship. We also hypothesize that deviations in the ET/LST relationship are a
factor of drought management techniques such as reduced watering. In line with this
assumption, walnuts consistently had the lowest temperatures and residuals of the three nut
crops in the study. This finding is consistent with suggested drought irrigation management
techniques that recommend against deficit irrigation for walnuts as they are highly
susceptible to damage if faced with water stress and are not as tolerant to these practices as
either almonds or pistachios (University of California Division of Agriculture and Natural
Resources, 2018). The lower walnut temperature may, therefore, be the result of continued,
consistent irrigation in comparison to almonds and pistachios, which receive deficit
irrigation. The temperature residuals capture the difference between expected and measured
temperature and therefore act to as an important source of information about ET rates, the
irrigation management practice, and stress. These thermal analyses are important for
prioritizing water resources, especially in times of drought when water is limited.
Additionally, maps of thermal stress could be valuable to assess the representativeness
of in situ measurements of carbon dioxide, water vapor, sensible heat, or other fluxes over a
heterogeneous landscape (e.g., Barcza et al. 2009). This method of quantifying stress could
also be complementary to surface energy balance models such as Disaggregated ALEXI
(DisALEXI; Anderson et al., 2007a, 2007b) and Mapping Evapotranspiration with
Internalized Calibration (METRIC; Allen et al. 2007). As our approach provides a relative

measure of stress and DiSALEXI and METRIC estimate actual ET, the surface energy
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balance models could be used to test the sensitivity of our approach to changes in ET.
Alternately, the segmentation of soil and NPV into thermal classes in our method may be of
use for refining the evaporation component of DisALEXI or METRIC for increased
accuracy in crop ET estimation.

Our approach has the added benefit of requiring only VSWIR imagery, thermal
imagery, and a crop map that provides a level of detail of, at minimum, plant functional
groups, and these minimal inputs allow for ease of implementation. Given these inputs, the
approach suggested in this paper is probably best suited for agricultural applications at a
spatial scale where environmental variables do not vary highly, such as the study scene in
this paper. Within a relatively homogenous area, this method could be applied routinely
using consistent thermal groups in order to identify which fields are most stressed and/or to
gain information about irrigation management practices, particularly during drought as
studied in this paper. In order to improve the ability of this method to capture within crop
change in drought stress through time, further analysis would need to be conducted with a
dataset that collects at approximately the same time for every capture. With our dataset that
contained large differences in time of capture, these timing differences made such analyses
beyond the scope of this paper.

3.4.4 Relevance to the SBG and ECOSTRESS Missions

This study showed that thermal signatures of agricultural crops are correlated with crop
species and fractional cover. Therefore, LST data on its own without information about
surface structure and composition is challenging to interpret in the context of crop stress.
The SBG mission would provide spatially and temporally paired thermal and VSWIR

imagery globally which would allow for detailed analysis of LST patterns that take into
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account fractional cover and surface type. The ability of SBG to monitor crop stress would
be enhanced by a crop classification that could group crop fields into relevant thermal
classes, removing the need for accurate GIS data layers. Future studies are needed to assess
the accuracy of SBG for such a classification and further evaluate its suitability to detect
crop stress independent of a crop species map. The SBG mission will allow for further
exploration of crop temperatures as they change temporally and as they differ across
different climates and landscapes.

In addition to SBG, with the ability to track diurnal changes in plant water globally,
ECOSTRESS is well positioned to lead scientific understanding of crop water stress as it
changes spatially and temporally (Fisher et al., 2015). This study provides rationale for
accounting for species and soil type when analyzing thermal data and enhances the
importance of pairing the thermal data with ground data or VSWIR imagery from Landsat
or MODIS that can enhance understanding of surface characteristics. Further, with paired
VSWIR imagery, it suggests the potential for extrapolating the methodology in this paper
for global study of crop tree stress.

3.5. Conclusions

This paper used hyperspectral VSWIR data, TIR imagery, and a GIS data layer of crop
species from 2013, 2014, and 2015 to evaluate LST patterns across an agricultural
landscape of perennial crops in Central Valley of California during a severe drought. The
findings provided enhanced understanding of the thermal complexity that exists within
orchards, and it proposed an approach to capturing this variability by using LST to derive a
quantitative estimate of thermal stress. Hyperspectral and thermal imagery can together

provide information about the surface characteristics and composition of the landscape and
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water stress as a function of the temperature of that surface. We found that multiple thermal
classes exist within GV, NPV, and soil groups, and that fractional cover information was
necessary to understand thermal patterns in agricultural areas. Through estimating LST and
calculating temperature residuals, our method accounted for the structural complexity
within the agricultural orchards and provided an indicator of stress that made thermal
patterns comparable between species and that was closely related with regional crop yield
data. With the future launch of the SBG satellite and the successful deployment of the
ECOSTRESS instrument, this method shows promise for broad agricultural analysis with
results that would be of value for agricultural management, food systems monitoring and

water resource accounting.
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Chapter 4: An analysis of atmospheric water vapor variations over a complex

agricultural region using airborne imaging spectrometry
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4.0. Abstract

Understanding atmospheric water vapor patterns can inform regional understanding of
water use, climate patterns and hydrologic processes. This research uses Airborne Visible
Infrared Imaging Spectrometer (AVIRIS) reflectance and water vapor imagery to evaluate
spatial patterns of water vapor in California’s Central Valley on a June date in each of
2013, 2014, and 2015, and relates these patterns to surface characteristics and atmospheric
properties. We analyze water vapor imagery at three scales: pixel, regional and agricultural
field, and test a series of hypotheses for how the slope, intercept, and trajectory of water
vapor trends will interact with the landscape in a highly diverse and complex agricultural
setting. In agreement with our hypotheses, at the field scale, we find significant quadratic
relationships between water vapor slope and wind magnitude in each of the three years
(p<0.001). Results showed a strong positive correlation between crop water use and the
frequency with which crops showed directional alignment between wind and water vapor
(r=0.67). At the regional scale, we found patterns of water vapor that support advection of
moisture across the scene. However, in contrast to some of our hypotheses, the results
showed inverse correlations of -0.35, -0.34, and -0.25 between water vapor slope and field
size in 2013, 2014, and 2015. We also found no correlation in any year between green
vegetation fraction and vapor slope (r =0.001 in 2013, r=-0.02 in 2014, r=0.02 in 2015).
These results lead us to conclude that accumulation of water vapor above fields in these
scenes is observable with AVIRIS-derived water vapor imagery whereas advection at the
field level is obscured by variable winds, differences in field structure and composition, and

smaller-scale patterns of vapor. Based on these results, we identify new opportunities to use
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and apply water vapor imagery to advance our understanding of hydro-climatic patterns and
applied agricultural water use.
4.1. Introduction

Atmospheric water vapor is a critical element of climate, an indicator of land surface
hydrologic processes, and a potent greenhouse gas (Ross & Elliott, 2001; Trenberth et al.,
2005). As such, analysis of vapor patterns at a fine spatial scale can inform climate and
plant water use studies (Gaffen et al., 1992; Ogunjemiyo et al., 2002). Imaging
spectrometers such as NASA’s Airborne Visible Infrared Imaging Spectrometer (AVIRIS)
measure reflected radiance at fine spatial and spectral resolution, and in so doing provide
measurements of column water vapor as well as a highly detailed reflected signal from the
land surface below (Gao and Goetz, 1990; Green et al., 1998; Thompson et al., 2015).
These two spatially corresponding products allow us to uniquely observe surface processes
and characteristics as they relate to the atmospheric patterns above them in ways not
previously possible. As such, this research proposes to leverage water vapor and reflectance
imagery to observe and assess spatial patterns of water vapor in the Central Valley of
California to evaluate the assets and limitations of this dataset for evaluation of agricultural
water use.

Observation and evaluation of water vapor over agricultural fields in California’s
Central Valley have substantial value for water resource management, irrigation
assessments, and regional climate patterns. The Central Valley contains one of the world’s
largest contiguous areas of high irrigation density (Siebert et al., 2007) with more than 3.6
million irrigated hectares of farmland (Mount et al., 2014) that use over 80% of the state’s

managed water supply (CA DWR, 2014). Worldwide, arid and semi-arid regions such as
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the Central Valley see upwards of ninety percent of precipitated water returned back to the
atmosphere via evapotranspiration (ET) (Glenn et al., 2007). In the Central Valley, where
precipitation is low and managed water inputs are extreme, annual ET exceeds precipitation
by about 60% (Faunt, 2009; Lo & Famiglietti, 2013). These extreme irrigation inputs,
therefore, significantly modify the spatial and temporal distribution of hydrologic flows
across the region by transforming liquid water resources (from the surface or ground) into
transpired atmospheric water vapor (Gordon et al., 2005) that can be transported and
distributed as rainfall elsewhere (Lo & Famiglietti, 2013). Further, as local atmospheric
water vapor is intensified by ET, it is indicative of agricultural water inputs and crop
functioning throughout the region.

