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ABSTRACT

The health of natural vegetation communities is of concern due to observed changes in the
climatic-hydrological regime and land cover changes particularly in arid and semiarid regions.
Monitoring vegetation at multi temporal and spatial scales can be the most informative approach
for detecting change and inferring causal agents of change and remediation strategies. Riparian
communities are tightly linked to annual stream hydrology, ground water elevations and
sediment transport. These processes are subject to varying magnitudes of disturbance overtime
and are candidates for multi-scale monitoring.
My first research objective focused on the response of vegetation in the Upper San Pedro
River, Arizona, to reduced base flows and climate change. I addressed the correlation between
riparian vegetation and hydro-climate variables during the last three decades in one of the
remaining undammed rivers in the southwestern U.S. Its riparian forest is threatened by the
diminishing base flows, attributed by different studies either to increases in evapotranspiration
(ET) due to conversion of grasslands to mesquite shrublands in the adjacent uplands, or to
increased regional groundwater pumping to serve growing populations in surrounding urban
areas and or to some interactions of those causes. Landsat 5 imagery was acquired for premonsoon period, when riparian trees had leafed out but before the arrival of summer monsoon
rains in July. The result has showed Normalized Difference Vegetation Index (NDVI) values
from both Landsat and Moderate Resolution Imaging Spectrometer (MODIS) had significant
decreases which positively correlated to river flows, which decreased over the study period, and
negatively correlated with air temperatures, which have increased by about 1.4oC from 1904 to
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the present. The predictions from other studies that decreased river flows could negatively
impact the riparian forest were supported by this study. The pre-monsoon Normalized Different
Vegetation Index (NDVI) average values in the adjacent uplands also decreased over thirty years
and were correlated with the previous year's annual precipitation. Hence an increase in ET in the
uplands did not appear to be responsible for the decrease in river flows in this study, leaving
increased regional groundwater pumping as a feasible alternative explanation for decreased
flows and deterioration of the riparian forest.
The second research objective was to develop a new method of classification using very
high-resolution aerial photo to map riparian vegetation at the species level in the Colorado River
Ecosystem, Grand Canyon area, Arizona. Ground surveys have showed an obvious trend in
which non-native saltcedar (Tamarix spp.) has replaced native vegetation over time. Our goal
was to develop a quantitative mapping procedure to detect changes in vegetation as the
ecosystem continues to respond to hydrological and climate changes. Vegetation mapping for the
Colorado River Ecosystem needed an updated database map of the area covered by riparian
vegetation and an indicator of species composition in the river corridor. The objective of this
research was to generate a new riparian vegetation map at species level using a supervised image
classification technique for the purpose of patch and landscape change detection. A new
classification approach using multispectral images allowed us to successfully identify and map
riparian species coverage the over whole Colorado River Ecosystem, Grand Canyon area. The
new map was an improvement over the initial 2002 map since it reduced fragmentation from
mixed riparian vegetation areas. The most dominant tree species in the study areas is saltcedar
(Tamarix spp.). The overall accuracy is 93.48% and the kappa coefficient is 0.88. The reference
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initial inventory map was created using 2002 images to compare and detect changes through
2009.
The third objective of my research focused on using multiplatform of remote sensing
and ground calibration to estimate the effects of vegetation, land use patterns and water cycles.
Climate change, hydrological and human uses are also leading to riparian, upland, grassland and
crop vegetation changes at a variety of temporal and spatial scales, particularly in the arid and
semi arid ecosystems, which are more sensitive to changes in water availability than humid
ecosystems. The objectives of these studies from the last three articles were to evaluate the effect
of water balance on vegetation indices in different plant communities based on relevant spatial
and temporal scales. The new methodology of estimating water requirements using remote
sensing data and ground calibration with flux tower data has been successfully tested at a variety
sites, a sparse desert shrub environment as well as mixed riparian and cropland systems and
upland vegetation in the arid and semi-arid regions. The main finding form these studies is that
vegetation-index methods have to be calibrated with ground data for each new ecosystem but
once calibrated they can accurately scale ET over wide areas and long time spans.
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INTRODUCTION
A riparian ecosystem is a transitional zone between an aquatic ecosystem (a river) and a
terrestrial ecosystem outside of the floodplain of the river. Rivers can be perennial rivers,
intermittent rivers or ephemeral streams. Water, soil and vegetation are three main components
of a riparian ecosystem. Differences in water availability, particularly in precipitation, create
major differences in vegetation distribution between riparian ecosystems in the arid and semiarid
western United States, (Johnson and Lowe, 1985), compared to the wet eastern United States
(Clark and Benforado, 1981). In the arid and semiarid western US, riparian areas are estimated as
less than 2% of total the land area (Ffolliott et al., 2004). However, they play important roles in
production and valuation of natural resources. These ecosystems are very sensitive to even small
hydrologic variations. As a result, riparian vegetation has declined or been otherwise altered on
many rivers due to the hydrological impacts and climate variability.
Climate change can alter vegetation densities or shift riparian vegetation patterns as a
result of variable water sources. Evaluating the response of riparian vegetation conditions to
climatic and hydrologic variability is necessary to understand the detailed responses of riparian
ecosystem to climate change and hydrological functions through multiple qualitative and
quantitative analyses. Further, it is necessary to provide further recommendations for
measurement to mitigate the riparian ecosystem’s deterioration under impacts of both human
activities and climate change. In facts, global climate change affects water cycles as warmer
temperature and change in precipitation and resulting river flows. The link between ecological
condition of riparian vegetation to water availability is an important function to measure
qualitative and quantitative in the riparian ecosystem.
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The first chapter: long term change on the Upper San Pedro River

The first chapter in this dissertation is on the Upper San Pedro River, Arizona, USA. The
Upper San Pedro River originates in northern Sonora, Mexico and flows northward across the
border to the southern Arizona, USA. The watershed in this study area is divided into two subwatersheds, the Sierra Vista Sub-watershed to the south and the Benson Sub-watershed to the
North (Nguyen et.al, 2014). The Upper San Pedro River is one of the best-studied rivers in
semiarid regions. This area is protected within the San Pedro Riparian National Conservation
Area (SPRNCA). Recently, the riparian forest in the San Pedro River has been threatened by
withdrawal of ground water for human use and reduction of base flows for current unknown
reasons (Thomas and Pool, 2006). The cause might include changes in upland vegetation or
riparian vegetation with impacts on runoff and recharge, or increasing ground water pumping in
the surrounding areas. Remote sensing data can be effectively used to assess the impacts of
climate-hydrological functions on of changes in riparian communities. Multi scale remote
sensing data have been successfully used to map and monitor riparian vegetation especially in
the arid and semi-arid environments (Nagler et al, 2001).
Changes in precipitation and temperature may affect river flows and surface runoff (Dahn
and Molles, 1992). Rainfall has fluctuated over short and longer time scales in the Upper San
Pedro Basins from 1932 to 2012 but has not shown an obvious trend in direction (Miller et al.,
2002; Thomas and Pool, 2006; Goodrich et al., 2008). Several studies have suggested that the
observed decrease in river flows could be due to velvet mesquite tree (Prosopis velutina)
encroachment into the grasslands surrounding the river over the 20th century, leading to
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increased ET, and reducing recharge to the river (Kepner et al., 2002; Thomas and Pool, 2006;
Nie et al., 2012)
Recently, riparian vegetation water needs have become crucial issues in the Southwestern
United States. Human population growth has increased the demand for freshwater resources in
Arizona have increased while the water supplies have tended to decrease year by year (Hawkins
and Ellis, 2010). Moreover, regional groundwater pumping to support population growth and
possible changes in climate in the Upper San Pedro River basin have raised concerns about the
health of the riparian forest along the river (Stromberg et al., 2009a). The most important
functions of hydrological regime are the influences of fluvial disturbance and moisture
availability on the distribution, composition and abundance of riparian vegetation along the
streams (Merrit and Poff, 2010; Stromberg et al., 2010). Linking stream flow, groundwater and
riparian vegetation structure is necessary to measure the relationship between hydrological
functions and characteristics of riparian vegetation.

The second chapter: impacts of dam operation on the Grand Canyon

Dam operation may cause changes in the physical characteristics of a stream channel as a
result of complex interactions between geomorphic features of the river and changes in natural
flow regime (Petts, 1979; Johnson, 1998). Composition of species in plant communities can
influence the physical characteristics of stream channels by changing rates of disturbance and the
imposition of stress regimes. Many studies have been reported on the responses of vegetation to
dam induced flow changes (Williams and Wolman 1984; Friedman et al., 1998). The most
important components that influence riparian vegetation abundance are periodic floods and
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summer base flow (Shafroth et al., 2002). The study area in this paper is the riparian corridor of
the Colorado River, Grand Canyon area. The Colorado River Ecosystem comprises portion of
Glen Canyon, Grand Canyon National Park and the Hualapai Nation. The corridor from the Glen
Canyon Dam to the Lake Mead is about 450km long and about 75m wide along each side of pre
and post-dam of the river corridor. Saltcedar (Tamarix ramosissima) is a stress-tolerant shrub
that replaces native trees in riparian areas when the natural flow regime is altered (Glenn and
Nagler, 2005) and has been spreading in the Grand Canyon and throughout the lower Colorado
River system since then (Ohmart et al., 1988). The chapter developed a quantitative, specieslevel mapping riparian procedure using high-resolution aerial imagery, and the mapped the
dominant vegetation ground within the canyon to provide helpful information for adaptive
management in the riparian area regarding to changes in dominant and invasive species, which
may be associated with dam operations.

Other chapters

I participated in four other studies, which resulted in publications. The first of these,
published in the journal Remote Sensing, developed a spectral method to detect the spread of
junipers in semiarid rangelands (Peng et al., 2013). The second, published in Journal of
Environmental Management, used multiplatform remote sensing to determine water balance of a
former uranium mill site in a sparse desert ecosystem in Monument Valley, Arizona (Bresloff et
al., 2013). The third, published in Remote Sensing, developed a generalized yet accurate method
for determining ET from MODIS Enhanced Vegetation Index EVI for mixed agricultural
districts containing both crops and riparian plants (Nagler et al., 2013). The fourth published in
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Journal of Arid Environment, combined MODIS EVI imagery with long-term eddy covariance
flux tower data to test the relationship between ET and precipitation in semiarid grasslands,
shrublands and mesquite savannas in southern Arizona. Together the six studies in this
dissertation show the utility of using remote sensing to scale ground data over longer time scales
and wider areas than is possible through ground surveys alone.

Dissertation Format
This dissertation embraces the published paper format whereby manuscripts of papers that
published and submitted are included as appendices. The introduction is presented overall
problem and its context. The present study is outlined summarizing the most important findings
of research described in each appendix.
My study has three objectives: 1) to determine how riparian and semiarid upland
vegetation health response to the impacts of global change in climate and hydrology, 2) to map
vegetation at species level, 3) to analyze relationship between vegetation, land use patterns and
water uses.
The first objective of the research focused on the response of vegetation in the riparian
ecosystem under impact of water resource and climate change by addressing the correlation
between riparian vegetation and hydro-climate variables during the last three decades in one of
the remaining undammed rivers in the southwestern U.S, the Upper San Pedro River in Arizona.
The Vegetation Indices in the adjacent uplands decreased over thirty years and were correlated
with the previous year's annual precipitation, temperature and river flows. Increasing regional
groundwater pumping as a feasible alternative explanation for decreased flows and deterioration
of the riparian forest.
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The second objective of the study was developing a new remote sensing approach using
very high-resolution aerial photo to map riparian vegetation at specie level of the Colorado River
Ecosystem, Grand Canyon area, Arizona. Vegetation mapping for Colorado River ecosystem
created a database map for the area covered by riparian vegetation and an indicator of dominated
species in the river corridor. The new classification technique was successful in identifying
riparian species coverage the Colorado River Ecosystem, Grand Canyon area with high accuracy
map.
The third objective of my research focused on assessment of the effects of vegetation, land
use patterns and water cycles. Climate change hydrological and human uses are also caused
consequences on vegetation changes at a variety of temporal and spatial scales, particularly in
the arid and semi arid ecosystems, which are more sensitive to change in water availability. The
new methodology of estimating water needs using remote sensing data and ground calibrate have
been demonstrated on different land cover types in the arid and semi-arid regions.

Three main objectives of my dissertation resulted in six scientific papers:

Objective 1: Vegetation health as response of the impacts of global change in climate and
hydrology
Appendix A: Long-term decrease in satellite vegetation indices in response to environmental
variables in an iconic desert riparian ecosystem: the Upper San Pedro, Arizona, United States
Objective 2: Vegetation mapping at species levels using multispectral data, vegetation indices
Appendix B: Mapping riparian ecosystem of the Colorado River Ecosystem, Grand Canyon area
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Appendix C: Reponses of Spectral Reflectance and Vegetation Indices on varying Juniper Cone
Densities
Objective 3: Relationship between vegetation, land use patterns and water cycles
Appendix D: Effects of grazing on leaf area index, fractional cover and evapotranspiration
Appendix E: Estimating Riparian and Agricultural Actual Evapotranspiration by reference
Evapotranspiration and MODIS Enhanced Vegetation Index
Appendix F: Wide-area ratios of evapotranspiration to precipitation in monsoon dependent
semiarid vegetation communities

THE PRESENT STUDY
The methods, results, and conclusions of this study are presented in the manuscripts and
publications appended to this dissertation. The following is a summary of the most important
findings in this study.
1. Long-term decrease in satellite vegetation indices in response to environmental variables
in an iconic desert riparian ecosystem: the Upper San Pedro, Arizona, United States
The Upper San Pedro River is one of the few remaining undammed rivers that maintain a
vibrant riparian ecosystem in the southwest U.S (Stromberg at al.,1996). However, its riparian
forest is threatened by diminishing groundwater and surface water inputs, due to either changes
in watershed characteristics such as changes in riparian and upland vegetation, or human
activities such as regional groundwater pumping. We used satellite vegetation indices to quantify
the green leaf density of the groundwater-dependent riparian forest from 1984 to 2012. The river
was divided into a southern, upstream (mainly perennial flow) reach and a northern, downstream
(mainly intermittent and ephemeral flow) reach. Pre-monsoon (June) Landsat Normalized
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Difference Vegetation Index (NDVI) values showed a 20% drop for the northern reach (P <
0.001) and no net change for the southern reach (P > 0.05). NDVI and Enhanced Vegetation
Index values were positively correlated (P < 0.05) with river flows, which decreased over the
study period in the northern reach, and negatively correlated (P < 0.05) with air temperatures in
both reaches, which have increased by 1.4oC from 1932 to 2012. NDVI in the uplands around the
river did not increase from1984-2012, suggesting that increased evapotranspiration in the
uplands were not factors in reducing river flows. Climate change, regional groundwater
pumping, changes in the intensity of monsoon rain events, and lack of overbank flooding are
feasible explanations for deterioration of the riparian forest in the northern reach (Nguyen et
al.,2014).
2. A remote sensing approach to map riparian vegetation of the Colorado River Ecosystem,
Grand Canyon area
A pixel-based vegetation map of the riparian zone in the Grand Canyon, Arizona, was
produced from high-resolution aerial imagery. The map was calibrated and validated with
ground survey data. A seven-step image processing and classification procedure was developed
based on a suite of vegetation indices and classification subroutines available in ENVI software.
The result was a quantitative species level vegetation map that could be more accurate than the
qualitative, polygon-based maps presently used on the Lower Colorado River. The dominant
species in the Grand Canyon are now saltcedar, arrowweed and mesquite, reflecting historical
conversion of the vegetation to stress-tolerant forms due to alteration of the natural flow regime
by dams and upstream diversions of water for human use.
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3. Reponses of Spectral Reflectance and Vegetation Indices on varying Juniper Cone
Densities
Juniper trees are also one of upland vegetation widely distributed in the semiarid region
at high elevation and are common sources of allergies when microscopic pollen grains are
transported by wind and inhaled. In this study, I collaborated with the authors to investigate the
spectral influences of pollen-discharging male juniper cones within a juniper canopy. I helped
with the fieldtrip and worked on ASD experiment and spectral analysis to measure spectral
reflectance of the juniper cone. We have done through a controlled outdoor experiment involving
ASD FieldSpec Pro Spectroradiometer measurements over juniper canopies of varying cone
densities. Broadband and narrowband spectral reflectance and vegetation index (VI) patterns
were evaluated as to their sensitivity and their ability to discriminate the presence of cones. The
overall aim of this research was to assess remotely sensed phenological capabilities to detect
pollen-bearing juniper trees for public health applications. In all VIs analyzed, there were
significant relationships with cone density levels, particularly with the narrowband versions and
the two-band vegetation index (TBVI) based on Green and Red bands, a promising outcome for
the use of phenocams in juniper phenology trait studies.
4. Effects of grazing on leaf area index, fractional cover and evapotranspiration
This study employed ground and remote sensing methods to monitor the effects of
grazing on leaf area index (LAI), fractional cover (fc) and evapotranspiration (ET) of a desert
phreatophyte community over an 11 year period at a former uranium mill site on the Colorado
Plateau, U.S. Nitrate, ammonium and sulfate are migrating away from the mill site in a shallow
alluvial aquifer. The phreatophyte community, con- sisting of Atriplex canescens (ATCA) and
Sarcobatus vermiculatus (SAVE) shrubs, intercepts groundwater and could potentially slow the
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movement of the contaminant plume through evapotranspiration (ET). However, the site has
been heavily grazed by livestock, reducing plant cover and LAI. I worked with the authors use
livestock exclosures and revegetation plots to determine the effects of grazing on LAI, fc and ET,
then projected the findings over the whole site using multi-platform remote sensing methods. We
show that ET is approximately equal to annual precipitation at the site, but when ATCA and
SAVE are protected from grazing they can develop high fc and LAI values, and ET can exceed
annual precipitation, with the excess coming from groundwater discharge. Therefore, control of
grazing could be an effective method to slow migration of contaminants at this and similar sites
in the western U.S.
5. Estimating Riparian and Agricultural Actual Evapotranspiration by reference
Evapotranspiration and MODIS Enhanced Vegetation Index
Dryland river basins frequently support both irrigated agriculture and riparian vegetation
and remote sensing methods are needed to monitor water use by both crops and natural
vegetation in irrigation districts. We developed an algorithm for estimating actual
evapotranspiration (ETa) based on the Enhanced Vegetation Index (EVI) from the Moderate
Resolution Imaging Spectrometer (MODIS) sensor on the EOS-1 Terra satellite and locallyderived measurements of reference crop ET (ETo). The algorithm was calibrated with five years
of ETa data from three eddy covariance flux towers set in riparian plant associations on the upper
San Pedro River, Arizona, supplemented with ETa data for alfalfa and cotton from the literature.
This method was then tested against water balance data for five irrigation districts and flux tower
data for two riparian zones for which season-long or multi-year ETa data were available.
Predictions were within 10% of measured results in each case, with a non-significant (P = 0.89)
difference between mean measured and modeled ETa of 5.4% over all validation sites. Validation
19