Imaging spectrometers such as AVIRIS quantify column water vapor using several
water absorption features across the infrared portion of the electromagnetic spectrum
(Carrere & Conel, 1993; Gao & Goetz, 1990; Roberts et. al, 1997). Atmospheric water
vapor absorption features occur at 0.94, 1.14, 1.38 and 1.88 um, and the relative depth of
these features can be used to derive atmospheric water content (Gao & Goetz, 1995).
Hyperspectral imagery is uniquely suited to estimate water vapor because its high spectral
resolution captures water absorption features that multi-spectral sensors, such as Landsat,
are designed to avoid. In addition, the fine spatial resolution of the retrievals (~18 m) enable
observation of water vapor patterns that are obscured in spatially coarser imagery, such as
MODIS (1 km) and GPS.

While water vapor imagery is produced as a byproduct of most visible to shortwave
infrared (VSWIR) reflectance retrievals, few analyses have been conducted with this rich

dataset, leaving many questions as to the utility of this data unanswered. A notable
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exception is the work of Ogunjemiyo et al. (2002) who studied water vapor over poplar
plantations in Washington State to assess the feasibility of using AVIRIS-retrieved column
water vapor as a tool to study plant ET. That study proposed a conceptual model of water
vapor and its relationship to the surface (Fig 4.1), hypothesizing that plants with higher
rates of transpiration will produce more water vapor, which will advect downwind and
accumulate to a level detectable in the imagery, and that crops with higher water use rates
will have steeper water vapor slopes, modified by wind speeds. Ogunjemiyo et al. (2002)
found that the patterns and magnitude of retrieved water vapor in their study areas were
consistent with wind direction and reasonable transpiration rates for poplars with unlimited
access to water, concluding that AVIRIS water vapor is sensitive to ET under certain
boundary layer conditions. However, while transpiration is the dominant source of water
vapor in the atmospheric boundary layer (Harwood et al., 1998; Moreira et al., 1997; Yepez
et al., 2003), directly relating water vapor to the agricultural field that produced it will
depend on multiple factors including atmospheric turbulence, time of day, wind magnitude

and direction, and atmospheric stability.
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Figure 4.1: Conceptual schematic of columnar water vapor as it is affected by ET rates and
wind, modified from Ogunjemiyo et al. (2002)

Here, we build upon the work of Ogunjemiyo et al. (2002) to further evaluate if
AVIRIS is sensitive to field scale ET by testing a series of specific hypotheses to
investigate how AVIRIS estimates of water vapor vary with the surface properties and
atmospheric conditions that might be expected to influence water vapor in a complex
agricultural environment (Table 4.1). Relating water vapor patterns to crop water use will
be more challenging to isolate in the Central Valley of California, which includes a
complex arrangement of agricultural fields that vary in crop types, land management,
irrigation practices, field sizes, and vegetated cover fractions. Relative to the large, single-
crop, well-watered field studied in Ogunjemiyo et al. (2002), the heterogeneity in crop type
and water availability, smaller field sizes, and the semi-arid climate in our study area add
complexity to the interaction between the atmosphere and underlying physical and plant
physiological characteristics. Table 4.2 summarizes additional mechanisms that might

influence the interactions summarized in the simple conceptual model (Figure 4.1). This
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study will also conduct analyses of water vapor at three scales — pixel, field, and scene —
using three AVIRIS-derived water vapor images collected in early June of three different
years. Our hypothesis (Table 4.1) are designed to refine understanding of whether
consistent (in time and space) relationships between imagery, atmospheric conditions, and
surface properties are derivable from hyperspectral imagery in a complex agricultural
landscape and at which scales. Results will identify opportunities and limitations of using

water vapor imagery to study ET at the ground surface in this important agricultural region.
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Table 4.1. Hypotheses to be tested in this study

Hypotheses

Pixel Level

A Healthy, transpiring vegetation will have more water vapor above it, as
shown through a positive correlation between green vegetation fraction and
water vapor concentration and a negative correlation between land surface

temperature and water vapor concentration.

Scene Level

B Water vapor imagery will show advected moisture in the downwind
direction.
Field Level

C If there are stable and moderate winds, horizontal gradients of water vapor

will form above evapotranspiring fields.
D If winds are light or inconsistent, gradients will not be observed, but water

vapor will build up over evapotranspiring fields.

E High winds will lead to shallower slopes of water vapor gradients above
fields

F In evapotranspiring fields, wind direction and water vapor trajectory will
closely align.

G Larger fields will show larger water vapor gradients.

H The slope of water vapor gradient will positively correlate with green

vegetation fraction within vegetated fields.
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I Bare fields or sparsely vegetated fields will not show water vapor gradients.

J Fields that are not evapotranspiring will show no gradients.

K Crops that have higher ET rates will have more pronounced (steeper) water

vapor gradients above them.

Table 4.2. Canopy-level and field level factors affecting plant/atmosphere
interactions (Jarvis & McNaughton, 1986)

Factor

Effect

Crop Type

Aerodynamic roughness

Vapor pressure deficit
(VPD)

Canopy conductance

Field Size

Edge effects

Climatic

Aerodynamically rough vegetation is more coupled to the
atmosphere because it creates turbulence which transfers heat
more readily from the surface to the atmosphere. Short,
smooth surfaces are less coupled than taller, rougher
surfaces.

Transpiration increases with increasing VPD up to a certain
point at which stomata close and transpiration declines. The
tipping point differs among species (Asbjornsen et al., 2011).
The rate at which water vapor exits plant stomata will
moderate the concentration of vapor above the canopy, and

this varies by plant species.

The size of the field affects the proportion of land that exists
at the boundary with another field. Smaller fields are more
susceptible to edge effects of neighboring fields than larger
fields.
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A larger and more dynamic study scene will experience
Variability greater ranges in wind speed and direction and vapor

pressure deficit than a more localized study area.

4.2. Methods
4.2.1. Study area

This research focuses on a long transect of the California Central Valley that is also
known as the “Soda Straw” in the Hyperspectral Thermal Imager (HyspIRI) Airborne
Preparatory Campaign flight plan (Fig. 4.2). The study area includes portions of Fresno,
Tulare, Kern, and Kings Counties, three of the top four leading agricultural counties in
California (CDFA, 2016). The study area is part of the Tulare Lake Hydrologic Region,
which comprises the southern third of the Central Valley and is the largest agricultural
region in California with about 1.2 million irrigated hectares out of its 4.4 million hectares
total (CA DWR, 2009). The region is prosperous for agriculture partially because of its
long growing season, with moist winters often blanketed by fog and dry summers (CA
DWR, 2009). Tulare Lake is the driest region of the Central Valley, receiving an average of

less than 25.4 cm of precipitation a year (CA DWR, 2009; Carle, 2004).
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Figure 4.2: Study area within California’s Central Valley
4.2.2. Data

4.2.2.1. Radiance and reflectance imagery

The Surface Biology and Geology (SBG) mission has been identified in the 2017
Decadal Survey as a designated program element prioritized for development as a means to
enhance our ability to monitor ecosystems, natural hazards, and land use over time
(National Academies of Sciences, Engineering, and Medicine, 2018). The proposed sensor
will capture a large number of spectral bands in the visible and shortwave infrared at a 30 m

resolution, as well as multiple bands in the thermal infrared (TIR) at a 60 m resolution. In
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order to simulate the capabilities of SBG, the HyspIRI Airborne Campaign (HAC) flew the
AVIRIS and MODIS-ASTER Simulator (MASTER) instruments throughout California
seasonally from 2013 to 2017 at an altitude of 20 km. AVIRIS is a 224 band imaging
spectrometer that captures wavelengths from 350 nm - 2500 nm at approximately 10 nm
increments (Green et al., 1998). MASTER captures 8 bands in the TIR region from 4-12
um (Hook et al., 2001). NASA’s Jet Propulsion Lab (JPL) preprocessed the imagery and
produced orthorectified, high spectral resolution radiance and atmospherically-corrected
reflectance imagery from AVIRIS at an 18 m spatial resolution and a land surface
temperature (LST) product from MASTER at a 36 m spatial resolution. AVIRIS imagery
was resampled to 36 m by pixel aggregation for consistency with LST imagery. Three dates
of imagery from HAC were analyzed: June 6, 2013, June 3, 2014 and June 2, 2015
collected at 18:25, 21:41, and 18:59 UTC respectively.
4.2.2.2. Water vapor imagery

Pixel-level water vapor estimates were calculated from the radiance imagery using
Atmospheric CORrection Now (ACORN) 6.0 atmospheric correction software (ImSpec,
2002). ACORN 6 models atmospheric gas absorptions and scattering effects using
nonlinear least-squares spectral fitting with look-up tables of water column densities
generated from MODTRAN 4 radiative transfer runs (Berk et al, 2017; Kruse, 2004). The
result is pixel-level water vapor and liquid water estimates over the entire study scene.
ACORN 6 was run in mode 1.5 for atmospheric correction of hyperspectral data. Chosen
parameters include the use of both 940 nm and 1140 nm to derive water vapor, a mid-
latitude summer model, an average surface elevation of 100 meters, automated estimate of

visibility and artifact suppression.
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4.2.2.3. Surface and field properties

The studied agricultural landscape was characterized using both the reflectance imagery
and a geographic information system (GIS) layer of field data. Multiple Endmember
Spectra Mixture Analysis (MESMA; Roberts et al., 1998) was run on the AVIRIS
reflectance imagery to estimate pixel-level fractions of green vegetation (GV), soil, and
non-photosynthetic vegetation (NPV). MESMA is a spectral mixture technique that models
the spectral signature of each pixel using a linear combination of spectra from the classes
within the scene. The chosen endmembers for each class are allowed to vary on a per-pixel
basis to capture the diversity of spectra contained within GV, NPV, and soil. The resultant
product is a sub-pixel map of vegetation fraction, both senesced and green, and soil
throughout the study area. MESMA was run on each of the three image dates using one
spectral library of 40 image-selected endmembers (22 GV, 8 NPV, 10 Soil) that were
collected from all three dates.

In addition to cover fractions, we obtained field size and crop species data. This
information was obtained from GIS crop data layers provided by Tulare, Kings, Kern, and
Fresno Counties. Field boundaries and crop information is gathered as part of a California’s
required registration and permitting of agricultural fields that use pesticides. Field sizes
ranged from <100 m? to 2.7 km?. Using the MESMA results and the crop map, which
delineates field boundaries, a mean estimate of GV, Soil, and NPV was calculated for each
field.
4.2.2.4. Wind patterns

An expected driving factor of water vapor patterns is wind, both its directionality and its

magnitude. Therefore, we interpolated a map of wind over the study area during the study
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times and dates in order to create an estimate of wind activity against which to compare
water vapor patterns. To calculate wind speed and wind direction, we relied on weather
station data from 18 meteorological stations in or within close proximity to the study area
(Fig 4.3). Weather stations used in the analysis are managed by various sources including
government agencies, private firms, and educational institutions. Meteorological data were
downloaded from the MesoWest and California Irrigation Management Information System
(CIMIS) networks. For each station, the wind speed and direction that most closely
matched the flight time for each of the three dates were recorded. All observations were
within 30 minutes of the flight time. Using the 18 data points for wind magnitude and
direction, data were spatially interpolated across the study area using an inverse weighted
distance (IDW) formula. IDW relies on the idea that each estimated data point will be
influenced by the known data surrounding it, and this influence will diminish with distance.
IDW has been widely used in climatic studies for interpolating data such as temperature,
rainfall, and wind (Legates & Willmott, 1990) and is computationally efficient (Dirks et al.,
1998), but has been found to have low accuracy when data is sparse or unevenly distributed
(Luo et al., 2008). As our study area is relatively flat and stations are somewhat evenly
disbursed, we felt IDW would be an appropriate and efficient method for wind
interpolation. The result is a pixel-level estimation of wind speed and wind direction across

the study area for each of the three study dates.
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Figure 4.3: The 18 meteorological stations used to interpolate wind data are shown in
juxtaposition with the study site shown in light green.

4.2.2.5. Field-level water vapor trends

Because small-scale trends of water vapor are observed in the scene and crops are not
uniformly distributed throughout the area, direct comparisons of water vapor concentrations
between fields or crop types would not be suitable for ET evaluation. Therefore, most of the

analyses in this study area are conducted using field-scale, normalized water vapor values.
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In order to normalize comparisons, intra-field slope, trajectory, and intercept were
proposed. To quantify the concentrations and gradients of water vapor as they vary over
field of crops, a 3D linear trend surface was fit to the water vapor data over every field in
the crop map for each year (n=2599 for 2013; n=2395 for 2014; n=3197 for 2015). Using
the fitted surface, an intercept, slope, and trajectory were calculated for each field to explore
the magnitude, rate of change, and directionality of the water vapor above it. The slope acts
as a measure of moisture advection as a factor of wind at the field-level. The intercept is an
important measure of water vapor at both the field and scene levels. At the scale of an
individual field, the intercept quantifies the build-up of moisture over a field, while at the
scale of the entire study site, the spatial pattern of intercepts highlight advection of moisture
across the scene. The trajectory is equivalent to the azimuth of the water vapor trend at the
field-level. To assess the strength of the modeled, fitted surface, r-squared and p-values
were also calculated. Only fields that had statistically significant linear trends (p<0.05)
were analyzed. The water vapor occurring above an example field and its corresponding

fitted plane are shown in Figure 4.4.
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Figure 4.4: Water vapor trend occurring over an example field. The top graphic shows
pixel-level water vapor measurements from 2013 from AVIRIS above polygon “152351”, a
field of nectarines. The bottom plot illustrates the same water vapor measurements, fitted

by a linear trend surface. Column water vapor values reported in millimeters. Slope = 0.99
and r? =0.61.

126



4.2.3. Analysis
4.2.3.1. Water vapor pixel-level analysis

Water vapor concentrations were explored as their distributions vary by day and within
the scene. Within each scene 1,000 random pixels were selected and a Pearson’s R was
calculated to analyze the correlation between GV fraction and LST with water vapor
concentrations in order to test Hypothesis A. GV fraction was obtained from MESMA and
LST from the corresponding MASTER imagery. If expected correlations are found, these
correlations would be indicative of water vapor relating to the surface beneath it. Green
vegetation transpires and produces water vapor, which will lead pixels with more
vegetation to have higher water vapor. These surfaces should also have lower temperatures
as evapotranspiring plants shed energy through latent heat.
4.2.3.2. Water vapor across-scene analysis

We tested Hypothesis B by examining patterns of water vapor intercepts against
prevailing wind direction. Over the study area, we expected the water vapor concentration,
as quantified through the intercept of the fitted water vapor plane, to increase downwind due
to moisture advection. For example, if the wind is blowing from the North, we would expect
fields in the southern part of the study area to show higher intercepts than fields in the
northern part of the study area. We evaluated this hypothesis in each of the three years by
mapping out intercepts in the study area and qualitatively assessing their relationship to the
calculated wind direction.
4.2.3.3. Water vapor field-level analysis

At the field level, we analyzed gradients of water vapor as they vary over agricultural

fields in line with expectations of vapor as conceptualized in Figure 4.1 and as explained
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through Hypotheses C through K in Section 1. As such, we tested Hypotheses C, D, E, and
F by evaluating the relationship between wind speed and direction with the slope of water
vapor. Even if pixel or scene-level trends were not identified in an image, we included all
dates of imagery in the field-level analysis as we hypothesize that trends may be happening
at variable scales so null results at one level does not preclude significant results at another.
The trends of water vapor above fields will be a factor of both wind speed and direction.
We expected to find that, within fields predominately covered in green vegetation
(GV>0.5), the relationship between water vapor slope and wind would show a quadratic
relationship with relatively high or low winds creating water vapor gradients less steep than
winds that are of an “intermediate” magnitude. Higher winds will move water vapor at a
faster rate, which will lead to shallower gradients. However, this concept should only hold
once the winds reach a certain threshold magnitude and a stable directionality as light
and/or inconsistent winds will not produce any gradients. To test this hypothesis we plotted
wind magnitude against water vapor slope in each of the three years. We also expected to
find water vapor surfaces that aligned in directionality with the wind. We calculated the
difference between the estimated wind direction and the trajectory of the water vapor above
each field as the directional difference. For those fields that had directional differences of
less than 30° and a statistically significant slope of vapor, we analyzed their characteristics
such as crop type and GV fraction to understand what types of fields our set of hypotheses
holds for.

Second, we tested the impact of field size on water vapor slope in fields of >50% GV to
examine Hypothesis G. We plotted field size against water vapor gradient while

hypothesizing that we would find a positive relationship. Steeper gradients would be
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expected above large fields as they have a larger surface area over which the vapor can
advect.

Third, we observed the relationship between GV fraction and water vapor slope in order
to test hypotheses H and . We separated fields into groups of similar field size to control
for the impact of this factor and then studied the correlation between green vegetation cover
and water vapor slope and intercept within each of those groups. We hypothesized that
fields with lower vegetation cover (<50% GV) would show a poor relationship between GV
fraction and water vapor slope and/or intercept while fields containing a majority GV
fraction (>50% GV) would have a positive correlation with water vapor slope and/or
intercept. We used a 50% GV threshold as was set in Shivers et al. (2018). Field-level
correlations between GV and intercept would be expected in situations with low winds and
higher build-up of water vapor whereas strong correlations between GV and slope would be
expected if consistent, moderate winds created advection of moisture across fields. Positive
correlations would indicate that fields with more transpiring vegetation are adding more
moisture to the air than less vegetated fields. A higher concentration of water vapor would
be confirmed though a positive correlation with water vapor slope if winds are consistent
and moderate, or an increase in intercept if winds are faint and/or variable.