and calibration data sets were combined to present a final predictive equation for application
across crops and riparian plant associations for monitoring individual irrigation districts or for
conducting global water use assessments of mixed agricultural and riparian biomes.
6. Wide-area ratios of evapotranspiration to precipitation in monsoon dependent semiarid
vegetation communities
Evapotranspiration (ET) and the ratio of ET to precipitation (PPT) are important factors
in the water budget of semiarid rangelands and are in part determined by the dominant plant
communities. Our goal was to see if landscape changes such as tree or shrub encroachment and
replacement of native grasses by invasive grasses impacted ET and ET/PPT and therefore
watershed hydrology in this biome. We determined ET and ET/PPT for shrublands, grasslands
and mesquite savannas in southern Arizona at five moisture flux towers and determined the
environmental factors controlling ET in each plant community. We then scaled ET over areas of
4-36 km2, representing homogeneous patches of each plant community, using the Enhanced
Vegetation Index (EVI) from MODIS sensors on the Terra satellite. Over wide areas, estimated
ET/PPT projected from MODIS EVI ranged from 0.71 for a sparsely vegetated shrub site to 1.00
for grasslands and mesquite savannas. The results did not support hypotheses that encroachment
of mesquites into grasslands or that replacement of native grasses with introduced Eragrostis
lehmanniana (lehmann lovegrass) have increased rangeland ET.
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Abstract
The Upper San Pedro River is one of the few remaining undammed rivers that maintain a
vibrant riparian ecosystem in the southwest U.S. However, its riparian forest is threatened by
diminishing groundwater and surface water inputs, due to either changes in watershed
characteristics such as changes in riparian and upland vegetation, or human activities such as
regional groundwater pumping. We used satellite vegetation indices to quantify the green leaf
density of the groundwater-dependent riparian forest from 1984 to 2012. The river was divided
into a southern, upstream (mainly perennial flow) reach and a northern, downstream (mainly
intermittent and ephemeral flow) reach. Pre-monsoon (June) Landsat Normalized Difference
Vegetation Index (NDVI) values showed a 20% drop for the northern reach (P < 0.001) and no
net change for the southern reach (P > 0.05). NDVI and Enhanced Vegetation Index values were
positively correlated (P < 0.05) with river flows, which decreased over the study period in the
northern reach, and negatively correlated (P < 0.05) with air temperatures in both reaches, which
have increased by 1.4oC from 1932 to 2012. NDVI in the uplands around the river did not
increase from1984-2012, suggesting that increased evapotranspiration in the uplands were not
factors in reducing river flows. Climate change, regional groundwater pumping, changes in the
intensity of monsoon rain events, and lack of overbank flooding are feasible explanations for
deterioration of the riparian forest in the northern reach.

Keywords: San Pedro River, Walnut Gulch Experimental Watershed, climate change,
evapotranspiration, woody shrub encroachment, NDVI, Enhanced Vegetation Index
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1. Introduction
Human activities and climate change have negatively impacted riparian forests
throughout the world’s arid and semiarid zones (Poff et al., 1997; Kingsford et al., 2006;
Orellana et al., 2012; Perry et al., 2012). However, it is difficult to document long term
consequences of land use and climate change and to pinpoint environmental drivers of
deterioration (Webb et al., 2007). Many cases of deterioration are due to direct impacts on river
systems such as diversion of water for human use, flow regulation and introduction of invasive
species (Poff et al., 1997). However, even unregulated and protected rivers can be impacted by
regional and global changes in hydrology and climate (Perry et al., 2012).
A case in point is the Upper San Pedro River in northwestern Mexico and southeastern
Arizona, U.S. This river originates in Mexico and flows north into the U.S., ultimately
discharging into the Gila River in the Lower Colorado River Basin (Figure 1). Much of the
riparian zone is protected within the San Pedro Riparian National Conservation Area (SPRNCA),
a 55 km long portion of the river. Created in 1988, the SPRNCA is the U.S.’s only designated
Riparian National Conservation Area (Stromberg et al., 1996; Stromberg and Tellman, 2009).
Agriculture, groundwater extraction and livestock grazing have been eliminated within the
SPRNCA. However, regional ground water pumping to support population growth and possible
changes in climate in the area have raised concerns about the health of the riparian forest along
the river (Stromberg et al., 2009a).
Numerous organized research efforts have been undertaken over the last couple of
decades (e.g., Goodrich et al., 2000; Sorooshian et al. 2002) with the goal of determining the
trajectory of ecological changes in the SPRNCA in response to land cover and land use changes
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(Kepner et al., 2000, 2002), hydrological factors (Mac Nish et al., 2009; Hirschboeck, 2009) and
potential effects of climate change (Dixon et al., 2009). The scope of the studies encompassed
the riparian zone itself as well as the tributary streams and the sparsely vegetated uplands
(Leenhouts et al., 2006; Serrat-Capdevila et al. 2011; Stromberg and Tellman, 2009); see also
special issues of Agricultural and Forest Meteorology, Goodrich et al., 2000 and Water
Resources Research, Moran et al., 2008). The San Pedro is one of the best-studied rivers in the
western U.S. Nevertheless, most of the studies have been conducted over a relatively short
period of time, and the longer-term trends in riparian vegetation cover and their relationship to
meteorological and hydrological factors in the Upper San Pedro Basin are still in dispute
(Thomas and Pool, 2006; Goodrich et al., 2008;).
Concerns about the health of the riparian forest are partly due to an observed decrease in
flows in the river over the past century (Thomas and Pool, 2006). Groundwater contributions to
the river base flow (estimated as the lowest seven-day flow period of the year) decreased by 66%
from 1942-2000 (Miller et al., 2002; Thomas and Pool, 2006) and in 2005 the U.S. Geological
Survey stream gage (09471000) at Charleston in the SPRNCA recorded zero flow over a sevenday period for the first time since it was installed in 1904 (Mac Nish et al., 2009). Similar flow
reductions did not occur in other southeastern Arizona and southwestern New Mexico rivers over
the same period (Thomas and Pool, 2006). The long-term decrease includes decreases in total
annual flows as well as base flows, but is due mainly to reductions in summer flows, while
winter flows are so far unaffected (Thomas and Pool, 2006; Hirschboek, 2009).
Rainfall has fluctuated over short and longer time scales over this period but has not
shown an obvious trend in direction (Miller et al., 2002; Thomas and Pool, 2006; Goodrich et
al., 2008). One hypothesis for the decrease in river flows is that velvet mesquite tree (Prosopis
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velutina) encroachment into the grasslands surrounding the river over the 20th century has led to
increase ET, reducing recharge to the river (Kepner et al., 2002; Thomas and Pool, 2006; Nie et
al., 2012). Other possible causes for flow reductions are diminished intensity of individual
monsoon rain events, reducing surface storm-water recharge even though total precipitation has
not changed (Goodrich et al., 2011), or lowering of groundwater levels near the river through
regional pumping to support population growth in the watershed (Serrat-Capdevila et al., 2007;
Mac Nish et al., 2009)
So far a long-term trend towards deterioration of the riparian forest in response to
reduced flows has not been detected. Jones et al. (2008) analyzed changes in “greenness” in the
riparian corridor using Normalized Difference Vegetation Index (NDVI) values on MultiSpectral Scanner (MSS) Landsat images obtained for the 1973, 1986 and 1992 growing seasons.
They compared the SPRNCA riparian zone with a portion of the riparian zone north of the
SPRNCA which is unprotected. They found little overall change in NDVI among years in
combined areas, but noted a small but statistically significant (P < 0.05) positive trend in the
SPRNCA and a slightly negative trend in the unprotected control area. Kepner et al. (2002)
reported a 2.6% increase in riparian plant cover in the whole basin between 1973 and 1992 based
on classified Landsat images, and Stromberg et al. (2010) noted a historic trend towards
expansion of the riparian forest in the San Pedro River. Hence, no clear downward trend in the
condition of the riparian vegetation has been detected despite the reduction in summer flows. In
fact, reduced surface flows could conceivably be due to an increase in vegetation and ET in and
along the riparian corridor (Thomas and Pool, 2006).
The goal of this study was to document long-term changes in green vegetation density in
both the riparian corridor and in the surrounding uplands through satellite imagery, to shed light
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on the status of the riparian ecosystem and upland vegetation density that might be related to
diminished flows. The specific objectives were: 1) determine the multi-decadal trajectory of
riparian and upland vegetation along the Upper San Pedro River based on satellite vegetation
index values; 2) correlate vegetation index changes with concurrent hydrological and
meteorological changes in the watershed.

2. Materials and Methods
2.1.Overview of experimental design
The study employed data from the Landsat Thematic Mapper (TM) satellites and from
the Moderate Resolution Imaging Spectrometer (MODIS) sensors on the Terra satellite. Landsat
5, the primary TM satellite used in this study, has provided coverage since 1984 at 30 m
resolution, sufficient for mapping individual vegetation units. MODIS has provided coverage
since 2000 at 250 m resolution but has near daily coverage, so temporal coverage is much better
than Landsat with a 16-day return time. Annual changes in NDVI and Enhanced Vegetation
Index (EVI) values in the riparian corridor were compared to changes in depth to water table
(DTW), river flows (Flows), air temperature (Tair) and precipitation (PPT) to develop predictive
models of the vegetation response to long-term trends in environmental variables. We divided
the river into two reaches, one downstream (north) and one upstream (south) of the USGS
streamflow-gaging station near Charleston, AZ where a decrease in flows has been detected
(Thomas and Pool, 2006). We also determined NDVI and EVI values for the uplands areas in
the watershed to see if decreased river flows are correlated with increased green vegetation
density and therefore ET in the uplands (Nie et al., 2012).
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2.2.Description of study area
The San Pedro River flows from south to north and extends for about 225 km, with a perennial
flow over about 40% of its length (Stromberg and Tellman, 2009). The portion of the Upper San
Pedro River considered in this study extends from Hereford, AZ, north of the U.S./Mexico
border, to just north of the city of Benson, AZ, a length of about 70 km (Figure 1). The
watershed in this reach is divided into two sub-watersheds, the Sierra Vista Sub-watershed to the
south and upstream of the USGS Tombstone gage (09471550) and the Benson Sub-watershed to
the north. River flows are due to surface runoff from the surrounding uplands and groundwater
input from the regional aquifer, which is recharged primarily along the mountain fronts running
parallel to the river delineating the watershed's east and west boundaries (Mac Nish et al., 2009).
The climate is hot and dry. Annual precipitation is about 300-400 mm yr-1, with about 60%
arriving in summer monsoons, July-September, and 25% arriving in winter frontal storms (Scott
et al., 2008).
The river consists of a main channel, which underwent entrenchment around the
beginning of the 20th century, and surrounding terraces, corresponding to the width of the
floodplain in the pre-entrenchment period. The channel is now 2-8 m below the upper terraces
(Huckleberry et al., 2009). Vegetation consists of cottonwood (Populus fremontii) and willow
(Salix gooddingii) trees plus understory shrubs and grasses near the active channel, and sacaton
(Sporobolus wrightii) grasslands and velvet mesquite shrublands and woodlands growing further
away from the channel on the pre-entrencement terraces (Stromberg et al., 2006).
River flow varies from < 0.5 m3 s-1 in May and June to > 5 m3 s-1 in August, with very
high month to seasonal and inter-annual variability (Hirshboek, 2009). The river is perennial in
the reach south of Charleston, AZ, to Palominas near the U.S.-Mexico border, but is a mix of
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ephemeral, intermittent and perennial sections in the reach north of Charleston to Benson,
Arizona (Figure 1). The northern reach was historically perennial but has been impacted by
reduced flows since 1955 (Hirshboeck, 2009). The riparian vegetation is described in Stromberg
et al. (2009b), groundwater hydrology is reviewed in Mac Nish et al. (2009), and flood flows are
discussed in Hirschboeck (2009).
To represent the upland areas, we selected the region encompassed by the USDA-ARS
Walnut Gulch Experimental Watershed (WGEW), which is a major ephemeral tributary into the
Upper San Pedro River. It is a 15,000 ha mosaic of mainly grasslands and shrublands, receiving
about 350 mm yr-1 of precipitation (King et al., 2008). The main population centers are Sierra
Vista and Fort Huachuca and their surrounding suburban areas. The populations of Sierra Vista
increased from about 3,100 in 1960 to nearly 50,000 in 2010 (U.S. Census Bureau data) and
nearby communities have expanded as well, for a total population of about 72,000 in the Sierra
Vista subbasin (Leenhouts et al., 2006).

2.3.Acquisition and processing of Landsat imagery
Landsat Thematic Mapper (TM) images (Path 35, Row 38) were obtained from the USGS
Earth Explorer website (http://earthexplorer.usgs.gov/). See also Table S1; supplemental tables
and figures for the Materials and Methods section are labelled with S before the table or figure
number. Images were supplied as Level 1T products. To assess foliage density in the riparian
corridor, one pre-monsoon image per year was obtained from 1984 to 2012. All images were
from Landsat 5 except that the 2012 image was from ETM+ due to decommissioning of Landsat
5 in 2012. Except for 1985, images were all from June, corresponding to the usually-cloudless
period when phreatophytic trees (mesquite, cottonwoods and willows) are leafed out, but before
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the arrival of summer rains in July, which produce subsidiary greening from summer grasses and
annuals (Scott et al. 2003; Gazal et al. 2006). In 1985, the June 7, 23 and July 9 images showed
distorted color values in the preview images, so the July 25 image was selected instead. Still this
image was near the beginning of the monsoon period.
Red, Blue and near infrared (NIR) bands on TM images were converted to calibrated
radiance values using header information and algorithms in Chander and Markham (2003). TM
bands were transformed using the cosine of the zenith sun angle combined with dark object
subtraction (COST) model of Chavez (1996), for conversion of radiances to at-surface
reflectance values. Two vegetation indices were used in this study: NDVI and EVI. NDVI is
calculated as:
NDVI = (ρNIR - ρRed)/(ρNIR + ρRed)

(1)

where band values are expressed as reflectance values (ρ).