Fourth, this study evaluated Hypotheses J and K by evaluating the slopes and intercepts
of the fitted water vapor surfaces over fields of different irrigated crop species. These
intercepts indicate the magnitude of water vapor above a field while the slope is indicative
of the trend of vapor over a field. A one-way ANOVA was performed to assess differences
in slopes between the crop species, and results were evaluated with expected ET rates. ET

rates were approximated using the expected crop ET coefficient for irrigated crops for June
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in the Southern San Joaquin Valley of California in a dry year (Irrigation Training &
Research Center, 2003). We expect crops that transpire more to have significantly higher
slopes than crops with lower ET rates.

To further examine expected patterns of water vapor as it relates to ET while controlling
for some level of complexity within the scene, we chose three crops that are prevalent in the
study area and looked at their LST as it related to water vapor slope. We explored water
vapor over fields of alfalfa, almonds, and cherries. We included all fields which had a
fractional green cover of 50% or more. We aimed to investigate the hypothesis that fields
with lower temperatures would have steeper water slopes. Fields with lower LST are
assumed to be healthier and less stressed than those with higher LST because plants that
have adequate water will transpire and cool themselves (Jackson et al., 1981; Tanner,

1963).
4.3. Results

Water vapor concentrations varied significantly between dates with mean values of 21.1
mm, 10.6 mm, and 17.0 mm in 2013, 2014, and 2015 respectively (Figure 4.5). While 2014
and 2015 had normal distributions, 2013 showed a bimodal distribution. The image from
2015 had the least variance in water vapor values with a standard deviation of 0.99 mm as

compared to 1.46 mm and 1.28 mm in 2013 and 2014.
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Figure 4.5: Water vapor distributions by year

Calculating linear surface trends of water vapor over fields, in 2013, 84% of the 2,591
fields had statistically significant water vapor surface trends. In 2014, 98% of the 2,351
fields had significant trends, and 92% of the 3,186 fields in 2015 did. The average slopes
from 2013, 2014, and 2015 were 0.86, 1.17, and 0.70 um of water vapor per meter of field
respectively.
4.3.1. Pixel-level water vapor correlations

At the pixel-scale, the imagery from 2013 and 2015 showed weak positive correlations
between water vapor concentration and GV fraction (r, 2013 = 0.24, r, 2015 = 0.26) while
the imagery from 2014 showed no correlation (r=0.01). Imagery from 2013 and 2015 also
showed the expected negative correlations between both LST and water vapor (r, 2013 = -

0.33, r, 2015 = -0.16) while 2014 did not. These results further suggest that the imagery
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from 2013 and 2015 are strong candidates for surface-atmosphere interaction analysis as
they show patterns that hold with Hypothesis A.
4.3.2. Scene-scale spatial trends in water vapor concentrations

The three dates of imagery showed different spatial trends of water vapor. In 2013,
water vapor showed a clear increasing trend from southwest to northeast, which is
noticeable but not as defined in 2015 (Fig 4.6). The 2014 and 2015 scenes showed
decreasing water vapor values in the northernmost portion of the scene as the Central
Valley transitions into the mountains and the elevation increases. Besides the decreasing
water vapor in the northernmost part of the scene, the remainder of the 2014 image is not
indicative of any other trends.

When observing the imagery at a larger scale, the water vapor from 2013 and 2015
shows strong coupling with the ground surface below with agricultural field boundaries
clearly defined. This result may be indicative of surface-atmosphere interactions or simply
an artifact of the reflectance retrieval. In contrast, the 2014 imagery shows patterns of
vapor that are more resonant of vapor or clouds that do not relate directly to the surface
structure below it. We hypothesize that the difference may be attributable to the moisture
level of the atmosphere, the differences in the timing of image acquisition, or the height of
the water vapor in the scene. The 2014 imagery had both the driest atmosphere at 10.6 mm
and also was the image that was acquired latest in the day. Given the appearance of the
water vapor imagery, we hypothesize that the water vapor in 2014 was located well above
the terrain while the water vapor in the 2013 and 2015 images were lower in the

atmosphere, closer to the terrain. If our study site had larger elevation gradients, we could
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test this hypothesis with the method laid out in Roberts et al. (1997). However, the flatness

of our study area precludes such an analysis.
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Figure 4.6: Water vapor images produced using AVIRIS radiance imagery and ACORN
reflectance retrieval algorithm

Computation of water vapor intercepts and interpolation of wind directionality allowed
for comparison between water vapor abundance and patterns of wind as laid out in
Hypothesis B. Figure 4.7 shows the directionality of the wind and the water vapor intercept
maps side-by-side for comparison. Of the three dates, the 2013 imagery shows the most
clear pattern of advected moisture that generally agrees with the wind map, especially in the
northern portion of the study area. The intercept map shows water vapor concentration
increasing from south to north while the wind direction map shows a south to north trend of

wind in the northern part of the study area. As crops transpire and water vapor advects, the
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intercepts above fields show increasing moisture. The southern portion of the study area
shows less agreement with winds, indicating winds coming from the northeast but a water
vapor gradient increasing from west to east. We hypothesize that this may be due to
differences in temporal scales or wind interpolation error, as noted in the discussion. The
2014 and 2015 images show water vapor that are not as clear in their trends. The 2014 wind
map shows winds primarily from the north and west. The northern winds do generally agree
with water vapor intercepts that seem to increase from north to south. The 2015 water vapor
intercepts show patterns that are somewhat similar to 2013 with a general south to north
increase in moisture, except for in the most northern portion of the flight line. Variability in
winds makes evaluation between intercepts and trends challenging. Moreover, while the
wind map is a snapshot at the time of flight, the intercept map likely represents a trend of
water vapor over a time period of many hours, which further complicates analyses.
However, results show some approximate agreement between winds and advected moisture,

especially in 2013.
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Figure 4.7: Field-level intercepts from water vapor regressions and time-of-flight wind

direction maps for each year

135



4.3.3. Field-level water vapor trends
4.3.3.1. Water vapor patterns as a function of wind

Hypotheses C-F proposed expected relationships between the directionality of water
vapor and its slope with both wind magnitude and wind direction. When looking at fields
that were predominately covered in green vegetation (GVV>0.5), we found patterns that were
somewhat consistent with our hypotheses that a moderate wind speed would show higher
slopes than very low wind speeds or high wind speeds. Although r-squared values were
low, each year showed a significant quadratic relationship between water vapor slope and
wind magnitude (Fig 4.8). The 2014 image also had a significant linear trend, but the
quadratic relationship showed a higher r-squared. Because wind speeds were lower in 2014,
on average, than the other two years, we hypothesize that 2014 would have shown a more
definitive quadratic trend if the 2014 scene had more higher windspeed values. These
quadratic trends, although accompanied by considerable spread, are in line with our

hypotheses.
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Figure 4.8: Slope of water vapor and the wind speed above the field show significant
quadratic relationships in each of the three years (2013:Slope =-10.34+9.83*WS-2.14*WS?,
r’=0.02, p<0.001, n=1130; 2014:Slope =-3.69+3.57*WS-0.63*WS?, r>=0.11, p<0.001,
n=1176; 2015:Slope =-2.20+2.96*WS-0.72*WS?, r>=0.05, p<0.001, n=1442)

Further, we hypothesized that wind direction and water vapor trajectory would align if
fields were actively transpiring. We sub-selected all fields that showed consistent water
vapor trajectory and wind directionality. Of 8,128 fields from all three years, 1,138 had
significant trends that were within 30° of the wind direction. Of those, 277 were in 2013,
353 in 2014 and 508 in 2015, which accounted for roughly 11%, 15% and 16% of fields in

those years respectively. Figure 4.9 highlights two fields from each year that exemplify

vapor patterns that were consistent with wind direction, as hypothesized.
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Figure 4.9: Linear surface trends for four fields. A: Corn field from 2013 (slope: 2.45, r?:
0.54, directional difference: 22°), B: Pistachio field from 2013 (slope: 0.55, r?: 0.34,
directional difference: 5.6°), C: Alfalfa field from 2014 (slope: 2.53, r?: 0.73, directional
difference: 23.0), D: Orange field from 2014 (slope: 1.61, r2: 0.87, directional difference:
1.65) , E: Peach field from 2015 (slope: 1.18, r?: 0.55, directional difference: 7.3°), F:
Mandarin field from 2015 (slope: 1.40, r?: 0.59, directional difference: 5°)
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Analyzing these directionally aligned fields by GV cover and crop type in each year, we
found no significant characteristics related to GV when these sub-selected fields were
compared to all fields in the study. Examining histograms of GV fraction within the fields
that showed directional agreement, no discernable pattern was found. High GV fields were
as likely to align in trajectory with wind direction as the low GV fields. In fact, the mean
GV of the selected fields were 0.45, 0.46 and 0.43 for the three years, in comparison to 0.47
for the average of all fields in the study. However, segmentation by crop type did show
some interesting results. Looking at nine of the most prevalent crops, large differences are
seen in the percentage of these crops that showed directional agreement with the wind
(Table 4.3). Two-thirds or more of the pistachio and almond fields showed water vapor
trends that were in agreement with the wind direction while less than a third of walnut and
grape fields did. These differences may be attributable to differences in the crops
themselves such as rate of ET or health of the plants, or these differences could be
attributable to their position within the study scene as the crops are not evenly disbursed
throughout the area.