EVI was calculated from Red, Blue and NIR bands (Huete et al., 2011):
EVI = G(ρNIR - ρRed)/(ρ NIR + C1 x ρRed + C2 x ρBlue + L)

(2)

where C1 and C2 are coefficients designed to correct for aerosol resistance, which uses the blue
band to correct for aerosol influences in the red band. C1 and C2 have been set at-6 and 7.5, while
G is a gain factor (set at 2.0 for Landsat and 2.5 for MODIS) and L is a canopy background
adjustment set at 1.0 (Huete et al., 2011).
An initial shape file of the riparian corridor (Figure 1) was prepared on the 1984 TM
image by visually drawing the perimeter based on the contrast between the mesquite on the
older, pre-entrenchment, alluvial terraces at the outer edge of the riparian corridor and the sparse
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shrubland in the adjacent uplands. Individual shape files of all the agricultural fields within the
riparian corridor were prepared, and the area of riparian habitat was estimated as the difference
between the total riparian zone area and the area of agricultural fields within the riparian zone.
The riparian habitat consisted of vegetation as well as open water in the river channel and areas
of bare soil within the incised channel. In order to sample just riparian vegetation, we created 22
additional shape files (Tables S2 and S3) that encompassed vegetation stands that were stable
over the 1984-2012 study period. This was accomplished by delineating stands of plants on the
1984 image and then confirming that they still represented riparian vegetation on all images up
to 2012 (i.e., had not been converted to agriculture or other land cover classes). In fact, all of the
plant stands initially selected on the 1984 image were still present in 2012. Twelve of the
sampled areas (Figure S1) were north of the Charleston gage in the river reach containing mainly
ephemeral and intermittent stretches and ten (Figure S2) were south of the gage with mostly
perennial flow reaches (Figure 1). These are named north (downstream) and south (upstream)
reaches, respectively. The sampled areas extended across the terraces, incorporating both nearchannel vegetation like cottonwood and willow, and vegetation on older alluvial terraces, like
mesquite and sacaton grass areas above the incised channel.
An NDVI difference map of the whole riparian corridor was prepared by subtracting
1984 NDVI values from 2010 values on a pixel-by-pixel basis using ERDAS Imagine
(Intergraph, Inc., Atlanta, GA) software. Pixels that showed a 10% or greater increase in NDVI
were colored green and those with a 10% or greater decrease in NDVI were colored red to
visually display vegetation changes (data for each shape file are in Tables S2 and S3). A 10%
change threshold was selected because it was approximately equal to the mean net change in
NDVI for all pixels over the study period and exceeds two times the 95% Confidence Interval of
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the mean NDVI so should represent a significant difference (P < 0.05). Similar threshold criteria
have been applied in other change-detection studies with satellite-derived NDVIs (e.g., Lunetta
et al., 2006).
An additional Landsat image for each year from 1984-2012 was obtained during the July
to September monsoon period to assess maximum rainfall-dependent foliage density of upland
vegetation in WGEW, with the selection dependent on the best low-cloud-cover (see Table S1).
A shape file was prepared that encompassed the upland areas in the WGEW as delineated in
Moran et al. (2008) to test the hypothesis that increases in mesquites in the uplands have led to
decreasing river flows (Miller et al., 2002; Nie et al., 2012). Since mesquites green up from
April to May in the uplands even in the absence of concurrent rains (Potts et al., 2008), the
contrast between June and July-September NDVI values was used as an indicator of relative
abundance of mesquites in the uplands.

2.4.Acquisition of MODIS pixels in the riparian zone
MODIS, with near-daily coverage of most of the earth, provides better temporal coverage
than Landsat, with a composite image of cloud-free daily imagery available every 16 days.
MODIS NDVI and EVI pixels were acquired at 10 additional sites in the riparian zone (Table
S4). They were approximately evenly spaced within the riparian zone (Figure 1). Data were
obtained from the Oak Ridge National Laboratory data site (ORNL DAAC, 2013) in the form of
MOD13Q1 16-day composite images from 2000-2010. Pixel resolution is approximately 250 m.
The ORNL MODIS subset tool displays the approximate pixel footprint area on a highresolution image. We obtained data for single pixels located in stands of riparian vegetation but
excluding pixels containing bare-soil, open-water or adjacent upland vegetation.
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Single pixels are subject to gridding errors, as the geolocation error can be as great as 50
m at different acquisition dates (Tan et al., 2006).

In heterogeneous environments such as

riparian corridors, this can introduce substantial variance in vegetation indices for single pixels in
a series (Nagler et al., 2014). However, multiple pixel arrays can capture non-riparian habitat in
narrow corridors such as the San Pedro. Hence, our approach was to use single pixels arrayed
over the riparian corridor rather than multiple pixel arrays in fewer locations or a single shape
file prepared for the whole riparian corridor. This single-pixel approach has worked well in
modeling patch-scale evapotranspiration dynamics measured by flux towers along the San Pedro
(Scott et al., 2008)

2.5.Additional imagery
High-resolution aerial and satellite images were examined to determine the nature of
vegetation changes corresponding to increases or decreases in NDVI over time. Images were
available from the Google Earth archives for the following times: November, 1992; May, 1996;
September, 2003; and December, 2005 (USGS aerial photographs); June, 2006 and April, 2010
(USDA Farm Service Agency aerial photographs); June, 2011 (Digital Globe Quickbird satellite
images); and April, 2013 (Spot satellite images). Cottonwoods and willows were easily
distinguished from mesquites by the texture of their canopies, the shadows they cast and the fact
that they appeared skeletonized (without leaves) in the winter image of December 2005.
Furthermore, the cottonwoods and willows tended to grow in narrow strands near the river while
mesquites grew on higher terraces away from the river. However, cottonwoods and willows
could not be distinguished from each other.
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2.6.Environmental data source
Meteorological and hydrological data were generally from the same sources used in
Miller et al. (2002) and Thomas and Pool (2006). Mean annual river flows were calculated from
monthly flow values measured at the Charleston gage station (USGS Site Number 09471000,
31.626o N, 110.174o W) obtained from the USGS Water Data for the Nation website
(http://waterdata.usgs.gov/nwis). Data from 1905-2012 were used. Additional flow data were for
the Palominas (USGS 09470500, 31.380o N, 110.111o W) gage from the same data source. Tair
was calculated from monthly means from the Tombstone NOAA Cooperative Station 028619
with data from 1932-2012. Air temperatures recorded at this station are similar to data from the
WGEW (Goodrich et al., 2008, 2011) but with a longer period of record. Total annual PPT and
November to May PPT (PPTN-M), defined as total precipitation from November to May, were
also from the Tombstone cooperative station for the riparian zone. PPT for the uplands in
WGEW were the mean of Gages 1-10 from the WGEW data base
(http://www.tucson.ars.ag.gov/dap/).
DTW was estimated from static water levels in wells selected along the river from south
of Benson to Palominas near the Mexican border (Table S5). Well data were obtained from the
USGS Water Data for the Nation website. Data for individual wells tended to be discontinuous
over time, and most of the wells were installed 2000 or 2001 and the record for years before
2000 was discontinuous and represented by fewer wells. We calculated mean annual DTW from
monthly observations for all years represented in the record of each well. Wells were selected
which were within 200 m of the river. Wells tended to be clustered together with gaps between
clusters. We selected the well nearest the river in each cluster, and sampled well clusters at least
5 km apart from each other. Our final data set (Table S5) included a discontinuous set of 18 of
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the approximately 40 wells along the river from Benson to Palominas, documenting mean annual
well levels from 1987-2012.

2.7. Statistical analyses
Statistical analyses followed procedures in Montgomery et al. (2006) and were
implemented with SigmaPlot and Systat software (Systat, Inc., San Jose, CA). Temporal trends
in vegetation indices and environmental variables were tested by regressing mean annual values
against year of measurement using linear least-squares analyses, with P < 0.05 selected as the
threshold for statistical significance. Relationships between NDVI and EVI and individual
environmental variables were tested with correlation coefficients (r) with P < 0.05 considered a
significant correlation. The best combinations of environmental variables as predictors of NDVI
and EVI were tested by multiple linear regressions analyses. We used a best-subsets procedure,
in which all possible combinations of environmental variables were tested as predictors of the
dependent variables. The best model was judged to be the one that had the highest adjusted r2
and the lowest Mallows Cp coefficient (Mallow, 1973). This procedure protects against "overdetermining" the number of independent variables to include in the final model by penalizing
models that have more rather than fewer explanatory variables in achieving nearly the same
unadjusted r2 (Montgomery et al., 2006). Multicollinearity among independent variables was
tested by computing the Variable Inflation Factor (VIF), which measures the extent to which a
single independent variable can be determined by the remaining individual variables. A VIF
close to 1.0 means the variable is independent of the remaining explanatory variables while
values above 4 are generally taken to indicate the variable is not truly independent and should be
excluded from the model or combined with one of the other explanatory variables (Craney and
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Serles, 2002). Multiple regression analyses also report the coefficients for each independent
variable in the equation of best fit, the standard error of the mean (SEM) of each independent
variable, the t value, and the β coefficient. β coefficients gave an approximate estimate of the
amount of variability in the dependent variable that is explained by each independent variable
(Lane, 2013). Non-linear regression equations were fit to data using curve-fitting programs in
SigmaPlot.

3.Results

3.1.Landsat NDVI and EVI in the riparian zone, 1984-2012
Shape files based on the 1984 TM image showed that the riparian corridor covered 3,951
ha, of which 2,791 ha was riparian habitat and 1,160 ha were agricultural fields within the
riparian corridor. Both NDVI and EVI decreased significantly (P < 0.001) over time in the
riparian areas in the north reach (Figure 2A). After subtracting out the approximate value of bare
soil (NDVI = 0.17 based on sampling non-vegetated areas within the riparian corridor), the mean
NDVI for riparian vegetation decreased by about 20% from 1984-2012 for a change of 0.7% per
year (r2 = 0.37). NDVI did not decrease significantly (P > 0.05) in the south reach; EVI
decreased significantly (P = 0.007) but with lower slope than the decrease for EVI in the north
reach (Figure 2B). Vegetation indices of agricultural fields decreased by about 50% over the
same time period (r2 = 0.70) (Figure 2C). Most of the fields were still visible in the images but
they had much lower NDVI values than in the 1984 image, presumably because they were no
longer cultivated.
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3.2.NDVI differences maps
NDVI difference maps comparing 1984 and 2010 are in Figure 3A (north reach) and 3B
(south reach). For combined agriculture and non-agriculture classes in the riparian corridor, 926
ha were red (decreased NDVI) while 280 ha were green (increased NDVI). For the agriculture
class, 737 ha were red and 181 ha were green, supporting the NDVI time-series showing
retirement of fields. Most of the retired fields were in the south reach of the river whereas some
new fields (green pixels) appeared in the north reach. For the non-agriculture classes in the
riparian zone, 189 ha were red and 99 ha were green. Thus the pixel-by pixel analysis
qualitatively supports the NDVI trends in Figure 2, with both classes decreasing but with
agriculture decreasing the most.
Red pixels accounted for 9.94% of total pixels in the north reach and 6.75% in the south
reach, a difference that was not significant (P = 0.46) (Table 1; see Tables S2 and S3 for results
for individual sites). However, green pixels accounted for only 0.726% of total pixels in the
north reach and 2.71% in the south reach (P = 0.013). The results reinforce the time-series data
showing a long-term net decline in riparian NDVI, confined mainly to the north reach.

3.3.Examples of vegetation changes over time
Landsat imagery did not have sufficient resolution to determine which species increased
or decreased. However, by comparing high-resolution archival imagery with Landsat NDVI
difference maps, it was possible to qualitatively evaluate the nature of vegetation changes.
Examination of archival high-resolution imagery showed that individual vegetation units were
remarkably stable over time. Over the whole river, for example, most of the cottonwood trees
visible on archival images dating from 1992 were still present in 2013. Examples of vegetation
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changes are in Figures 4-6, comparing archival imagery with NDVI difference images. At Site 1
in middle of the north reach (Figures 4A-C), cottonwoods fringing the river channel showed a
net decrease in NDVI (Figure 4C), apparently due to the loss of individual trees over time, based
on archival imagery (Figure 4A, B). At Site 2 further upstream (i.e., south) in the north reach,
cottonwood trees showed an increase in NDVI, due to growth of tree canopies, whereas mesquite
and grass stands away from the main channel decreased (Figures 5A-C). On the other hand, at
Site 3 further upstream in the south reach, cottonwood trees along the main channel showed a
clear increase in growth (Figures 6A, B) and NDVI (Figure 6C), while several trees away from
the main channel apparently died by 2010.

3.4.Correlation of Landsat NDVI and EVI with environmental variables
Mean annual stream flow at the Charleston gage has decreased by 62% since 1905 (P <
0.001) (Figure 7A). Flows at the Charleston gage decreased by 10.4% from 1984 to 2012 (P =
0.0037), while flows at the Palominas gage in the south reach did not decrease over their period
of record (1951-1981, 1996-2012) (P = 0.437). Tair at Tombstone increased over the whole
period of record from 1932-2012 (Figure 7B), and from 1984 onward (P < 0.001) at a mean rate
of 0.00814oC yr-1. On the other hand, PPT did not show a significant trend over either period (P
= 0.88 for 1931 - 2012; P = 0.097 for 1984 - 2012) (Figure 7B). DTW for the wells surveyed in
this study increased significantly from 1987 to 2012 (P = 0.046) (Figure 7C). However, all of the
increase occurred from 2005-2012 (r2 = 0.96, P < 0.001) following a period of below-normal
precipitation. The well data were highly variable among locations, and it was not possible to
resample the same wells over long time periods due to the short period of record of most of the
wells.
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Both NDVI and EVI decreased significantly by Year (P < 0.001; Table 2). Annual
variation in NDVI was significantly negatively correlated with Tair (P < 0.028) and positively
correlated with Flows at the Charleston gage (P = 0.036; Table 2). A best-subsets multiple linear
regression analysis with NDVI as the dependent variable showed that an equation containing Tair
as a negative factor and Flows as a positive factor had the highest adjusted r2 and the lowest Cp
among all combinations of explanatory variables after excluding those with VIF > 4.0, but the
explanatory power of the equation was low (adjusted r2 = 0.18; Table 3). The only significant
correlation between NDVI or EVI and environmental variables in the south reach was a negative
correlation between EVI and Tair (r = -0.509, P = 0.005).

3.5.Correlation and Regression of MODIS NDVI and EVI with Environmental Variables, 20002012
All variables showed year to year variations, but none showed a significant overall
decrease or increase over the relatively short period of MODIS coverage (Figure 8). NDVI and
EVI were closely correlated, as expected (P < 0.001; Table 4). Correlations with environmental
variables were slightly stronger for NDVI compared to EVI. NDVI was significantly negatively
correlated with DTW (P < 0.048) and positively correlated with mean annual flows (P 0.010).
NDVI was marginally positively correlated with PPT (P = 0.064).
The environmental variable that was most strongly correlated with NDVI was Flows, but
the relationship was not linear; it was best predicted by an exponential rise to a maximum
equation (Figure 9). NDVI reached a maximum at flows of about 1 m3 sec-1 The correlation
coefficient between NDVI and the natural logarithm of Flows was 0.803 (P < 0.001). A bestsubsets multiple linear regression analysis showed that a combination of ln(Flows) and PPT as
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positive factors and DTW as a negative factor produced an equation with high predictive power
(adjusted r2 = 0.77) (P < 0.001; Table 5).