Table 4.3: The most prevalent crops in the study area and their proportion of fields that had
directional differences of less than 30°

Crop Fields that show agreement with wind direction
Pistachio 76%
Almond 67%
Alfalfa 65%
Orange 48%
Peach 48%
Cherry 40%
Plum 36%
Walnut 32%
Grape 21%
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4.3.3.2. Water vapor gradients by field size

Hypothesis G predicted that larger fields would show steeper slopes of vapor than
smaller fields because moisture has a larger area over which to build up. We looked at
correlations between field size and water vapor slope in each of the three years and found
temporally stable results that contradicted our hypothesis. In 2013, 2014, and 2015 water
vapor slope and field size showed inverse correlations of -0.35, -0.34, and -0.25
respectively. Smaller fields show steeper slopes than larger fields, generally. Reasons as to
why this pattern may exist will be explored in the discussion section.
4.3.3.3. Water vapor gradients and concentrations by GV fraction

We hypothesized that GV fraction would positively correlate with slope and/or
intercept, dependent on the wind speed. Fig 4.10 shows the water vapor concentration and
GV fraction in the southern portion of the study area where non-cropped area transitions to
cropped fields. The figure illustrates that in 2013 and 2015 water vapor concentrations
showed a large positive gradient from non-cropped to cropped areas as expected.

Through quantitative evaluation of field-level water vapor trends within the whole study
area, we found no correlation in any year between GV fraction and vapor slope (r =0.001 in
2013, r=-0.02 in 2014, r=0.02 in 2015) and weak positive correlations between GV fraction
and intercept (r =0.11 in 2013, r=-0.06 in 2014, r=0.26 in 2015). We hypothesized that the
slope/GV correlation would be dependent upon GV fraction as fields that are bare or sparse
will show no gradients. Splitting the fields into groups of greater than 50% GV and less
than 50% GV, we again found no correlations between GV and vapor slope with all
correlation coefficients equaling less than 0.12 and greater than -0.12. Because we found

that field size and slope correlated, we further disaggregated fields by field size to study the
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GV/slope relationship. Figure 4.11 shows the smallest (less than 0.5 km?) and largest fields
(greater than 0.75 km?) as example groups of the GV/slope and GV/intercept relationships
when split into groups of similar size. No significant trends were found between GV and
slope. Small fields from 2014 and 2015 showed significant positive linear relationships
between GV and intercept (2014: 9.56 + 0.84*GV, r?=0.03, p<0.001; 2015: 16.9 +
0.65*GV, r?=0.04, p<0.001) while the small fields in 2013 and large fields in all three years

showed no significant relationship (p>0.05).
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Figure 4.10: Zoomed in section of the southern study area (35.463°, -119.696°) illustrating
how water vapor occurs over both cropped and fallow areas. 2013 and 2015 images show
greater concentrations of water vapor over cropped than non-cropped areas.
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Figure 4.11: Fields from all three years, disaggregated by size, show no relationship
between GV fraction and slope of water vapor (p>0.05). Small fields from 2014 and 2015
showed significant positive relationships between intercept and GV fraction while small
fields in 2013 and all large fields showed no significant relationship (p>0.05).

142



4.3.3.4. Water vapor by crop species

A one-way ANOVA showed that crops do have significantly different slopes of water
vapor in every year (2013: [F(6, 1760) = 33.6, p < 0.001], 2014: [F(6, 1935) = 26.6, p <
0.001], 2015: [F(6, 2490) = 39.6, p < 0.001]). We assessed the average slope of each crop
type with its expected ET rate, to test Hypothesis K, and expected to find a positive
correlation with crops that have high ET rates also having higher slope of water vapor
above them. However, we did not find a significant linear trend when plotting ET rate
against average slope in any of the three years (p>0.05). Given the results of the field size
study, we tested the relationship between average slope and average field size and found a
significant negative linear relationship in each year (2013: Slope = 0.96 — 0.94*Size,
p<0.001; 2014: Slope = 1.32— 1.19*Size, p<0.005; 2015: Slope = 0.90 — 1.34*Size,
p<0.01). Fig 4.12 shows 2013 as an example. Therefore, the differences in water vapor
slope by crop type, as found by the one-way ANOVA, are likely attributable to the average

field size of these crops instead of their ET rate as hypothesized.
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Figure 4.12: Plot showing a negative relationship between water vapor slope and average
field size in 2013 for seven crop types prevalent in the study area.

Examining patterns of water vapor over fields within a single crop species, we
plotted LST, as an indicator of health, against water vapor slope for fields of alfalfa,
almonds, and cherries as three example crops. Results are shown in Figure 4.13. We
expected to find a negative relationship between LST and slope as cooler fields are
shedding heat via evapotranspiration that may lead to increases of water vapor above a
field, detectable through slopes. However, in contrast to Hypothesis J, LST and slope of
water vapor actually show a positive correlation that is significant for alfalfa in all three
years and almonds in 2014 and 2015 (Fig 4.13). This finding suggests that fields with more
healthy, green vegetation have lower slopes, on average, than less vegetated or stressed

fields. The reasons for this finding will be explored further in the discussion.
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Figure 4.13: Field-level values of water vapor slope and field-level LST for alfalfa,
almond, and cherry from 2013, 2014 and 2015. Points are colored by fractional GV
coverage. Alfalfa 2013: Slope = -10.0+ 0.03*LST, p=0.013; Almond 2013: Slope = -6.6 +
0.02*LST, p=0.074; Cherry 2013: Slope =-1.1 + 0.007*LST, p=0.914; Alfalfa 2014:
Slope = -14.5 + 0.05*LST, p<0.001; Almond 2014: Slope = -10.8 + 0.04*LST, p<0.001;
Cherry 2014: Slope = -13.3 + 0.05*LST, p=0.297; Alfalfa 2015: Slope = -7.9 + 0.03*LST,
p<0.001; Almond 2015: Slope = -5.0 + 0.02*LST, p=0.008; Cherry 2015: Slope = -16.2 +

0.05*LST, p=0.195.
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Figure 4.14: A positive correlation is found between crops that require higher water inputs
and those that show better agreement between water vapor trends and wind direction
(y=0.068x + 8.463)

4.4. Discussion

Water vapor imagery holds information regarding the land surface, the atmosphere, and
their interactions, and thus offers a valuable dataset with which to observe and quantify key
fluxes between the two. In this study, we expanded upon the work of Ogunjemiyo et al.
(2002) by testing several hypotheses to investigate how AVIRIS estimates of water vapor
vary with the surface properties and atmospheric conditions in the Central Valley of
California. In this section, the key findings will be interpreted, the challenges of this
methodology will be discussed, and thoughts on how to move this work forward will be

presented.
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4.4.1. Interpretation of results

The main findings of the study are summarized in Table 4.4. The results supported that
water vapor imagery will show coupling with the land surface at the pixel-level and
advection at the scene-scale, under certain atmospheric conditions (Table 4.4 A-B). Further,
results supported hypotheses that water vapor gradients will form over fields as a function
of wind speed and direction (Table 4.4 C-F). However, hypotheses that field-level ET

would be detectable through water vapor slopes were not supported (Table 4.4 G-K).

Table 4.4: Results of the tested hypotheses

Hypotheses Result
Pixel Level
A Healthy, transpiring vegetation will have more water Conditionally
vapor above it, as shown through a positive correlation supported

between green vegetation fraction and water vapor
concentration and a negative correlation between land

surface temperature and water vapor concentration

Scene Level

B Water vapor imagery will show advected moisture in the Conditionally
downwind direction Supported
Field Level

C If there are stable and moderate winds, horizontal Supported

gradients of water vapor will form above

evapotranspiring fields
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D If winds are light or inconsistent, gradients will not be Supported
observed, but water vapor will build up over
evapotranspiring fields

E High winds will lead to shallower slopes of water vapor Supported
gradients above fields

F In evapotranspiring fields, wind direction and water Supported
vapor trajectory will closely align

G Larger fields will show larger water vapor gradients Not supported

H The slope of water vapor gradient will positively Not supported
correlate with green vegetation fraction within vegetated
fields

I Bare fields or sparsely vegetated fields will not show Not supported

water vapor gradients

J Fields that are not evapotranspiring will show no Not supported
gradients
K Crops that have higher ET rates will have more Not supported

pronounced (steeper) water vapor gradients above them

4.4.1.1. Results in agreement with our hypotheses

At the pixel level, we found results that supported Hypothesis A in two of the three
scenes studied. The 2013 and 2015 dates of imagery showed promising correlations to the
ground surface below with water vapor increasing with increasing fractions of green,
healthy vegetation, while the 2014 imagery did not show any coupling. One hypothesis for

this difference is the timing of the flights. While the 2013 and 2015 images were acquired
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between 11 AM and noon, the 2014 imagery was flown near 3 PM. This difference in
timing suggests that the boundary layer may stay closer to the surface earlier in the day,
allowing for greater study of the surface below. Another hypothesis is differences in the
atmospheres between those dates such as the air temperature or humidity, which could
affect the water vapor over the scene. These differences may also explain why 2014 had
significant field-level trends with respect to wind speed and direction while pixel-level
correlations with GV were not found. If the 2014 scene shows water vapor that is higher in
the air column and more coupled to the wind than to the surface, we would expect to find
field-level patterns that act as a function of wind while we would not expect to find surface
and water vapor coupling. Our results support this hypothesis.

By calculating field-level water vapor intercepts and evaluating them over the scene, we
found evidence that supported Hypothesis B, particularly in the 2013 scene. In that image,
small-scale trends of vapor across the study scene showed patterns that were consistent with
advection of moisture, as shown in Fig. 4.7. This finding suggests that, as air moves across
the Central Valley, crop ET adds vapor to the water column, which builds up in the
downwind direction. These results, therefore, show that water vapor imagery could be of
use for regional water resource accounting in agricultural areas where water vapor imagery
could help quantify latent heat fluxes.

Hypotheses C, D, and E were supported by significant quadratic relationships between
wind magnitude and slope that suggest that water vapor slopes only occur when the wind is
strong enough to create such trends but weak enough that the water vapor slope is not too
shallow. Work by Ogunjemiyo et al. (2002) found their conceptual model held best when

winds were at 1.17 to 1.24 m/s. The one case that showed no water vapor patterns was with
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an August image with 3.91 m/s winds. The winds in our study were between 1.5 and 3 m/s,
in between Ogunjemiyo’s values of 1.24 to 3.91 m/s. The quadratic result of our wind speed
vs. slope curves suggest that relationships might hold best at intermediate speeds around
2.2-2.5 m/s, and that the wind speed in Ogunjemiyo were lighter than their optimal speed
for creating water vapor slopes.

Additionally, some fields showed water vapor trends in line with our hypotheses
regarding water vapor trajectory and wind direction, supporting Hypothesis F. As shown in
Fig 3.7 of the previous chapter, within pure GV pixels there exists a large range of
temperatures that suggest that not all green crop fields are transpiring, possibly due to water
shortages mid-summer during a severe drought. Therefore, we hypothesize that fields that
show directional agreement between water vapor patterns and wind could be indicative of
those fields that were actively transpiring at the time of flight. In agreement with this
hypothesis, within those fields that were directionally aligned, we found large variability in
the prevalence of crop types. As seen in Table 4.2, two-thirds or more of the alfalfa, almond
and pistachios align in trajectory with the wind. Interestingly, these crops are also known
for their high water use. Shivers et al. (2018) shows that, in comparison to other deciduous
fruits, subtropical fruits or grapes, alfalfa, almonds and pistachios are higher water users.
Plotting the percentages in Table 4.2 with the water application values of each crop from
Table 2.10 (Shivers et al., 2018), we find a positive correlation (r=0.42; Figure 4.14). This
result suggests that high water-using crops show water vapor patterns that align with the

wind more frequently, a finding that may be indicative of ET.
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4.4.1.2. Results in opposition to our hypotheses

While pixel-level correlations, scene-level advection, and relationships between wind
and water vapor were supported by results, we found that Hypotheses G-K were not
supported. These hypotheses all emanated from a larger idea that water vapor slope would
correlate with ET. We did not find evidence of that. First, we found a temporally-consistent
negative relationship between field size and water vapor slope which was in opposition to
Hypothesis G. One explanation is that the signal of water vapor movement actually
becomes more diffuse and less concentrated over larger fields due to inconsistencies of
wind that tend to move the water vapor around and even it out instead of creating gradients.
Patterns in smaller fields would be more closely tied to shorter-term wind patterns which
would create gradients. Another explanation, suggested by that fact that some crops showed
a positive correlation between LST and slope, is that rather than advection of
evapotranspired moisture downwind over individual fields, ET causes an accumulation of
water vapor over the field. This idea will be explored further in section 4.4.1.3.

Second, we did not find positive correlations between GV fraction and water vapor
slope as postulated in Hypotheses H, I and J. If green vegetation transpires and adds to the
water vapor above the fields, we expected this addition of water vapor to be quantifiable
through the slope above it. We found no correlation between the two, even when results
were segmented by field size and GV fraction. We used 50% GV as the cutoff to demarcate
sparsely vegetated fields from highly vegetated fields, as is consistent with previous studies
(Shivers et al., 2018). However, we found that the average fractional GV coverage of fields

that showed good alignment between wind direction and water vapor directionality was

151



around 45%. Therefore, future studies may want to consider a lower GV threshold or a
segmentation of fields into multiple GV classes.

Third, we did not find consistent positive linear relationships between expected crop
transpiration rates and water vapor slope as hypothesized in Hypothesis K.
4.4.1.3. New hypotheses

Water vapor patterns were as expected at the field level, in response to wind. However,
water vapor patterns were not as expected in response to the surface properties of field size,
GV fraction, and ET rate. We had hypothesized that field-level water vapor slopes can be
used to infer crop transpiration, but did not find evidence supporting that hypothesis.
Rather, our results suggested that water vapor accumulation from transpiration was more
dominant than the advection signal at the field level. The rate of ET has been found to stay
constant with downwind distance across a field, even if warm, dry air is being advected to a
vegetated field (McAneney et al., 1994; Zermefio-Gonzalez & Hipps, 1997). If plants are
transpiring at a constant rate and winds are not strong enough or stable enough in
directionality to evenly disburse it, the concentration of water vapor above the field would
increase relatively evenly throughout the field, leading to a diminished slope. Crops are also
more aerodynamically rough than an empty soil field (Chapin et al., 2002), and the resultant
turbulence caused by vegetation creates eddies and atmospheric mixing that may muddle
signals of field-level advection discernable above smoother landscapes. The hypothesis of
water vapor accumulation is supported by results that found a positive relationship between
LST and slope for some crops, a negative relationship between field size and slope, and a
weak positive correlation between water vapor intercept and GV fraction in 2013 and 2015.

Therefore, the results of this study lead us to new conceptual understanding that the
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magnitude of water vapor as assessed though the intercept of a fitted plane may be a more
accurate indicator of latent heat flux. However, underlying heterogeneity of the landscape
and scaling issues, as discussed below, prohibited isolated analyses of intercepts in this
study area.

4.4.2. Challenges of water vapor analysis

Observing the link between water vapor and the land surface is complicated by multiple
factors that obscure the signal. These include error within the water vapor and wind
estimations, the heterogeneity of the landscape, and spatiotemporal issues of scale.
4.4.2.1. Estimation error

There is error within all water vapor estimates regardless of which retrieval method is
used, and the estimates vary significantly from model to model (Ben-Dor et al., 2005).
However, Ben-Dor et al. found that, of six different water vapor retrievals, ACORN
estimated water content with acceptable accuracy and, importantly for our study, it was one
of only two models that did not show significant changes in water vapor by vegetation
fraction. Therefore, the positive correlations found in years 2013 and 2015 between water
vapor and vegetation fraction is assumed to be a product of coupling between the landscape
and the atmosphere, rather than an artifact of the retrieval.

There is also error within wind estimates. Wind direction and magnitude can change
significantly within a small period of time, making estimations of wind within the study
scene at the time of the flight particularly difficult. For example, the Buttonwillow
meteorological station registered a wind direction of 353 degrees at 21:28 UTC and 51
degrees ten minutes later at 21:38 UTC on June 3, 2014 when imagery was being captured.