3.6.NDVI trends in Walnut Gulch uplands
June NDVI values, presumed to be primarily due to the greenup of any mesquite covered
areas, decreased over this period, while July-September values did not show a significant trend
(Figure 10A). Total annual PPT was variable over this period (Figure 10B), whereas PPTN-M
decreased (r = -0.387, P = 0.038). June NDVI was significantly negatively correlated with Tair (P
< 0.013) and positively correlated with PPTN-M (P < 0.001) but not with the current year's PPT (P
= 0.46; Table 6). June NDVI was positively correlated with Flows, probably an indirect effect
since Flows were positively correlated with PPT. However, Flows were included in the analysis
to see if they were negatively correlated with June or July-September upland NDVI, which
would be expected if increased upland ET (with NDVI as a surrogate) reduced river flows. The
correlation coefficients between July-September NDVI and Flows was negative but nonsignificant (P = 0.12).
A best-subsets multiple linear regression analysis showed that an equation with Tair as a
negative factor and PPTN-M as a positive factor was able to explain 43% June NDVI (Table 6). β
coefficients showed that PPTN-M explained about three times as much of the annual variability in
NDVI as Tair. On the other hand, July-September NDVI was not significantly correlated with any
of the environmental variables used in this study and no combination of variables produced
significant regression equations in a best-subsets multiple linear regression analysis (not shown).
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4. Discussion

4.1.NDVI and EVI trends in the riparian corridor
Decreases in pre-monsoon NDVI and EVI of riparian vegetation proceeded steadily in
the north reach from 1984 to 2012. The decrease occurred during the period of year when
cottonwood (Gazal et al., 2006) and mesquite trees (Scott et al., 2004, Nagler et al., 2005) have
leafed out but before the arrival of monsoon precipitation (Potts et al., 2008), which augments
groundwater supplies and provides a direct source of water in the vadose zone (Hirschboek,
2009). Decreases in NDVI occurred in cottonwood as well as grass and mesquite stands.
Despite the decrease in NDVI in the north reach, individual plant stands in both north and
south reaches showed remarkable stability of time, with most cottonwoods persisting for at least
20 years. The 22 plant stands outlined on the 1984 Landsat image were still present in 2012,
though with NDVI diminished by about 20% in the north reach. Flood flows have decreased in
intensity since 1955 and the streambed is entrenched (Hereford and Betancourt, 2009), severely
curtailing overbank flooding to rework alluvium and start new cohorts of trees on the terraces.
This has resulted in a slow attrition of cottonwood trees at some sites and an aging of tree cohorts
that likely leads to decreased leaf area index (LAI) and NDVI. At other sites where some
recruitment has occurred the tree canopies have increased in diameter and NDVI has increased as
well.
Stromberg et al. (2009a) predicted that successional changes will take place on the river,
with the bands of cottonwoods and willows narrowing due to lack of overbank flooding. They
also predicted that aging stands of cottonwoods would be replaced by other patch types such as
mesquites and grasslands. Our analysis supports these predictions, and demonstrates that these
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processes are already underway. These results differ from Jones et al. (2008) who compared
NDVI in the riparian corridor in 1973, 1986 and 1992, and did not detect large changes over
time. However, our analyses would also fail to detect NDVI changes if based on only three
images, due to the natural variability in NDVI among years (range over 28 images = 0.354 0.483). The results demonstrate the value of obtaining annual or more frequent imagery for
vegetation change detection, due to the natural variability in seasonal and inter-annual NDVI.
The results also document a marked decline in agriculture along the San Pedro since
1984. Much of this decrease probably occurred after 1988 when the SPRNCA was created and
agriculture fields within the conservation area were retired (Stromberg et al., 1996; Stromberg
and Tellman, 2009). So far, however, riparian vegetation does not seem to have reclaimed the
cleared fields, which remain lightly vegetated.

Correlation and regression of riparian NDVI with environmental variables
Riparian NDVI and EVI were correlated with annual river flows in both the Landsat and
MODIS series of images (Tables 2, 4). Furthermore, flows at the Charleston gage decreased
from 1984 to 2012, as noted also in other studies (Thomas and Pool, 2006; Goodrich et al.,
2011). By contrast, flows at the Palominas gage did not decrease over their period of record, and
the south reach of the river as defined in this study is still mostly perennial (Stromberg et al.,
2009b). The equation of best fit between NDVI and flows was an exponential rise-to-a-max
equation, with an inflection point at about 1 m3 sec-1. This threshold-like behavior likely
indicates that most of the time the riparian vegetation has all the water it needs from the alluvial
aquifer, but in drought/low-flow years these phreatophytes are negatively impacted. Decreases in
NDVI can be due to a lower LAI or to lower leaf water contents due to water stress. Hence, there
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appears to be a critical value for surface flows needed to recharge the alluvial aquifer to support
riparian ET. Surface flood flows have been shown to be important for recharging the San Pedro
alluvial aquifer (Baillie et al., 2007).
DTW was also a significant negative factor in explaining the reduction in EVI in the
MODIS series (Table 4). DTW was negatively correlated with river flows and increased between
2005-12. However, the DTW record is discontinuous and few wells have been monitored for
long time periods, and no clear statistical trend was evident in the long-term well record. Mean
DTW is currently between 2-3 m, sufficient to sustain cottonwoods and willows (Stromberg et
al., 1996; Snyder and Williams, 2000; Williams and Scott, 2009), but if the recent trend of
increasing DTW continues, those trees can be expected to eventually decrease in the riparian
zone (Stromberg et al.1996, 2006, 2009a,b). Mac Nish et al. (2009) showed that 50 years of
groundwater pumping have created a basin-wide cone of depression of the regional aquifer
which they suggested was a key cause of base flow decline in the river. PPT was also a positive
predictor of MODIS NDVI. These riparian species plants depend primarily on groundwater,
which is replenished by the regional aquifer as well as surface runoff, but they also respond to
PPT which increases soil moisture in the vadose zone (Williams and Scott, 2009).
June riparian NDVI was negatively correlated with Tair in the Landsat series, although the
correlation coefficient was low. The increases in Tair over the Landsat and MODIS periods of
record were both low, under 0.5o C. However, the positive trend noted for Tombstone data has
been confirmed by long-term monitoring at temperature stations distributed throughout the
WGEW (Goodrich et al., 2008, 2011). Even desert-adapted plants are subject to stress effects
due to high summer temperature and low humidity, a condition referred to as "atmospheric
drought" (Naithani et al. 2012). In hot, dry air the vapor pressure deficit in the atmosphere
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exceeds the capacity of even well-adapted plants to meet atmospheric water demand, and they
respond through partial stomatal closure in the middle of the day, especially in plants already
subject to moisture stress (Glenn et al., 2013). Barron-Gafford et al. (2012) showed that net
assimilation of carbon was inhibited at leaf temperature over 30oC for both mesquites and
grasses along the San Pedro, especially in the dry pre-monsoon period, and these temperatures
are frequently exceeded in summer. Eventually, this stress effect could be manifested as a
reduction in leaf area index which could be detected as a reduction in NDVI or EVI.
Determining if this is the case along the San Pedro is important given the likely further increases
in Tair due to global warming (Barron-Gafford et al., 2012).

4.2.Correlation and regression of upland NDVI with environmental variables
June NDVI in WGEW decreased by about 20% over the period 1984-2012, correlated
with increased Tair as a negative factor and November to May PPT as a positive factor. Green-up
of upland mesquites occurs in April-June during the spring drought, but they usually do not show
significant levels of transpiration or carbon exchange until the arrival of the monsoons (Potts et
al., 2008). Their pre-monsoon green-up depends on soil moisture carried over from the previous
fall and winter precipitation, explaining the correlation between June NDVI and PPTN-M. Grasses
also have a partial green-up ahead of the monsoons (Hamerlynck et al., 2013), so the June NDVI
response is not due to mesquites alone. As with riparian plants, Tair in WGEW exceeded the
optimal value for photosynthesis in June (Barron-Gafford et al., 2012), explaining the negative
correlation between June NDVI and Tair. On the other hand, July-September upland NDVI was
not correlated with any of the environmental variables. A positive correlation is expected
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between NDVI and PPT is expected (Peters and Eve, 1995) but single Landsat scenes during the
monsoon season would not necessarily capture the overall seasonal response to PPT.

4.3.Are reduced river flows a consequence of increased ET in the uplands or riparian zone?
The hypothesis that mesquite encroachment into the surrounding grasslands is
responsible for reduced river flows (Nie et al., 2012) depends on two assumptions. The first is
that mesquite cover has actually increased in the uplands over the time when flows were
diminishing. Support comes from Kepner et al. (2000, 2002) who used a pixel-classification
program to detect land-cover changes based on Landsat images from 1973, 1986 and 1992. They
reported that between 1973 and 1992 mesquite cover increased from 2.75% to 14% of total land
cover in the Upper San Pedro Watershed, while grass cover decreased from 41% to 35%.
However, King et al. (2008), relying primarily on archival photographs and ground transect data,
concluded that any large-scale change in vegetation in WGEW (a subunit of the larger
watershed) must have taken place before 1967, and that vegetation communities have been
relatively stable since then. Contrary to Kepner et al. (2000, 2002; Nie et al. 2012), they
concluded that widespread encroachment of mesquites has not occurred in the WGEW
grasslands.
The second assumption is that mesquite-encroached grasslands have higher ET rates than
non-encroached grasslands. Nie et al. (2012) used a Soil-Water-Atmosphere-Transfer (SWAT)
simulation model to show that as mesquite encroachment into grasslands was increased from 0%
to 100% within their model watershed, simulated ET increased while runoff and percolation
(groundwater recharge) decreased. Their parameterization of the SWAT model assigned higher
leaf area index and hence higher ET for mesquite compared to grasses, and they cited Scott et al.
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(2006) as support for the assumption that mesquites have higher ET than grasses. However, the
Scott et al. (2006) study was conducted in the riparian corridor of the river where mesquites have
access to groundwater, and does not necessarily apply to the uplands where plants are rainfalllimited. A direct comparison of ET between a grassland, shrubland, and mesquite-encroached
grassland in the uplands of this region reveals that, within the uncertainty of the measurements,
essentially all of the precipitation minus the local storm runoff is returned back to the atmosphere
via ET regardless of the vegetation type (Scott, 2010) .
In the present study, June NDVI of upland vegetation, representing mesquites plus other
plants with early green-up, decreased from 1984-2012 at the same time as river flows and
riparian NDVI decreased. Plant transpiration accounts for 60% to 80% of ET in these uplands
(Cavanaugh et al., 2012; Moran et al., 2009) and ET is strongly correlated with NDVI in the
both the WGEW uplands (Nagler et al., 2007) and the riparian corridor (Nagler et al., 2005). To
the extent that green plant cover determines ET, our study does not support the hypothesis that
increased ET in either the riparian zone or due to mesquite encroachment in the uplands is
responsible for reduced river flows. However, we did not directly measure ET or project NDVI
over complete growing seasons. It is possible that other factors (e.g., increase in the length of the
growing season) could lead to an increase in regional ET even if plant cover does not increase.
Further research determining the actual extent of mesquite encroachment in the study area, and a
more detailed upland mesquite and grass ET comparison, are needed to resolve this controversy.

Causes and consequences of future decreases in river flows
Relationships between river flows, groundwater and riparian NDVI and EVI suggest that
decreasing surface flows and rates of alluvial aquifer recharge are already impacting the riparian

50

forest, at least during the pre-monsoon period, especially in the northern reach. As noted by Pool
and Thomas (2006), agricultural pumping is a relatively small term in the water budget and
agricultural NDVI decreased by 50% from 1984-2012, so it cannot explain the magnitude of the
reduction in river flows or riparian NDVI, or the increase in DTW. Changes in vegetation do not
seem to be sufficient to explain decreases in San Pedro River flows at least from 1984 to the
present, and the trend towards less-intense rainfall events did not extend beyond 1998 (Goodrich
et al., 2008), but decreases in river flows have continued. The cause or causes of the reduction in
river flows remain uncertain (Thomas and Pool, 2006; Stromberg et al., 2009b; Goodrich et al.,
2011) but future research should continue to focus on the relationship between regional pumping,
flows in the river, and the health of the riparian forest in SPRNCA. The present study shows that
a slow decline in riparian vegetation, predicted by Stromberg et al. (2009a) based on flow
reductions and lack of recruitment of new cohorts of phreatophytes, is already in progress.
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Table 1. Percentage of pixels showing a 10% or greater decrease (Red) or increase (Green) in
NDVI in the north and south reaches of the Upper San Pedro River in 2010 compared to 1984
Landsat images. Values are means and standard errors of 12 (North) or 10 (South) individual
sites; different letters after means denote significant differences at P < 0.05.
River Reach

Red (%)

Green (%)

North

9.94 (3.24)

0.726 (0.206)a

South

6.75 (2.53)

2.71 (0.761)b

P

0.462

0.013
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Table 2. Correlation matrix of June Landsat riparian NDVI and EVI with meteorological and
hydrological variables on the San Pedro River, 1984-2012. PPT = precipitation; Tair = mean
annual air temperature; Tair(June) = maximum June air temperature; Flows = river flows at the
Charleston gage; DTW = depth to groundwater of a sample of wells along the river. Asterisks
denote significance at P < 0.05 (*), P < 0.01 (**) or P < 0.001 (***).

NDVI EVI
NDVI
EVI
Year
PPT
Tair
Tair(June)

1.000

Year

PPT

Tair

Tair (June) Flows

DTW

0.861*** -0.611*** 0.218

-0.378* -0.399*

0.392*

-0.136

1.000

-0.624*** 0.208

-0.335

-0.177

0.385*

-0.128

1.000

-0.314

0.440*

0.0587

-0.423* 0.460*

1.000

-0.359

-0.210

0.455*

-0.011

1.000

0.248

-0.344

0.421

1.000

-0.364

0.207

!
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Table 3. Multiple linear regression analysis of June riparian Landsat NDVI, 1984-2012, with air
temperature (Tair) and river flows (Flows) on the San Pedro River. The equation of best fit was:
NDVI = 0.659 - 0.0140 Tair + 0.00755 Flows, adjusted r2 = 0.18, SEM = 0.024, P = 0.029. Cp =
2.02
Coefficient Std. Error β

t

Constant 0.659

0.149

Tair

-0.0140

0.00821

-0.31 -1.71

Flows

0.00755

0.00483

0.28

P

VIF

4.419 < 0.001 0.099

1.563 0.13

1.32
1.21

!
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Table 4. Correlation matrix of mean annual MODIS riparian NDVI and EVI with
meteorological and hydrological variables on the San Pedro River, 2000 - 2012. PPT =
precipitation; Tair = mean annual air temperature; Flows = river flows at the Charleston gage;
DTW = depth to groundwater of a sample of wells along the river. Asterisks denote significance
at P < 0.05 (*), P < 0.01 (**) or P < 0.001 (***).

NDVI
EVI
Year
PPT
Tair
Flows

NDVI

EVI

Year

PPT

Tair

Flows

DTW

1.000

0.885***

-0.134 ns

0.528 ns

-0.304

0.684**

-0.521

1.000

-0.121 ns

0.432 ns

-0.372

0.679*

-0.558*

1.000

-0.225 ns

0.282

-0.341 ns

0.374

1.000

-0.053 ns

0.220 ns

0.244

1.000

-0.073 ns

0.606*

1.000

-0.595*

!
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Table 5. Multiple linear regression analysis of MODIS riparian NDVI, 2000-2012, with river
flows (Flows) on the San Pedro River, depth to groundwater (DTW) and precipitation (PPT).
The equation of best fit was: NDVI = 0.363 + 0.0166 ln(Flows) - 0.0137 DTW + 0.0000727
PPT, adjusted r2 = 0.77, SEM = 0.010, P < 0.001, Cp = 3.17.

Constant
ln(Flows)
DTW
PPT

Coefficient

Std. Error

0.393
0.0166
-0.0137
0.0000727

0.0199
0.00397
0.00610
0.0000326

β
−
0.632
−0.335
0.316

t

P

VIF

19.7
4.17
-2.24
2.657

< 0.001
0.002
0.052
0.052

1.18
1.15
1.03

!