With wind directionality that changes frequently, water vapor will not show a uniform trend
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in a single direction (Figure 4.15F). Furthermore, with a difference of 100 degrees within
ten minutes, estimating wind direction inherently contains a large degree of error.
Moreover, with uncertainty as to the accuracy of the wind estimations at the meteorological
stations, interpolating from this data to the entire scene will have even a greater degree of
error.
4.4.2.2. Land surface interactions

Unlike Ogunjemiyo et al. (2002) who studied water vapor over a relatively
homogeneous area of transpiring poplars, this study evaluated water vapor as it varies
across a very diverse agricultural landscape with many different crop species, green
vegetation cover, and irrigation regimes. As such, Ogunjemiyo’s conceptual model (Fig
4.1) illustrated an ideal relationship between water vapor and vegetation at the field-scale
that may not hold when introduced in our complex study area. First, interactions between
water vapor occurring over two diverse, adjacent fields may alter the vapor deficit and
stomatal response of a single crop field and result in water vapor trends that do not hold
with Ogunjemiyo’s model. The schematic in Figure 4.15A illustrates one possible
interaction in which a transpiring field is upwind of a non-transpiring field. While the
transpiring field will act as hypothesized with the slope and direction of a fitted plane in
line with the wind direction, a plane fitted to the fallow field downwind will likely show a
slope that is opposite in direction to the wind. The wind carries moist air from the vegetated
field onto the fallow field, leading the upwind edge of the fallow field to have higher water
vapor concentrations than the edge that is downwind. In the case of the downwind area
being another highly transpiring field (Figure 4.15B), the moist, advected air from the

upwind field may reduce the transpiration rate of the downwind field at the boundary by
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decreasing the vapor pressure deficit. This may lead to an exaggerated water vapor slope
over the downwind field. The accumulation of water vapor from one field can therefore
lead to shifts in vegetation response that are difficult to account for. Figure 4.15C illustrates
the scenario where a dry, fallow field is upwind of a transpiring field. If the area upwind of
a vegetated field is fallow, we would expect the saturation deficit of the dry advecting air to
increase the evaporation rate at the boundary unless the vapor pressure deficit is high
enough to initialize stomatal closure (Zermefio-Gonzalez & Hipps, 1997). A higher
evapotranspiration rate at the upwind side of the field will lessen the expected, observable
trend of advection across the field. The transpiration response will be species-dependent.
Second, not all fields will interact with the atmosphere in the same ways, due to
differences in aerodynamic roughness, affected by row spacing, plant height, plant size,
orientation, and composition. The aerodynamic roughness of a field will influence how
effectively and at what height the transpired water vapor will mix with the atmosphere
(Chapin et al., 2002). Agricultural fields may differ strongly in aerodynamic roughness, and
these differences will lead to deviations from the hypothesized water vapor slope and
intercept patterns as they vary with crop type. Therefore, we would not expect all fields to
show the same relationships between water vapor, wind, and estimated transpiration rates.
We would expect aerodynamically rougher surfaces, such as orchards, to generate greater
turbulence, show more mixing between ET and the atmosphere, generate mixing higher up
in the atmosphere, and show greater coupling with the wind than row crops (Figure 4.15D).
Depending on the wind speed, orchards may show higher or lower slopes than row crops if
their vapor patterns are more tied to wind patterns. In contrast, shorter and smoother row

crops such as alfalfa will be less coupled to the atmosphere (Figure 4.15E). Because crops
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such as orchards are more closely coupled to the atmosphere, they may be more appropriate
to study with water vapor imagery.

Therefore, isolating the effects of neighboring fields would be beneficial for field-level
water vapor analyses, but this was not logistically possible in our study. The study area is a
high-producing agricultural area where most fields are bordered by multiple neighbors of
varying GV cover, crop type, size, physical characteristics that influence roughness, and ET
rate. Further, without LIDAR data from which physical characteristics such as orientation,
height and structure could be obtained, it was not possible to model field-scale differences
in aerodynamic roughness in this study. This work has aimed to enhance understanding of
the impact of GV fraction, field size, crop type and ET rate on patterns of water vapor,
although not enough is yet known to allow for accurate modeling and analysis of all such

factors on field level trends in such a diverse landscape.
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Figure 4.15: Schematic of water vapor over agricultural fields as it is affected by adjacent
fields (A,B,C), as it changes with field roughness (D,E) and as it changes with wind
heterogeneity (F). Black lines represent water vapor while red dotted lines indicate
estimated slopes.

4.4.2.3. Issues of scale

Temporally, snapshots of water vapor and wind at one point in a day do not encompass
smaller-scale patterns that are occurring over the entire day, and these snapshots from one
moment will not accurately capture wind-vapor interactions. The patterns of water vapor
shown in an acquired image will not be created by wind patterns that occur at the time of
acquisition. Rather, water vapor will show patterns of advection over a length of time of

minutes to hours prior to image acquisition, dependent upon wind speed, ET, boundary
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layer depth, turbulence, and other site and scene-specific factors. Therefore, the difference
between wind direction and the directionality of a fitted surface of water vapor above a crop
field may show large differences when, in actuality, they align with each other. The effect
of wind on water vapor at different scales also makes tying an air parcel to the small patch
of land at which it originated challenging. In order to determine the time-scale of wind as it
relates to water vapor patterns and better be able to account for these effects, a large eddy
simulation study would be of value to model water vapor results under a variety of temporal
lengths and atmospheric conditions.

Spatially, our results support the assumption that advection is happening at different
length scales, but analyses of water vapor at these separate scales is complicated by
heterogeneity in the landscape that is not evenly distributed. Many field-level trends are
likely obscured by larger synoptic differences in water vapor over the study site because
factors of the landscape that are likely to influence water vapor cannot be decoupled from
patterns of advection across the scene. Within our study area, both crop species and field
sizes are not evenly distributed spatially. Generally, fields in the southern part of the study
area are larger and those in the northern part are smaller. Additionally, these larger fields in
the south are disproportionately planted with nut crops, while citrus fruits and grapes are
more common in the northern, smaller fields. Because water vapor slope is affected by field
size, and crop species show large differences in average size, the impact of field size on
slope cannot be distinguished from the impact of crop ET on slope. Almond and pistachio
trees are high water users, had large fields, but low water vapor slopes. Fruit trees and

grapes are lower water users, had small fields, and steep water vapor slopes.
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Additionally, the results of this study lead to a new hypothesis that water vapor
accumulation on fields may be the dominant process rather than field-level advection,
which would cause higher-transpiring crops to have higher water vapor
concentration/intercepts. However, this hypothesis could not be tested because scene-scale
advection of water vapor obscures potential analyses of water vapor intercept by field size
or crop type when the landscape is not evenly distributed. With unequally distributed crops
and scene-scale advection, a crop’s water vapor intercept will be factor of its position
within the scene, and other factors that are expected to influence the intercept, such as ET
rates, cannot be studied in isolation. This finding indicates that water vapor analysis in such
a diverse and complex agricultural scene, such as the Central Valley, is very scale-
dependent as larger scene-level advection confounds analysis of small-scale patterns and
vice versa. Future studies that aim to detect ET through water vapor imagery should
carefully choose a study site that is of an appropriate scale to measure the type of advection
(field, regional) it proposes to detect. In our study area we found trends at the pixel, field
and scene scale although these trends muddled analyses at other scales. Future studies
might consider a well-mixed study area of an intermediate scale where wind inconsistencies
average out.

4.4.3. Opportunities for future work

Water vapor imagery shows patterns of vapor that are highly variable through space and
time and that hold valuable information about land-atmosphere interactions. Because few
studies have used these data for analyses of vapor patterns, there is considerable room for

growth of knowledge in this field.
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To further scientific understanding of water vapor imagery analysis, further studies are
necessary to refine observation and quantification of land-surface interactions as the signal
is highly complex and is affected by many factors. While water vapor imagery could
potentially be used to parameterize models of land-surface interactions, additional studies in
equally complex landscapes are necessary to define the conditions and scales at which this
imagery can be used. Almost 4,000 AVIRIS images have been collected since 2006 and are
available for public download. With such a large repository of data collected at different
time points, under varied atmospheric conditions, and over diverse surfaces, future research
could tease out the conditions under which interactions can best be observed in a more
comprehensive way than this study of three snapshots in time could. Further, with future
remote sensing missions such as SBG, which will collect hyperspectral imagery at
moderate spatial resolutions and enable column water vapor estimates globally, these data
streams can be exploited for comparisons of water vapor over large agricultural areas
worldwide. These large archives of water vapor observations can also act as a compliment
to models that estimate water vapor and plant water use by providing validation data.

In addition to increasing analysis of similarly complex scenes, future studies would
benefit from additional data sources that could to isolate the signal of water vapor and
validate its link to the surface. Such controls include on-site continuous wind
measurements, flux tower measurements of ET, and/or more spatially comprehensive wind
data. On-site wind data and ET measurements at a high temporal resolution would both
validate trends seen in the water vapor imagery and assist in pinpointing the appropriate
temporal scale and time of day for which this analysis is best suited. A mesoscale weather

model such as the Weather Research and Forecasting Model (WRF) would also be an asset
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to future studies as it could produce a more accurate and spatially comprehensive
estimation for wind speeds and directions than interpolation of wind data from weather
stations.

Although more work is needed in order to refine understanding of the water vapor
signal in a complex agricultural environment, the results suggest that this technique could
currently be of use for crop water analyses in agricultural areas that experience less
variation in crop type, wind, and field size than the Central Valley of California. The
Central Valley proved to be an especially challenging study site as it has a large variety of
crops and management practices, which will create non-uniform distributions of
aerodynamic roughness, ET rates, and landscape structures throughout the scene. Further,
with an average field size that is smaller than average in the United States, the water vapor
parcels are more difficult to tie to a source field. Therefore, using this imagery for crop ET
estimation would be less challenging in an agricultural area that grows only a few crop
types and that has a more consistent and central wind direction. In line with this
assumption, we suggest that future studies may consider agricultural sites in North
American mid-continental agricultural regions with large fields such as lowa or Nebraska.