Table 6. Correlation matrix of pre-monsoon (June) and monsoon (July-September) Landsat
upland NDVI with meteorological and hydrological variables at Walnut Gulch Experimental
Watershed, 2000 - 2012. PPT = precipitation; PPTN-M = November to May precipitation; Tair =
mean annual air temperature. Asterisks denote significance at P < 0.05 (*) or P < 0.01 (**).
Pre-Mon. Mon.
Pre-Mon. 1.000
-0.333
Mon.
1.000
Year
PPT
PPTN-M

Year
-0.649***
0.279
1.000

PPT
0.082
-0.157
-0.314
1.000

PPTN-M
0.669***
-0.241
-0.387*
0.056
1.000

Tair
-0.454*
0.138
0.440*
-0.359
0.040

Flows
0.387*
-0.293
-0.423**
0.455*
-0.293

!
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Table 7. Multiple linear regression of June upland Landsat NDVI from 1984-2012 with Tair and
November to May precipitation (PPTN-M) at the Walnut Gulch Experimental Watershed. The
equation of best fit was: NDVI = 0.430 - 0.00726Tair + 0.000197 PPTFW, adjusted r2 = 0.43, SEM
= 0.018, P < 0.001. Cp = 2.19.
Coefficient

Std. Error

β

t

P

VIF

Constant

0.610

0.122

-

6.27

< 0.001

-

Tair

-0.0243

0.00663

-0.177

-1.10

< 0.284

1.29

PPTFW

0.000132

0.0000546

0.585

3.82

< 0.001

1.29

!
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Figure 1. Locator map, showing shape file used to delineate riparian zone for Landsat and
MODIS analyses. Closed black circles show location of MODIS pixels; open green circles show
location of Landsat riparian sites in north reach; open blues circles show Landsat riparian sites in
the south reach. Horizontal lines show north and south boundaries of the San Pedro Riparian
National Conservation Area.
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Figure 2. Trends in riparian NDVI (closed circles) and EVI (open circles) in the north (A) and
south (B) reaches of the riparian corridor of the San Pedro River, and trends in agricultural fields
within the corridor (C) based on Landsat 5 Thematic Mapper images, 1984-2012.
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Figure 3. NDVI difference images of the San Pedro riparian corridor based on 1984 and 2012
Landsat 5 Thematic Mapper (TM) images. Green pixels had a 10% or greater increase in NDVI
while red pixels had a 10% or greater decrease in NDVI. Left and right panels show north and
south reaches, respectively. Circles show areas selected for detailed comparison in Figures 4-6.
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Figure 4. Example of decrease in NDVI due to the apparent loss of cottonwood or willow trees
at Site 1 on the north reach of the San Pedro (upper circled area in Figure 3A). (A) is an aerial of
the site in 1992; (B) is a Digital Globe image from 2013, showing apparent loss of trees (arrows);
(C) shows a net decline in NDVI for the cottonwoods or willows along the river based on 1984
and 2010 Landsat images.
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Figure 5. Example of increase in cottonwood NDVI and decreases in mesquite and grass NDVI
at Site 2 in the north reach of the San Pedro River (lower circled area in Figure 3A). (A) is an
aerial of the site in 1992; (B) is a Digital Globe image from 2013, (C) shows a net increase in
NDVI for the cottonwoods or willows along the river and a decrease in mesquite and grass
NDVI away from the river channel based on 1984 and 2010 Landsat images.
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Figure 6. Example of increase in cottonwood NDVI at Site 3 in the south reach of the San Pedro
River (circled area in Figure 3B). (A) is an aerial of the site in 1992; (B) is a Digital Globe image
from 2013, (C) shows a net increase in NDVI for most of the cottonwoods or willows along the
river but loss of trees and shrubs further away from the river (circled areas at bottom of A, B and
C based on 1984 and 2010 Landsat images).
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Figure 7. (A) Surface flows measured at the Charleston gage on the San Pedro River; (B) mean
annual air temperature (Tair) (open circles) and precipitation (closed circles) at Tombstone, AZ;
(C) depth to groundwater (DTW) in a sample of wells along the San Pedro River with standard
errors (bars).
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Figure 8. (A) mean annual MODIS NDVI and EVI with standard errors (bars) for ten sites in the
riparian corridor of the San Pedro River; (B) mean annual air temperature (Tair); (C) depth to
groundwater (DTW); (D) River flows at the Charleston gage (closed circles) and precipitation
(PPT) at Tombstone (open circles).
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Figure 10. (A) June NDVI (open circles) and July-September NDVI (closed circles) over the
Walnut Gulch Experimental Watershed by Landsat imagery, 1984-2012; (B) precipitation (PPT)
at WGEW showing annual (closed circles) and fall-winter precipitation (open circles).
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Supplemental Materials (Nguyen et al.)
Table S1. Date of acquisition of Landsat Thematic Mapper images used in this study. The 2012
image was from Landsat 7; all others are from Landsat 5.

Year Day of Year
Pre-Mon. Mon.

Year Day of Year
Pre-Mon. Mon.

Year Day of Year
Pre-Mon. Mon.

1984 172

188

1994 167

215

2004 179

243

1985 206

238

1995 154

266

2005 165

261

1986 161

257

1996 157

237

2006 168

200

1987 180

288

1997 175

239

2007 171

251

1988 167

239

1998 178

242

2008 174

206

1989 169

233

1999 181

229

2009 175

240

1990 172

236

2000 168

248

2010 163

259

1991 175

247

2001 170

250

2011 166

246

1992 154

274

2002 173

237

2012 161

225

1993 180

212

2003 176

256

!
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Table S2. Area, location, vegetation type and change results for 12 riparian vegetation stands
sampled on Landsat Thematic Mapper images on the north reach of the San Pedro River, 19842012. Green pixels had 10% or greater increase in NDVI while red pixels had 10% or greater
decrease in NDVI. Vegetation types were determined by reference to the 1993-1994 Arizona
Game and Fish vegetation map and inspection of high-resolution imagery available on Google
Earth Each pixel occupied about 0.09 ha.
Shape
files
1
2
3
4
5
6
7
8
9
10
11
12
Total

Areas (ha)
30.62
68.87
207.43
25.34
63.17
23.14
61.13
38.62
58.72
74.8
119.8
97.8
783

Lon Lat
-110.315
-110.307
-110.257
-110.227
-110.213
-110.212
-110.216
-110.212
-110.205
-110.186
-110.195
-110.178

32.041
32.022
31.928
31.89
31.827
31.816
31.802
31.798
31.776
31.692
31.683
31.658

Green
Pixels
3
2
0
5
2
3
0
1
0
11
10
22
57

Red
Pixels
81
292
73
24
77
17
3
5
37
45
211
0
864

Vegetation
Mesquite
Cottonwood/Willow
Mesquite/Cottonwood
Cottonwood/Willow
Mesquite/Cottonwood
Mesquite/Cottonwood
Mesquite/Cottonwood
Mesquite/Cottonwood
Cottonwood/Mesquite
Cottonwood/Willow
Mesquite/Cottonwood
Mesquite/Cottonwood

!
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Table S3. Area, location, vegetation type and change results for 10 riparian vegetation stands
sampled on Landsat Thematic Mapper images on the north reach of the San Pedro River, 19842012. Green pixels had 10% or greater increase in NDVI while red pixels had 10% or greater
decrease in NDVI. Vegetation types were determined by reference to the 1993-1994 Arizona
Game and Fish vegetation map and inspection of high-resolution imagery available on Google
Earth Each pixel occupied about 0.09 ha.
Shape
files
1
2
3
4
5
6
7
8
9
10
Total

Areas
(ha)
30.04
15.9
13.29
15.16
20.67
32.19
5.66
11.48
28.71
8.18
181.28

Lon Lat
-110.179
-110.177
-110.167
-110.166
-110.145
-110.141
-110.127
-110.122
-110.104
-110.104

31.643
31.630
31.620
31.611
31.582
31.575
31.525
31.490
31.411
31.396

Green
Pixels
11
0
9
5
1
23
1
2
15
0
67

Red
Pixels
0
5
0
18
45
40
2
0
1
18
129

Vegetation in the
riparian map*
Cottonwood/Willow
Mesquite/Cottonwood
Cottonwood/Willow
Mesquite/Cottonwood
Cottonwood/Willow
Cottonwood/Willow
Cottonwood/Willow
Cottonwood/Willow
Cottonwood/Willow
Cottonwood/Willow

!
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Table S4. Location of riparian sites on the San Pedro River for which MODIS NDVI and EVI
pixels were obtained.

Site No. Lattitude, Longitude
1

31.899, -110.237

2

31.863, -110.212

3

31.808, -110.210

4

31.799, -110.216

5

31.778, -110.216

6

31.586, -110.145

7

31.576, -110.142

8

31.553, -110.139

9

31.548, -110.136

10

31.511, -110.127
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Table S5. Wells sampled for depth to water from soil surface. Well No. gives location in lattitute
and longitude, e.g. 3147361101300 = 31o47'36" N, 110o13'00"W.
Well No./Location

Period of Record

Mean Depth (m)

3156361101608

2007-2012

3.32

3149041101250

2000-2011

3.10

3148231101232

1987-1990

1.85

3147361101300

1987-1990. 2001-2011

1.88

3146001101212

1987-1990, 1994-1995, 2000-2011 2.37

3145111111012

2001-2012

2.88

3143181101131

2003-2011

4.43

3141301101104

1987-1990

2.94

3140591101120

1987-1990, 2002-2011

2.52

3137381101029

2001-2011

1.73

313638110959

2000-2012

3.60

3133151100821

2002-2011

0.79

3131101100744

2002-2011

0.79

3129241100712

1996

2.51

3128591100706

2001-2011

0.96

3127171100635

2001-2011

4.02

3124531100613

2001-2012

2.45

3121271100731

2001-2012

1.55

Mean (SEM)

1987-1990, 1994-1996, 2000-2012 2.43 (0.25)
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Figure S1. Shape files of 12 riparian sample areas selected in the north reach of the San Pedro
River for NDVI and EV trend determination, 1984-2012. Polygons are displayed over 1984 (A,
C, E) and 2010 (B, D, F) Landsat 5 Thematic Mapper images, showing that riparian units
remained intact over the study period.
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Figure S2. Shape files of riparian sample areas selected in the south reach of the San Pedro
River for NDVI and EV trend determination, 1984-2012. Polygons are displayed over 1984 (A,
C, E) and 2010 (B, D, F) Landsat 5 Thematic Mapper images, showing that riparian units
remained intact over the study period.
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Abstract
A pixel-based vegetation map of the riparian zone in the Grand Canyon, Arizona, was
produced from high-resolution aerial imagery. The map was calibrated and validated with
ground survey data. A seven-step image processing and classification procedure was developed
based on a suite of vegetation indices and classification subroutines available in ENVI software.
The result was a quantitative species level vegetation map that could be more accurate than the
qualitative, polygon-based maps presently used on the Lower Colorado River. The dominant
species in the Grand Canyon are now saltcedar, arrowweed and mesquite, reflecting historical
conversion of the vegetation to stress-tolerant forms due to alteration of the natural flow regime
by dams and upstream diversions of water for human use.

Key words: riparian, classification, Colorado River Ecosystem, Grand Canyon.
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1. Introduction

1.1.Purpose of the study
Monitoring and mapping vegetation along riparian corridors are important for detecting
ecological impacts of human or natural disturbances to river systems (Weber and Dunno, 2001;
Congalton et al., 2002). Riparian zones are subject to intermediate levels of natural disturbance
(periodic floods and droughts), hence even under natural conditions the vegetation is in a
constant state of flux (Naiman and Decamps, 1997). Riparian zones in the southwestern U.S. are
usually a mosaic of vegetation types at varying states of succession in response to past floods or
droughts (Stromberg, 2001). Human impacts also affect riparian vegetation patterns. Humaninduced changes include introduction of exotic species, diversion of water for human use,
channelization of the river to protect property, and other land use changes that can lead to
deterioration of the riparian ecosystem (Ohmart et al., 1988; Briggs, 1996; Busch and Smith,
1995). Furthermore, climate change is impacting riparian corridors through direct effects on
vegetation and through alteration of the hydrological cycle (Palmer et al., 2008). Resource
managers need accurate and reproducible vegetation mapping tools to guide management
practices on both free-flowing and regulated rivers.
This study explored the use of remote sensing to map an iconic stretch of the Colorado
River in the Grand Canyon National Park, Arizona. The pre-dam riparian zone in the Grand
Canyon was affected by annual floods from spring run-off from the watersheds of Green river,
the Colorado River and the San Juan River (Clover and Jotter, 1944). The flow regime through
the canyon is now regulated through a series of dams, and spring floods are much reduced
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compared to natural conditions (Schmidt et al., 1998). Vegetation changes are also taking place.
The introduced small tree or shrub, saltcedar (Tamarix ramosissima and related species and
hybrids) (Gaskin and Schaal, 2002), was first noted in Grand Canyon in 1938 (Clover and Jotter,
1944), and has been spreading in the Grand Canyon and throughout the lower Colorado River
system since then (Ohmart et al., 1988). It is a stress-tolerant plant that replaces native trees
when the natural flow regime is altered (Glenn and Nagler, 2005). Reduced spring flows have
encouraged the spread of saltcedar, reducing the area of beach camp sites available for boaters in
the canyon (Schmidt et al., 1998). Knowledge of how the vegetation in the Grand Canyon
responds has changed over time and how it responds to the new hydrological regime is needed to
design mitigation strategies to maintain ecological values in the altered ecosystem.

1.2. Vegetation mapping based on remote sensing methods
Traditionally, vegetation mapping was done through ground surveys (Muller 1997) and
ground surveys are still an important part of the training and validation steps for newer remote
sensing methods (Congalton, 1991; Congalton et al., 2002; Gould, 2000; Nagler et al., 2005;
Weber and Dunno, 2001). The choice of a remote sensing method will depend on the goal of the
project and the environment being examined. Landsat imagery, with 30 m resolution and 16-day
return time, provides good temporal coverage (Baker et al., 2006), but the spatial resolution is
generally too coarse to resolve vegetation to the species level as required in this study. Light
detection and ranging (Lidar) system provide excellent spatial coverage (5-30 cm) and provide
three-dimensional images of the ground and plant canopies (Wasser et al., 2015). However,
image acquisition and processing are expensive. Multiband aerial photography (Akasheh et al.,
2008) or high-resolution satellite imagery such as Quickbird and World View 2 (Villarreal et al.,
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2012) are less expensive but only provides two-dimensional images. Recently, unmanned aerial
vehicles with digital multiband cameras have been used for mapping aquatic ecosystems (Husson
et al., 2014).
In addition to spatial and temporal resolution, spectral resolution is important in choosing
a remote sensing method. Species-level vegetation mapping can take advantage of differences in
light absorption and reflection in specific wavelengths by different plant canopies. Red (0.640.67 nm) and near infrared (NIR, 0.85-0.88 nm) bands are especially useful in distinguishing
vegetation from soil and water, and in detecting the intensity of canopy "greenness" (Chuvieco
and Huete, 2009). These two bands can be combined to produce vegetation indices (VIs) that
ratio the Red and NIR bands to detect the intensity of the "red edge" characteristic of vegetation,
due to the strong absorption of red light by chlorophyll and the strong reflection and scattering of
near infrared (NIR) light by cell walls of leaf parenchyma cells (Glenn et al., 2008). VIs can be
used to assess canopy conditions and are strongly correlated with physiological processes that
depend on light absorption by leaves, such as photosynthesis and transpiration. However, they
cannot usually be used to distinguish between different plant species. Sensor systems with better
spectral resolution can be used to differentiate canopies based on presence of accessory pigments
and other optical properties that differ among species (Yang et al., 2013). A combination of
remote sensing platforms can be used for vegetation mapping and change detection. For
example, an initial species-level detailed map can be prepared from high-resolution aerial,
satellite or LIDAR imagery, then changes in specific vegetation units can be detected over time
with Landsat or other coarser spatial resolution imagery, followed by periodic repeats of high
resolution imagery (Glenn et al., 2014).
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Regardless of the type of sensor system used, the real values from classification of the
images must be converted into actual vegetation maps using a combination of visual
interpretation of images by trained observers, ground truth surveys, and automated pixelclassification programs using Geographic Information Science (GIS) software (Congalton et al.,
2002). The final map products must then be subjected to accuracy assessment by comparing
mapped vegetation to ground survey data (Congalton, 1991). In this study we used repeat (2002
and 2009) aerial photography to prepare vegetation maps. The advantage of using aerial
photographs at species level (< 1m resolution) are capture of unique visual structural
characteristic of vegetation in the image to distinguish them from the mosaic of surrounding
species.

1.3. Goals of the present study
The goal of this project was to determine the effect of dam operations on the riparian
corridor of the Colorado River Ecosystem, Grand Canyon area. Saltcedar has replaced native
vegetation in much of the canyon, and its dense growth has altered the riverbanks (Schmidt et al.,
1998). A specific objective was to estimate the amount and distribution of saltcedar in the Grand
Canyon, as well as the distribution of native woody species and emergent wetland (marsh) plants
(Ralston et al., 2008). The available low-cost satellite imagery does not have high enough
resolution to meet this objective. In addition, the Grand Canyon study area is full of shadow and
low sunlight at 10 am in the morning during the overpass window of the available satellite
imagery. Instead, we used aerial photography combined with automated pixel-sorting tools to
produce vegetation maps. The objectives of this study were 1) to develop a remote sensing
approach of mapping vegetation at the species level to be used at the landscape scale for change
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detection in the riparian areas of the study area; 2) to identify major vegetation types along the
river corridor; and 3) to evaluate vegetation changes and expansion of invasive species. The
results of this study will provide helpful information for adaptive management in the riparian
area regarding changes in the abundance of native and invasive species, which may be associated
with dam operations. The approach can be applied to other arid and semiarid river systems
undergoing ecological change due to human disturbance and climate change.

2. Materials and Methods

2.1. Study area
The Colorado River Ecosystem (CRE) is a portion of Glen Canyon, Grand Canyon
National Park and the Hualapai Nation (Ralston et al., 2008). The corridor from the Glen Canyon
Dam to the Lake Mead extends for about 450 km and is about 75 km wide along each side of pre
and post-dam at the river corridor. It encompasses 69,750 km2 of land area (Figure 1). The CRE
managers need an updated riparian vegetation map at species level using remote sensing method
for monitoring natural riparian vegetation of the CRE.

2.2. Overview of mapping approach
To develop a new remote sensing based mapping method for this monitoring, it was
necessary to first define the goals of the project and then to determine the optimal type of
imagery that could achieve those goals. A primary goal was the ability to distinguish plant stands
to the species level, to determine the extent of saltcedar encroachment and how much native
woody vegetation and wetlands remain in the canyon. This required high-resolution multiband
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imagery, which was supplied through two aerial surveys conducted in 2002 (Ralston et al., 2008)
and repeated in 2009 (Davis, 2012).
The aerial photo collection acquired in 2002 was from the Grand Canyon Monitoring and
Research Center of the USGS. Although the resolution of the imagery was not ideal, it was
accompanied by a field campaign that provided ground truth data for accuracy assessment of
maps. The 2009 airborne digital imagery had 20 cm resolution and panchromatic plus NIR
spectral bands and covered the entire Arizona part of the CRE (Davis, 2012). The 20 centimeters
per pixel resolution was processed to produce differentially rectified orthophoto quads that
provided better color discrimination than high-resolution satellite data. Mapping vegetation at the
species level with high-resolution imagery is difficult due to spectral variability within a single
canopy. Validation with 2002 and 2009 field data and use of GIS pixel classification software
improved mapping accuracy. The 2002 imagery was used to prepare a preliminary vegetation
map, which was trained with ground data taken in the same year as the aerial photograph
(Ralston, 2008). The penultimate vegetation map in the present study was prepared from the
higher-resolution 2009 image sets and 2009 ground survey data. The final vegetation map was
then prepared following extensive post classification refinement using ancillary data. Steps in the
classification procedure are summarized in Figure 2 and are described in detail in the sections
that follow. The approach was considered to be appropriated because: (1) there is a requirement
for relatively detailed riparian classes using a remote sensing method; (2) it is not possible to use
satellite data in this study area; (3) the detailed reference data from the training site provides an
optimal source for accuracy assessment. The classification methodology involves a sequence of
seven analytical steps (Figure 2).
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2.3. Airborne digital data acquisition and image quality assessment
Four-band digital images (red, green blue and NIR) with overlapping seamless, superior
imagery clarity were collected for CRE from ADS40 SH52 that corresponds to the USGS quarter
quadrangle map boundaries over an 8-day period starting 29 May 2009 during growing season
(Davis, 2012). This timing of data acquisition minimized the effects of noise, cloud, storm, and
shadows and captured most of the vegetation in full foliage. The final mosaic contained a 450
km length of the Colorado River corridor in the Grand Canyon. The advantages of this image
collection compared to the 2002 images were a very low noise level and the digital number (DN)
values were linear relative to ground reflectance. The low noise level of the images allowed us to
discriminate vegetation units to the species level in most cases. The final quad map includes 143
images of 4-band, 16-bit, BSQ (Figure 3).
In this study, 34 images from the 2009 image data mosaic map for the canyon were
selected from the highest vegetation density areas of the canyon and were matched to the areas
for which ground survey data were available from 2002 (Table1). These images were used to
develop a mapping procedure and to test it for accuracy based on ground stations covering
samples of each vegetation type in each image.

2.4. Determining primary vegetation classes
The preliminary set of vegetation classes was based on a previous vegetation database for
the CRE prepared from the 2002 aerial images and ground surveys (Ralson et al, 2008). It
included the previous classification work of Kaerley and Ayers (1996), a combination of existing
vegetation classes of Natureserve (www.natureserve.org). The reference data from the GIS
database was collected in the field in 2002 and 2009 has provided detailed spatial distribution of
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vegetation of 12 primary classes of the study areas. The ground truth vegetation ground surveys
provided vector classification using ArcGIS. There were 12 preliminary vegetation classes:
Atriplex canescens (ATCA), Baccharis spp. (BASL), Centis reticulata (CERE), Equisetum
ferrisii (EQFE), Larrea tridentate (LATR), Phragmites australis (PHAU), Pluchea sericea
(PLSE), Prosopis glandulosa (PRGL), Salix exigua (SAEX), Salix goodingii (SAGO), Tamarix
ramossisima (TARA) and Typha domingensis (TYDO) (Table 2)

2.5.Image band calibration
All image processing and classification procedures used ENVI software (Exelis, Inc.,
McLean, VA, USA). Band calibration was accomplished using ground reflectance data collected
in 2000 simultaneously with an aerial overflight using a cross-correlation technique. The edges
of all flight-line image segments were trimmed to remove non-coincident band data and image
elements that were averaged with non-data during orthorectification resampling. The ground
reflectance data for different vegetation types are shown in Figure 5.

2.6.Gross vegetation layer
A data mask approach was used to analyze gross vegetation and vegetation density.
Water in the images was removed by using ISTAR image data. The vegetation mask was
employed to restrict the calculation of spatial texture to the most vegetated pixels. To identify the
vegetation density, 12 vegetation indices were analyzed to compare and separate the vegetation
from soil or bare ground or any locations not presented of vegetation (Table 3). A new enhanced
soil adjusted vegetation index, HYBRID (Quattara et al., 2009), was calculated by combining
ADVI (an orthogonal vegetation index) and SAVI; the hybrid index had a greater dynamic range

91

and was less affected by soil brightness effects at all LAI values than either index used
separately, as the given equation:

2.7.Image classification
Vegetation texture was analyzed based on a combination of two approaches: image
interpretation and quantitative analysis. Two band combinations were prepared from bands 3,2
and 1 and 4, 3 and 2 and was displayed using in ENVI using different linear stretch levels to
visualize the canopies. The initial vegetation texture and communities were determined using
image interpretation methods. This involves direct human interaction for spatial assessment
based on different criteria such as shape, size, brightness, color, tone, orientation, texture and
context to identify detail information of riparian spices at a specific spatial distribution and
distinguishing them directly. Brightness is one of the most essential spectral criteria while shape,
size and texture more related to spatial properties (Chuvieco and Huete, 2009). The enhancement
method improved our ability to distinguish color and texture differences among saltcedar,
mesquite and emergent vegetation communities in the images (Figure 4a,b). Then region of
interest (ROI) polygons representing different stands of plants were generated based on reference
data and the image interpretation results. A supervised classification technique was employed
based on the quantitative analysis procedure for the airborne digital image data. This procedure
used a maximum likelihood algorithm to recognize pixels with similar spectral characters. The
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maximum likelihood classification assumes that the statistics for each class in the band are
normally distributed and calculates probability that a given pixel belongs to a specific class. Each
pixel is assigned to the class that has the highest probability of encompassing the pixel based on
spectral similarity.

2.8. Post classification refinements to generate a final map
A spatial filtering technique known as sieving was run in ENVI to remove all isolated
pixels that were given a different vegetation assignment than the dominant surrounding class.
These pixels were present due to shadows or gradations of color within individual plant
canopies, due to the high resolution of the imagery, which showed details within canopies. The
sieved pixels were placed in the surrounding dominant class. A clumping procedure was then
applied to add spatial coherence to the map, by combining groups of pixels of the same class into
larger, canopy-sized area of the dominant class.

2.9. Accuracy assessment
The accuracy of each classification algorithm was determined by examining pixels
through generating of a confusion matrix (Congalton, 1991) from classified images and the ROIs
from ground data. Both users’ accuracy and producer’s accuracy were calculated, as well as the
kappa coefficient.

3. Results and Discussion
Compared to the 2002 imagery, the vegetation cover on 2009 images was more precise
since we eliminated areas of bare soil and water (Figure 6a,b) and used a hybrid method to mask
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vegetation before the classification (Figure 7). The total vegetation coverage in the 34 images of
in this study was 414 ha. An example showing different vegetation classes is in Figure 8 and
Figure 9. Five vegetation types accounted for nearly all the vegetation (Table 4), with saltcedar
having the greatest cover with 179.4 ha. Arrowweed and mesquite followed with 136 ha and 64
ha, respectively. Wetland vegetation was the smallest class with only 15.3 ha (Figure 10).
The results showed a very high overall accuracy of 93.5% with a kappa coefficient 0.88 (Table
6) for the portions of each image for which ground reference data were available. Wetland
classes had very high both producer and user accuracies, > 92%. The other classes had producer
and user accuracies > 88%. Sources of confusion are also in Table 6. Saltcedar, mesquites and
arrowweeds could be adequately distinguished from each other. On the other hand, common
reed, bulrush, horsetail and cattails could not be separated and were placed in a single wetland
class.
The classification of plants to the species level using remote sensing imagery has been
difficult up to now. Other mapping projects on the Colorado River have used a polygon approach
using visual interpretation of aerial imagery by trained observers (Ohmart et al., 1988;
CMH2HILL, 1999). These maps are qualitative rather than quantitative, as individual polygons
usually contain a mix of species and an undetermined amount of bare soil. However, new pixelsorting and classification software as used in this study now makes it possible to quantitatively
map the major species of interest in the CRE and other riparian ecosystems. Highly detailed
riparian vegetation maps could be produced using this approach, especially in dryland
(arid/semiarid) ecosystems where the canopies are relatively open and with just a few dominant
and subdominant species. The method adequately mapped the distribution of the dominant
woody species in the CRE as well as wetland areas. This technique was expensive and labor-
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intensive in terms of acquiring imagery, conducting ground surveys and processing and
classifying images. But once these requirements are met, the result is an accurate and detailed
vegetation map. Image processing with the Hybrid method is important to eliminate the ground
or bare soil that may affect the signal of major classes. In addition, using multiple ground sites to
classify each vegetation class improves the accuracy of the final map. The post classification
processes of sieving and clumping pixels leads to a sharper and more accurate map product than
obtained with just supervised classification of pixels.
There were some sources of error and uncertainty due to the nature of the study area. In
the Grand Canyon, shadows often overlapped the vegetation areas selected as training sites,
making it difficult to determine the shape or color of these classes. Young mesquite and saltcedar
trees were difficult to separate from each other and sometime overlapped with the arrowweed
class. Individual emergent marsh species could not be separated from each other, but the general
class of marsh or wetland habitat was identifiable. In the longer term, it would be advantageous
to develop a satellite-based approach for routine monitoring of the study area to detect changes
in vegetation intensity over time. Once a full, detailed vegetation map is produced from the aerial
imagery, coarser-resolution Landsat NDVI imagery could be overlaid on the detailed map to
track changes in canopy greenness over time.
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Table 1. List of 34 images of the Colorado River Ecosystem associated with ground data 2009.
NE36111B7_1_4
NE36111C8
NE36111G6
NE36112B5
NE36112B8
NE36113A3_2_3
NE36113B1_1_4
NW35113H3_2

NW36111A7_1_4
NW36111A7_2_3
NW36111B7
NW36111C7
NW36111G5_2_3
NW36112B4_1
NW36112B4_2_3
NW36112B8_1

NW36113A2_2
NW36113B1_3
NW36113B1_4
SE36111B7
SE36111D8
SE36112B2_1_4
SE36112B2_2
SW36111B7

SW36111C7_3_4
SW36111D7
SW36111F6
SW36113A3_1_2
SW36113A3_3_4
SW36113B1
SW36113B2

Table 2. Primary Vegetation Types
Vegetation class
ATCA
BASL
CERE
EQFE
LATR
PHAU
PLSE
PRGL
SAEX
SAGO
TYDO
TARA

Name
Four wing salt-bush
Seep willow
Hackberry
Horsetails
Creosote bush
Common reed
Arrowweed
Mesquite
Coyote willow
Goodings willow
Cattails
Saltcedar

Species name or description of class
Atriplex canescens
Baccharis spp.
Celtis reticulata
Equisetum ferrisii
Larrea tridentata
Phragmites australis
Pluchea sericea
Prosopis glandusola
Salix exigua
Salix goodingii
Typha domigensis
Tamarix ramossisima
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Table 3. List of Vegetation Indices applied for gross vegetation mask analysis
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Table 4. List of revised vegetation classes for the Colorado River Ecosystem
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Table 5. Example from Accuracy assessment of the SW36113_1_2 image
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Table 6. Percent Producer Accuracy and User Accuracy in average of 37 images of the study
area and explanation of misclassification
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Table 7. List of Overall Accuracy Assessment and Kappa Coefficient of 34 images
List of Imagery
NE36111B7_1_4
NE36111C8
NE36111G6
NE36112B5
NE36112B8
NE36113A3_2_3
NE36113B1_1_4
NW35113H3_2
NW35113H3_3
NW36111A7_1_4
NW36111A7_2_3
NW36111B7
NW36111C7
NW36111G5_2_3
NW36112B4_1
NW36112B4_2_3
NW36112B8_1
NW36112B8_2
NW36113A2_2
NW36113B1_3
NW36113B1_4
SE36111B7
SE36111D8
SE36112B2_1_4
SE36112B2_2
SW36111B7
SW36111C7_1_2
SW36111C7_3_4
SW36111D7
SW36111F6
SW36113A3_1_2
SW36113A3_3_4
SW36113B1
SW36113B2

Overall
Accuracy
89.73%
93.39%
97.62%
95.37%
90.91%
91.35%
97.61%
94.17%
93.01%
90.09%
93.10%
91.39%
91.59%
94.85%
91.33%
90.41%
89.72%
93.08%
99.26%
98.04%
93.34%
98.48%
98.13%
91.10%
98.12%
85.58%
86.01%
94.16%
97.92%
100.00%
95.20%
92.69%
91.24%
90.35%
93.48%

Kappa
coefficient
0.6327
0.8972
0.9552
0.9088
0.8764
0.8735
0.9486
0.8865
0.8952
0.8701
0.8953
0.8521
0.8313
0.9279
0.6855
0.7304
0.8564
0.8428
0.9905
0.9692
0.8959
0.9773
0.9714
0.8667
0.9537
0.8208
0.7977
0.9124
0.9691
0
0.9341
0.896
0.8751
0.8833
0.88118

!
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Figure1. Locator map of Colorado River Ecosystem, Grand Canyon area
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Figure2. Flowchart of the classification procedures
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Figure 3. Flight-line block locations and estimate ground resolution of each location for the
Colorado River Ecosystem (Davis, 2012).
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Figure 4. a) Comparison of NIR color (left) and natural color with enhanced stretch level (right)
showing improved level of detail in the natural color image. b) Compare NIR color and Natural
color with and without enhance stretch level to distinct color and texture differences of
vegetation
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Figure 5. Spectral sampling analysis from the ground of Baccharis, mesquite, coyote
willow, Tamarix (saltcedar) and arrowweed (top) and cattail, Phragmites (common reed), grass,
Equisetum (horsetail), and 4-wing saltbush (bottom).
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Figure 6a. Vegetation with ground data in 2002 image (Davis, 2012)
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Figure 6b. Vegetation with ground data in 2009 images (Davis, 2012)
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Figure 7. NDVI without Vegetation Hybrid Analysis of 2002 image (left) and NDVI with
Vegetation Hybrid Analysis of 2009 image (right).
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(a)