Beyond advancing our ability to capture patterns of field-level ET with water vapor
imagery, this imagery may prove valuable for regional analyses of water transport. There
are many challenges associated with linking water vapor to crops at the field-level as
outlined above, but the idea behind this work will likely hold at a smaller scale. Lo and
Famiglietti (2013) found that in the Western United States the irrigation from California has
been shown to increase the summer streamflow of the Colorado River by 30 percent. This

finding matches with observations of advected moisture in 2013 and 2015 that show
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increasing water vapor from west to east from the coast to the Sierra Nevada Mountains.
These large movements of water vapor have implications for climate change and land use,
and call upon the need to increase monitoring of water vapor patterns in areas with large
irrigation inputs. Therefore, a study that examines the ability of water vapor imagery to
assist in regional water transport assessments could be of high value.
4.5. Conclusion

This paper analyzed water vapor as it varies spatially in three different years over an
agricultural landscape and found that the methodology shows promising correlations
between water vapor and the surface at the pixel, field, and scene scales. Our results
showed coupling with the land surface at the pixel level, advection at the scene scale, water
vapor gradients over fields as a function of wind speed and direction, and correlations
between water vapor and surface properties that support accumulation of water vapor over
advection at the field-scale. This work demonstrates the potential for water vapor retrievals
to provide multi-scale information on water in a complex agricultural region; however,
further elaboration of the methodology will be necessary to identify ideal conditions and

scales for such analyses, as well as to quantify errors.
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Chapter 5: Conclusions

The goal of this research was to test the capabilities of a combined hyperspectral and
thermal dataset for study of agriculture in the Central Valley as it changes with drought.
The work of this dissertation examines the opportunities and challenges of mapping crops
and monitoring their change with time, using crop temperatures to pinpoint stress within
and between fields, and using water vapor imagery to increase understanding of
hydrological processes on the ground. In the following paragraphs, I will review the key
findings of this work and then suggest future directions and potential applications of this
research.

In Chapter 2, | examined crop classification accuracy and used resultant products to
study crop change over time. Results showed high overall accuracies of 94.4% at the field
level when classifying crops with AVIRIS. This classification was more accurate than
comparable classifications run with Landsat OLI and Sentinel at 90.4% and 91.7%. The
higher accuracy indicates that the additional bands and finer spectral resolution of
hyperspectral imagery confers added benefits for crop classification. Crop maps produced
using the random forest classifier indicated that the crops were fallowed with greater
frequency as the drought persisted from 2013 to 2015. Changes in area by crop type
revealed that decisions regarding which crop to plant in times of drought were not driven by
crop water use, but were more likely a factor of crop value and/or crop permanence.

In Chapter 3, I investigated thermal variability within agricultural orchards and
proposed a new method of evaluating crop stress without the need for ancillary
meteorological variables. MASTER imagery showed that within orchards, there exist

multiple distinct thermal classes of GV, NPV, and soil. Hyperspectral AVIRIS imagery can
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be used to capture a degree of this variability for more refined modeling of expected pixel
temperatures. This study found crop temperatures that correlate to expected crop ET rates
and soil temperatures that show linkages to soil moisture. These findings highlight the need
for identification of thermal subclasses within GV, NPV, and soil for stress analyses. With
variability due to fractional cover, type of vegetation, moisture, and structure stripped away,
our approach calculated temperature residuals that showed correlations to changes in crop
yields during the study period. Further assessment of findings revealed an increase in
temperature residuals during the study period that is consistent with increasing stress, likely
linked to the progression of drought.

In Chapter 4, | found results that furthered our understanding of the challenges and
potential opportunities to use water vapor imagery in future analyses of land-atmosphere
interactions. While pixel-level correlations, scene-level advection, and relationships
between wind and water vapor were supported by results, relationships between water
vapor and surface properties of field size, GV fraction, and ET rate were not supported. |
found evidence of water vapor advection across the study area. Crops with higher average
water application rates show more directional agreement between water vapor slope and
wind direction. | also found expected quadratic relationships between wind magnitude and
slope. However, hypotheses that GV fraction of a field would correlate positively to its
slope and that crops would have higher slopes over cooler fields were both unsupported by
the results. Analysis helped to refine understanding of the drivers of water vapor patterns
and its utility for agricultural applications.

One of the primary goals of this dissertation was to test sensor capabilities, such as will

be included in the future space borne NASA SBG (previously HyspIRI) Mission, for
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agricultural drought analyses. Results show that the SBG Mission will enhance our ability
to monitor agriculture in water-limited regions. Hyperspectral imagery can improve
accuracy of crop mapping over multispectral sensors and can enable classifications at one
time point with one image. This type of imagery could be well suited for monitoring diverse
and dynamic agricultural landscapes where yearly crop maps are not sufficient for crop
accounting and water resource needs. Further, with the addition of thermal imagery, SBG
will be able to not only map crops, but also assess the well-being of those crops. Land
surface temperature has been shown to be a fairly accurate predictor of water stress at the
regional level, when thermal variability can be accounted for. The hyperspectral imagery
provides information about the surface properties that allow for thermal stress to be
evaluated. Moreover, the types and health of crops can be studied in conjunction with the
atmospheric water vapor above them as hyperspectral imagery contains refined information
about water vapor absorptions that most Earth-observing satellites avoid. This allows for
evaluation of land-atmosphere interactions over a large spatial area. While such work
continues to require more attention and is not understood enough to be applied or
operational, the scientific assumptions hold promise.

Beyond sensor capabilities, this work also commented on California’s agriculture and
its change with drought. The crop planting analysis and health evaluation show results that
are somewhat counterintuitive. Chapter 2 showed that farmers are planting more perennial
crops than annual crops, likely because they are more lucrative. Chapter 3 showed that
crops that are not well-suited for drought, such as walnuts, actually do well during drought
as farmers shift resources to the most vulnerable and economically-important crops. These

results are really important given that droughts are likely to become more severe and
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frequent with time. If farmers continue to respond to environmental limitations with
economic incentives, what will the future of California agriculture look like? This research
surmises that such a landscape will be made up of an increasingly large percentage of high-
value fruit and nut crops. As these crops are not only economically valuable but water
intensive, short-term droughts may be driving management choices that will lead to further
vulnerability within the sector.

With the SBG Mission recommended by the 2018 Decadal Survey, we will obtain a
hyperspectral and temporal dataset that is more expansive in spatial scope, temporally
richer, and more streamlined in its operational products. The expansion in spatial scope will
allow crop mapping and crop health analyses on a global scale. Given the results of this
dissertation, SBG will be most valuable to agricultural areas that see a high diversity of
crops, have dynamic plantings, and/or are in need to accurate and timely resource
accounting. Besides California, SBG could be of value in China, India, or Brazil given their
high agricultural production. With the finer temporal resolution, methods used in this work
will be able to be applied with enhanced frequency for refined understanding of plant water
use. The time scale at which plants experience water stress is much finer than the yearly
time scales that were examined in this dissertation. Rather than looking at one point in a
year, SBG will allow researchers to monitor crop health at the field-scale multiple times
within a month. With this information, such analyses may be able to be operationalized so
that stressed fields can be pinpointed and assisted prior to yield losses. Finally, the shift
from the HyspIRI test campaign to the SBG mission means a move from an aerial to a
satellite platform, which will allow for streamlining of data products. Working with the

aerial HyspIRI dataset was cumbersome in that the products required a lot of pre-
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processing, products were not entirely consistent between dates, and the timing of the
flights varied with each acquisition. With consistent products from the SBG mission, multi-
temporal analyses can be more easily conducted that will allow for the change in agriculture
across seasons and multi-annual time steps.

To move this work forward, future studies should investigate the potential for
operational crop mapping in California, study the viability of the proposed thermal method
for routine analysis of plant health in places other than California orchards, and continue to
study the potential of water vapor imagery in a more controlled study setting. First, to make
a crop classification operational and useful to managers who needs to monitor food and
water resources, the methodology needs to be portable between dates and scenes. While
Chapter 2 showed that results of our classification were not very portable, such a study
would need to be replicated with more consistent satellite imagery and a spectral library
composed of crops at many different growth stages to better understand its limitations for
routine monitoring. Second, future work should examine the viability of the thermal method
proposed in Chapter 3 to differentiate crop stress in other regions besides California and in
other types of vegetation besides managed orchards. Without the need for ancilliary inputs,
the method shows potential for operational evaluation of plant health. However, such
studies that expand and assess the method spatially and temporal need to be conducted.
Results could be compared or enhanced by high-resolution diurnal thermal data from
ECOSTRESS. Finally, the water vapor imagery analysis is only in its infancy and, because
little research has been done in the area, can be expanded in many ways. As suggested in
Chapter 4, future work would benefit from hypothesis testing of surface and land

interactions in an area such as the mid-Western United States that has less crop variability
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and more uniform winds, a smaller and more controlled study site, or with the aid of refined
weather models such as WRF.

As the climate changes, understanding its impacts to our food and water resources will
be of critical importance. This dissertation furthered scientific and societal ability to aid in
this need by evaluating ways in which remote sensing data can be used to inform

management and policy decisions in the years to come.
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