(b)
Figure 8. Comparison Reference data and Final classification map (a) Polygon from reference
data and (b) Final of vegetation classification map
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Figure 9. Comparison of mapping vegetation results (a) from the reference data (b) 2009
classification map and (c) 2002 classification map

Figure 10. Total percentages overage of riparian classes of 34 classified images of the Colorado
River Ecosystem (CRE): tamarisk 43.31% (179 ha), arrowweed 32.93% (136.4ha),
mesquite/shrubs 15.51% (64.25ha), baccharis/salix 4.47%(18.53ha) and wetland species
3.7%(15.33ha).
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Abstract
Juniper trees are widely distributed throughout the world and are common sources of
allergies when microscopic pollen grains are transported by wind and inhaled. In this study, we
investigated the spectral influences of pollen-discharging male juniper cones within a juniper
canopy. This was done through a controlled outdoor experiment involving ASD FieldSpec Pro
Spectroradiometer measurements over juniper canopies of varying cone densities. Broadband
and narrowband spectral reflectance and vegetation index (VI) patterns were evaluated as to their
sensitivity and their ability to discriminate the presence of cones. The overall aim of this research
was to assess remotely sensed phenological capabilities to detect pollen-bearing juniper trees for
public health applications. A general decrease in reflectance values with increasing juniper cone
density was found, particularly in the Green (545–565 nm) and NIR (750–1,350 nm) regions. In
contrast, reflectances in the shortwave-infrared (SWIR, 2,000 nm to 2,350 nm) region decreased
from no cone presence to intermediate amounts (90 g/m2) and then increased from intermediate
levels to the highest cone densities (200 g/m2). Reflectance patterns in the Red (620–700 nm)
were more complex due to shifting contrast patterns in absorptance between cones and juniper
foliage, where juniper foliage is more absorbing than cones only within the intense narrowband
region of maximum chlorophyll absorption near 680 nm. Overall, narrowband reflectances were
more sensitive to cone density changes than the equivalent MODIS broadbands. In all VIs
analyzed, there were significant relationships with cone density levels, particularly with the
narrowband versions and the two-band vegetation index (TBVI) based on Green and Red bands,
a promising outcome for the use of phenocams in juniper phenology trait studies. These results
indicate that spectral indices are sensitive to certain juniper phenologic traits that can potentially
be used for juniper cone detection in support of public health applications.
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1. Introduction
Junipers are woody coniferous plants belonging to the genus Juniperus of the cypress
family Cupressaceae [1]. Since the late 1800s, juniper populations have been expanding rapidly,
for example, in eastern Oregon, juniper canopy cover has increased by 80% from 1939 to 1988
[2–4]. Now, juniper tree species are widely distributed throughout the northern hemisphere, from
the Arctic to tropical Africa and the mountains of Central America. In North America, juniper is
found in western Alaska, throughout Canada, and northern parts of the USA, extending from the
northern latitudinal limit of trees south to the mountains of California, Arizona and New Mexico
[5,6].
Juniper woodlands are managed for a variety of purposes, including watershed health,
fuelwood, pine nuts, Christmas trees, and wildlife habitat [6]. However, juniper trees are
common sources of allergies when microscopic pollen grains are transported by the wind and
inhaled, and pollen can travel long distances under certain weather conditions. These pollen
allergens have strong cross-reactivity among allergic individuals and are major public health
concerns in many parts of North America [7]. Thus, there is great interest in linking juniper
canopy traits with pollen discharge occurrence for public health studies.
Some studies have observed the presence of flower petals to directly alter canopy-scale
reflectances in certain wavelengths, resulting in lower values of the Normalized Difference
Vegetation Index (NDVI), due to increases in reflected Red band reflectance from the flower
petals and the masking of green foliage by the flower petals [8–11]. Using the AVHRR imagery
from the NOAA-10 satellite, Peters et al. noted that the dense yellow flower mass from a short
grass prairie reduced NDVI values by decreasing absorption at the Red wavelengths [10]. Shen
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et al. observed clear decreases in NDVI and Enhanced Vegetation Index (EVI) values from the
Moderate Resolution Imaging Spectroradiometer (MODIS) due to the presence of yellow
flowers in alpine meadows, and suggested that these effects be further studied through satellitebased phenology monitoring of vegetation that exhibit profuse seasonal blooms [12]. However,
few studies have focused on the detection of pollen and pollen-discharging cones using remote
sensing.
In this study, the presence of male juniper cones (the carrier or source of pollen) in
juniper canopies was investigated with field-based spectroradiometers to explore the relationship
between juniper cone density and remotely-sensed, narrowband and broadband spectral
reflectances and vegetation indices (VIs).
2. Methods
2.1. Acquisition of Juniper Canopy Spectra
A set of fresh juniper (Juniperus monosperma) branch samples containing dense juniper
cones were harvested from the Santa Catalina Mountains, near Tucson, Arizona (32.542°N,
110.710°W), and positioned over a black painted supporting frame with dimensions of 0.5 × 0.55
m (Figure 1a). In addition, we collected three soil backgrounds representing a bright (sandy) to
dark (loam) brightness range. Juniper canopy spectral reflectance signatures were measured with
an ASD FieldSpec Pro spectroradiometer that sampled every 1 nm, at 10 nm nominal spectral
resolution, over a wavelength range from 350 to 2,500 nm, and a field of view (FOV) 18 degrees.
In a controlled experimental setup, the ASD probe was mounted on a black bracket and fixed at a
height of 1.5 m above the juniper canopy full of cones.
Juniper spectral reflectance measurements for variable cone densities were made under clear and
sunny sky conditions between 13:00 and 15:30 local time. Each set of measurements consisted of
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one juniper cone density level with 10 replicate readings, and reference panel reading. The
interval time for each measurement sequence was approximately 3–5 min. The 10 juniper
canopies with three soil background replicates were averaged and followed by measurements
over a white reference Spectralon panel for computation of reflectances.
After the complete set of measurements, we removed a portion of the cones from the
juniper branches and repeated the juniper canopy spectra measurements with the new cone
density level. The juniper branches were gradually thinned of juniper cones until there were no
visible cones remaining (see Figure 1b). For each sequence, the fresh weight of the removed
juniper cones was determined. In this manner, measurements over 10 cone density levels were
obtained. We weighed the cones with an analytical balance, and divided by the area of the
bracket, resulting in the following measured cone density levels (rounded to nearest 10 g/m2),
200, 190, 180, 170, 150, 140, 120, 90, 50, and 0, respectively.
2.2. Analysis of Reflectances and Vegetation Indices
In this study, we analyzed the entire spectral reflectance signature for all juniper cone
densities. To assess the capability of broadband sensors for juniper cone detection, we convolved
the spectral reflectance data into the MODIS wavebands using the spectral response functions of
the individual bands. A common multispectral analysis tool used for vegetation canopy studies is
VIs, due to their relative simplicity and robustness [13]. Several VIs were then generated from
the MODIS convolved broadband reflectances as well as narrowband equivalents to assess their
sensitivity for juniper cone detection. The MODIS sensors on board the Terra and Aqua
platforms, provide continuous, global, near-daily, coarse resolution measurements (250 m to 1
km resolution) of reflectances and VIs, optimized for vegetation monitoring [14]. MODIS data
and products are publicly available at no cost and provide the capability to detect and monitor the

121

distribution of juniper at global and regional scales [13,14]. These indices included the simple
narrowband Two-Band Vegetation Index (TBVI) [15–17], NDVI [18] and EVI [19]. Previous
studies indicated that the Green Normalized Difference Vegetation Index (GNDVI) [20] and
Green to Red reflectance ratio (G/R) [21] are more sensitive to plant chlorophyll than NDVI;
therefore, we also tested their sensitivity to juniper cone density.

where i = 610 nm to 670 nm for Red band, j = 760 nm to 898 nm and 1,215 nm to 1,278 nm for
NIR bands, k = 430 nm to 480 nm for Blue band, and l = 500 nm to 570 nm for the Green band.
ρRED, ρNIR, ρBLUE, and ρGREEN are the narrowband and MODIS broadband reflectances of
the Red, NIR, Blue, and Green, respectively. All possible indices were evaluated using Matlab
software.

2.3. Variation Analysis of Juniper Canopy Spectra and Vegetation Indices
To depict spectral signature and VI differences across the juniper cone densities of this
study, we used the percent relative change, as:
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where Xcones, Xno cones, are the reflectances (or VIs) of the juniper canopy with and without
the cones, respectively.
The coefficient of determination (R2), slope (S), and coefficient of variation (CV) were
used to select the most sensitive bands (or VIs) to changes in juniper cone density. R2, S, and
CV are defined as follows: R2 is the square of the correlation coefficient between reflectance (or
VIs) and the cone densities. S, or named gradient, was calculated by the change in the reflectance
(or VIs) divided by the corresponding change in the cone densities, where the relationship
between measured reflectances (or VIs) and the cone densities was linear, and no transformation
for S calculation was required. Higher values of R2 and S indicate a more significant change of
reflectance (or VIs) with cone densities. CV was defined as the ratio of the standard deviation of
reflectance (or VIs) to their mean value, which showed the extent of variability in relation to
mean of the reflectance (or VIs) caused by juniper cone changes. We calculated R2, S and CV
using the MATLAB software.

3. Results and Discussion
3.1. Juniper Canopy Spectral Signatures with Varying Cone Densities
In general, the juniper canopy reflectance signatures appear representative of typical
green vegetation spectra, with high reflectances in the NIR region due to leaf-level mesophyll
scattering, low reflectance in the Red region (around 670 nm) attributed to chlorophyll
absorption, and a weaker “Green spectra” reflectance peak at around 550 nm (Figure 2) [12]. A
general overall decrease in reflectance values with increasing juniper cone density was found,
particularly in the Green (545–565 nm) and NIR (750–1,350 nm) regions. In contrast,
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reflectances in the shortwave-infrared (SWIR, 2,000 nm to 2,350 nm) region decreased from no
cone presence to intermediate amounts (90 g/m2) and then increased from intermediate levels to
the highest cone densities (200 g/m2) (Figure 2). SWIR reflectances in the 1,450–1,750 nm
spectral region changed the least but generally decreased slightly with cone presence.
Reflectance patterns in the Red (620–700 nm) were more complex and exhibited a critical value
at approximately 655 nm in which the relatively flat reflectance profile from the highest cone
density intersected the Red reflectance profile from the juniper canopy with no cones (Figure 2).
This highlights the delicate contrast patterns in absorptance between cones and juniper foliage,
where juniper foliage is more absorbing than cones only within the intense narrowband region of
maximum chlorophyll absorption near 680 nm.
The percentage relative spectral reflectance changes, from the zero cone density case to
the various cone density levels (Equation (6)), are shown in Figure 3. The most pronounced
relative reflectance changes occurred in the visible spectral region and SWIR region beyond
2,000 nm (Figure 3). Visible reflectance changes were highly spectrally-dependent and most
intense with the highest level of cones and varied from nearly −30%, in the Blue, Green, and
NIR, to +17% in the Red region, relative to the juniper canopy without cones. The SWIR region
beyond 2,000 nm resulted in nearly equivalent differences, ranging from −25% to +15%. The
remaining spectral region, from ~1,000 nm to 2,000 nm, varied the least with relative changes
between −10% and +5%. Only small portions of the SWIR region, at 1,450–1,540 nm, 2,000–
2,100 nm, and 2,270–2,350 nm, showed positive reflectance changes, which occurred only for
the higher juniper cone densities (Figure 3).
The first derivative of the juniper spectral signatures was derived to assess the contrast
between the visible and NIR regions to evaluate changes to the “Red edge”, or Red to NIR slopes,
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for the various cone densities (Figure 4). This showed quite clearly the strong reduction in the
strength and amplitude of the Red edge with increasing cone presence and density. Furthermore,
there were no spectral wavelength shifts of the Red edge peak, indicating that variations in cone
density had no effect on the health or the stress condition of the green canopy foliage [22,23].
This was an expected and useful outcome since the juniper canopy itself was constant and not
subjected to different stress treatments.There was also a smaller reduction in the Green edge
peak, at 520 nm, indicating reductions in Green in contrast with the presence of cones (Figure 4).

3.2. Comparisons of Narrow- and Broadband Sensitivity to Cone Density Variations
We compared narrow- and broadband reflectances to determine if fine-temporal
resolution, but broadband sensor platforms (e.g., MODIS) is able to spectrally detect the
reflectance patterns observed in our dataset. The R2 of linear regression between spectral
reflectances for all wavelengths and cone densities were shown in Figure 5. The Visible spectral
region showed significant correlation (P > 0.001) with cone density variations, as well as the
NIR (about 700 nm–1,350 nm), and SWIR (about 1,550 nm–1,770 nm) spectral regions.
Broadband results were compared with narrowband equivalents through selection of the most
sensitive narrowband based on maximum values of R2, S, and CV (Table 1). The most sensitive
narrowband in the Red spectral range was 610 nm for all three measures of sensitivity; both 480
nm and 458 nm were the most sensitive in the Blue; 538 nm, 555 nm, and 546 nm were the most
sensitive bands in Green; 760 nm and 768 nm was the most sensitive bands in NIR range; and
1,662 and 2,001 nm were the most sensitive bands in SWIR range.
The percent relative changes of MODIS-convolved broadband and corresponding
narrowband (based on the best-fit R2 values) reflectance data are shown in Figure 6 for all
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juniper cone densities.
The reflectances in MODIS Bands 3–6 and corresponding narrowbands (458 nm, 538 nm,
1,260 nm, and 1,661 nm) both decreased with cone density with nearly indistinguishable patterns,
although the 1,661 nm narrowband was slightly more sensitive than MODIS band 6 (Figure 6).
The narrowband reflectances, 610 nm, 768 nm, and 2005 nm, showed more sensitivity to cone
density variations than the equivalent MODIS Bands 1, 2, and 7, respectively. The greatest
decrease in reflectances was observed from low to intermediate cone density levels (from 0 to
~100 g/m2, in all bands except for MODIS Band 5 and Band 6, which showed only slight
decreases. At juniper cone densities higher than 100 g/m2, the decreasing trend in reflectances
reversed to positive trends in MODIS Band 1 (Red) and Band 7 (SWIR2), and at the highest
cone density level (200 g/m2), these two bands showed no relative change from the 0 g/m2 cone
juniper measurement. Reflectances also decreased (~15%) and then increased (~20%) for the
corresponding narrow bands of 610 nm and 2,005 nm. On the other hand, the remaining MODIS
bands continued their reflectance declines with increasing juniper cone densities for all levels
analyzed in this study, while MODIS Band 3 became stable beyond 90 g/m2 (Figure 6).
Sensitivity to cone density variations between the narrowband and MODIS broadband
reflectance as well as for narrow- and broadband VIs, was assessed through statistical measures,
R2, S, CV (Tables 1 and 2). Small difference between narrow- and broadbands were observed
for the Blue and Green bands, while for the Red band, the values of R2, S, and CVs at 610 nm
were significantly higher than the equivalent MODIS broadband, which showed no significant
correlation with juniper cone density changes despite a significant correlation (p < 0.01) shown
for the 610 nm narrowband. The overall comparisons showed that spectral sensitivity was greater
in the narrowbands relative to the MODIS broadbands.

126

It was found that the narrowband versions of NDVI (670 nm, 760 nm), GNDVI (538 nm,
1,215 nm), and G/R (570 nm, 670 nm) were most sensitive to cone density variations among all
VIs derived from different band combinations, although the narrowband EVI (432 nm, 670 nm,
and 768 nm) differed little from the broadband EVI, with R2 of 0.98 and 0.97, respectively (see
Table 2).
The coefficient of determination (R2) of linear regression between all possible TBVI and
cone densities was depicted in Figure 7. The best narrowband TBVI (692 nm, 648 nm) yielded
two Red bands, which would normally be considered redundant, however, from Figure 2 it was
observed that there are two distinct Red spectral regions in which juniper foliage and cones
reverse their contrasts. This narrowband TBVI (692 nm, 648 nm) was the most sensitive index to
cone density variations than any other VI analyzed in this study, with an R2 of 0.99. When the
same TBVI analyses was made with the MODIS bands, the best two broadbands were Bands 4
and 1 (Green, Red), as there was only 1 Red band available (Table 2). If we use the S and CV
statistical criteria of sensitivity, then MODIS broadband TBVI calculated by MODIS Bands 7
and 4 was more sensitive to cone density variations which exceeded the narrowband TBVI (692
nm, 648 nm).

3.3. Relationship between Vegetation Indices and Juniper Cone Densities
In Figure 8a, the relationship of narrowband and broadband VIs with juniper cone density
is shown for TBVI, NDVI, EVI, GNDVI, and G/R (Equations (1–5)). All indices, except narrowand broadband GNDVI, exhibited negative relationships with cone density, with the G/R and
EVI showing the strongest negative relationship, with R2 values of ~0.97 for the G/R and EVI
from narrowband and broadband (P < 0.001). NDVI showed a relative weaker relationship (R2 =
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0.89 and 0.76 for narrowband and broadband NDVI, P < 0.001) compared with other indices,
partly due to saturation of the NDVI signal caused by the dense juniper canopy, as shown in
Figure 1. The regression relationship between juniper cone density and GNDVI, on the other
hand, was slightly positive with a stronger coefficient of determination for narrowband compared
with broadband GNDVI (R2 = 0.86 and 0.76, respectively, P < 0.001) (Figure 8a).
The percent VI relative changes induced by juniper cones are depicted in Figure 8b. TBVI (502
nm, 670 nm), narrowband GNDVI (538 nm, 1,215 nm) and broadband MODIS GNDVI
increased strongly, with the narrowband TBVI showing the largest variation of ~200%. The
TBVI calculated from MODIS Bands 4 and 1 decreased ~100% with cone density. The other
indices decreased as a result of juniper cone presence. The NDVI and GNDVI derived from
MODIS broadbands showed less sensitivity to juniper cones decreasing by 8% and increasing by
2%, respectively. Narrowband EVI and G/R decreased by ~30% as a result of cone presence on
the juniper canopy. The reflectance in the Green band decreased with higher cone densities,
resulting in increasing GNDVI values. Based on the CV in Table 2 and the relative change in
Figure 8b, all VIs derived from narrowbands had larger variation than those derived from
MODIS broadbands, which can also be found in Figure 8b.

3.4. Future Studies
Although the analysis conducted in this study was based on in-situ hyperspectral data, our
results provided important insights into the challenges of monitoring juniper cone presence and
phenology at larger scales from satellite and airborne derived data, where spatial, temporal and
spectral resolutions must be optimized and atmosphere correction available. Prior studies have
considered the effects of plant flowers on VIs (such as NDVI and EVI) for monitoring vegetation
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status during the flowering season [12]. However, there have been no previous studies on the
influence of cone presence and density.
This study suggests that it is potentially promising to employ satellite/airborne remote
sensing spectral-based techniques to monitor juniper phenology stages associated with prebudding, budding stage, and cone development. In particular spectral indices involving the Green
and Red bands, especially the G/R ratio and TBVI, provide high sensitivity to cone presence and
density. The MODIS broadband Green-Red spectral indices were less sensitive than the
narrowband versions, but nevertheless remained highly sensitive and useful for juniper
phenology studies. Furthermore, narrowband and broadband sensitivities of the very useful
Green band were equivalent and strongly sensitive at low and intermediate levels of cone density,
which is very promising for early detection of cone development.
Although Juniper is an evergreen [24] species, further studies are needed to ensure there
are no significant leaf-level phenological spectral changes prior to, and post cone appearance.
However, other environmental factors (e.g., drought) may influence canopy reflectances, but
these can be analyzed through comparisons to the juniper plants without cones. A Red edge band
and first derivative analyses of hyperspectral data would distinguish between canopy spectral
changes due to leaf stress from those due to cone presence, however, current sensor systems used
in phenology studies (e.g., Landsat and MODIS) do not have sufficient spectral fidelity to do this.
EO-1 Hyperion and future hyperspectral missions would be highly useful in this regard.
At landscape scale, Juniper woodlands are largely open canopies with fractional covers that
typically range from 25% to 60% [25–27]. The cone spectral signal will be correspondingly
diluted in moderate to coarse resolution satellite imagery, and there will be soil background and
vegetation heterogeneity considerations. When the juniper tree coverage is low, the juniper cone
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signal will become much weaker than that of green part of the vegetation canopy, and there will
be large uncertainties in retrievals of cone density. However, an important public health
application is the detection of juniper cone presence and development, rather than accurate cone
density estimates. Demonstrating the feasibility of predicting the strength of the pollen discharge
period by estimating Juniper cone density levels would be valuable to the public health user
community.
Further studies are also needed to explore other juniper cone species, the influence of soil
background over varying juniper tree covers, as well as the influence of leaf phenology and
environmental stress. The results presented here demonstrate the utility of visible color bands for
juniper cone detection and thus we anticipate that simple camera based systems, such as
phenocams, that can monitor daily spectral changes in Red, Green, and Blue channels will be
quite valuable in juniper cone detection for early warning public health applications. Integrating
satellite/airborne remote sensing techniques, phenocams, and field spectroradiometric measures
of canopy and leaf spectra would provide valuable insights to resolve these issues.

4. Conclusions
In this study, in-situ juniper canopy reflectance spectra with 10 cone density levels were
measured with a field-based ASD spectroradiometer over black, loam, and sandy soils. The
reflectance values of the juniper canopy generally decreased at spectrally variable extents with
the presence of juniper cones, especially in the Blue, Green, and Near Infrared (NIR) bands,
while the Red and portions of the Shortwave Infrared (SWIR) showed mixed responses. The
decreases of the reflectances in MODIS Blue, Green, NIR, SWIR bands (Bands 3–6) and
corresponding narrowbands (458 nm, 538 nm, 1,260 nm, and 1,661 nm) were similar, although
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the narrowband versions were slightly more sensitive. However, the Red, NIR, and SWIR
narrowband reflectances of 610 nm, 768 nm, and 2,005 nm were more sensitive to cone density
variations than equivalent MODIS Bands 1, 2, and 7, respectively. The largest decrease in
reflectances was observed over the lower cone density levels, between 50 and 90 g/m2, in all
bands except for MODIS Band 5 (1,230–1,250 nm) and Band 6 (1,628–1,652 nm). The
reflectances in MODIS Band 1 (620–670 nm) and Band 7 (2,105–2,155 nm) at the highest cone
density level (200 g/m2) showed nearly identical reflectances with the 0 g/m2 cone juniper
measurement, While for their corresponding narrow bands of 610 nm and 2,005 nm, where
reflectances decreased ~15% and increased ~20%, respectively.
The Normalized Difference Vegetation Index (NDVI) and Enhanced Vegetation Index
(EVI) displayed decreasing values with increasing cone densities. The Green Normalized
Difference Vegetation Index (GNDVI) showed slightly increasing values with cone density
levels, indicating an increasing contrast between these two bands with increasing cone density.
In all VIs tested in this study, we found significant relationships with cone density levels,
however, there were large differences in VI sensitivity to cones, with TBVI (502 nm, 670 nm)
showing the strongest sensitivity, followed by moderate sensitivity with G/R and EVI, and weak
sensitivity with the NDVI and GNDVI. The narrowband versions of VIs were generally more
sensitive to cone density variations than the MODIS broadbands. These results demonstrate that
certain VIs are useful in juniper phenology studies can be potentially exploited for detection of
Juniper cone development prior to pollen discharge period.
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Table 1. Narrowband positions resulting in the best measures of cone density, based
on maximum values of R2, slope (S), and coefficient of variation (CV), along with
corresponding MODIS broadband for different spectral ranges.

137

Table 2. Narrowband positions resulting in the maximum values of R2, S, and CV, along with
corresponding MODIS broadband for different vegetation indices. Narrowband TBVI was made
with the region of MODIS Bands 4 and 1
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Figure 1. Juniper canopy (a) full of cones and (b) with no cones
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Figure 2. Juniper canopy spectral reflectance curves for variable cone densities (0, 50, 90, 140,
180, 200 g/m2). Only six of the cone density levels are shown in order to more clearly depict the
reflectance signature shifts.
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Figure 3. Juniper canopy reflectance changes for various juniper cone densities (50, 90, 140, 180,
200 g/m2) relative to juniper with no cones. MODIS bandwidths and location are shown along
the “x” axis
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Figure 4. First derivative reflectance spectra across the visible and Near Infrared (NIR) region
for the juniper canopy with varying cone density levels.
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Figure 5. The coefficient of determination (R2) of linear regression between spectral reflectances
and cone densities
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Figure 6. Relative changes in juniper canopy reflectance for different levels of juniper cone
densities in MODIS Bands 1–7 and corresponding narrowband with the best-fit R2 values.
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Figure 7. 2D correlation plots illustrating the coefficient of determination (R2) of linear
regression between all possible Two-Band Vegetation Index (TBVI) and cone densities. The
black square frame is the region of Green and Red corresponding to MODIS Bands 4 and 1
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Figure 8. (a) Vegetation index and (b) Vegetation Index relative changeover different juniper
cone densities, including MODIS broadband and narrow bands with the best-fit R2 values in
Table 2.
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Abstract
This study employed ground and remote sensing methods to monitor the effects of grazing on
leaf area index (LAI), fractional cover (fc) and evapotranspiration (ET) of a desert phreatophyte
community over an 11 year period at a former uranium mill site on the Colorado Plateau, U.S.
Nitrate, ammonium and sulfate are migrating away from the mill site in a shallow alluvial aquifer.
The phreatophyte community, con- sisting of Atriplex canescens (ATCA) and Sarcobatus
vermiculatus (SAVE) shrubs, intercepts groundwater and could potentially slow the movement
of the contaminant plume through evapotranspiration (ET). However, the site has been heavily
grazed by livestock, reducing plant cover and LAI. We used livestock exclosures and
revegetation plots to determine the effects of grazing on LAI, fc and ET, then projected the
findings over the whole site using multi-platform remote sensing methods. We show that ET is
approximately equal to annual precipitation at the site, but when ATCA and SAVE are protected
from grazing they can develop high fc and LAI values, and ET can exceed annual precipitation,
with the excess coming from groundwater discharge. Therefore, control of grazing could be an
effective method to slow migration of contaminants at this and similar sites in the western U.S.

Keywords: Remote sensing, MODIS, Landsat, Quickbird, Phytoremediation
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Introduction

1.1 Importance of phreatophyte shrub communities
Phreatophyte shrub communities cover tens of millions of hectares of arid and semiarid
rangeland in the intermountain basins of the western U.S (Shreve 1942). They access aquifers to
depths of 20 m or greater, and are important components of the regional water balance in these
areas (Naumber et al., 2005; Nichols, 1993, 1994, 2000; Steinwand et al., 2006). When protected
from grazing they can develop dense ground covers (McKeon et al., 2006) with high
evapotranspiration (ET) rates (Glenn et al., 2008). They can consume more water than arrives as
precipitation, with the excess supplied by groundwater derived from mountain recharge (Cooper
et al., 2006; Groeneveld et al., 2007). On the other hand, many western rangelands have a
history of heavy grazing by sheep and cattle, which can greatly reduce shrub ground cover and
leaf area index (LAI) (Pellant et al., 2004; Redsteer et al., 2010). This can tip the water balance
from discharge to recharge and runoff, potentially leading to formation of gullies and other forms
of erosion (Pellant et al., 2004). Phreatophyte shrub communities are also threatened by
pumping of groundwater for human use, which lowers water levels and reduces phreatophyte ET
(Cooper et al., 2006). Land managers are challenged to understand the interactions between
vegetation, land use patterns and the regional water cycle in phreatophyte-dominated arid areas,
and to develop methods to monitor components of the water balance over large landscape areas
and long time scales in sparse vegetation communities (Pellant et al., 2004).
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1.2 Background of the present study
This study used ground and remote sensing methods to assess the contribution of native
shrubs to the water balance over a ten year period at a desert site near Monument Valley,
Arizona, on the Colorado Plateau (U.S. Department of Energy, 1999). The site was a former
uranium milling site, abandoned in 1968. The U.S. Department of Energy is responsible for
stabilizing and remediating contamination at this and 22 other abandoned uranium mill sites
through the 1978 Uranium Mill Tailings Radiation Control Act (UMTRACA) (U.S. Department
of Energy, 2011). Nitrate, ammonium and sulfate, used in the extraction of uranium from the
ore, are migrating away from the source area in a contamination plume in the shallow alluvial
aquifer. Concentrations of all three are gradually decaying due to natural processes that have
been characterized by on-site measurements and modeling (Jordan et al., 2008; Carroll et al.,
2009; Borden et al., 2011). However, natural (Carroll et al., 2010) or even enhanced (Borden et
al., 2011) remediation of the source area and plume will take several decades. A healthy plant
community could reduce the risk that contaminants will migrate further away from the site
during this time, whereas loss of vegetation could result in more rapid spread of contaminants
down-gradient. Therefore, monitoring of site vegetation conditions and the site water balance
will be necessary at this and other UMTRACA sites over the next several decades.
The two dominant shrubs at the site are Sarcobatus vermiculatus (SAVE) and Atriplex
canescens (ATCA) (Chenopodiaceae), both of which extract water from the deep vadose zone as
well as the alluvial aquifer (McKeon et al., 2006; Jordan et al., 2009). Mixed SAVE and Atriplex
communities dominate much of the Great Basin region (Shreve, 1942). This site was heavily
grazed from 2000 to 2004, and less heavily grazed from 2005 to 2010, presenting a contrast in
grazing pressure over years. From 1999 to 2010 we conducted revegetation and grazing
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protection pilot projects to develop possible methods to enhance ET and therefore reduce
recharge of the contamination plume over the site.
The present study had two objectives: develop ground-calibrated satellite methods to
monitor LAI, fractional vegetation cover (fc) and ET over relevant spatial and temporal scales;
and to use these methods to evaluate the effects of ATCA and SAVE on the local water balance,
as affected by site remediation efforts.

1.3.Problems in applying remote sensing to arid zone vegetation studies
Routine monitoring of fc, LAI and ET in desert biomes presents several problems. Huete
et al. (1992) and Ray and Murray (1996) pointed out that due to the clumped nature of arid-zone
shrubs, shadow effects, and large areas of bare soil between shrubs, the relationship between
satellite-derived vegetation indices (VI) and biophysical properties of vegetation can be nonlinear. Williamson (1989) measured reflectances from shrubs growing over different soil types
in a sparsely vegetated area of South Australia and concluded that soil type significantly affected
reflectance values of mixed scenes, and that there was no single "soil line" reflectance which
could be used to normalize data to determine shrub cover (see also Pickup et al., 1993). White et
al. (2000) compared different ground methods for estimating fc and LAI at the arid Jornada
Long-Term Ecological Research site in the Chihuahuan Desert, and concluded that routine
monitoring of plant area index (leaves plus stems) and fc was feasible, but that green LAI was
more problematic. Further, they concluded there is no "one size fits all" monitoring and
validation strategy. Differences in canopy structure and soil properties require that the
appropriate variables to be measured and the measuring instruments must be site-specific.
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Salz et al. (1999) used Landsat 5 imagery to attempt to detect grazing effects at a hyperarid rangeland in Israel receiving 40-90 mm yr-1 precipitation. Ground measurements showed a
30% reduction in vegetation cover at grazed sites compared to un-grazed control sites, a
difference with ecological and management significance. However, the drop in actual vegetation
cover, from 15.8% in un-grazed plots to 11.2% in grazed plots, was too small to be detected by
the five VIs tested in the study. They concluded that satellite imagery cannot serve as a direct
index of plant cover in hyper-arid areas. Groeneveld et al. (2007) found that VI-based remote
sensing methods could accurately estimate desert phreatophyte ET at moderate or high rates, but
in sparse plant stands with low ET, Root Mean Square Errors were as high as 40% compared to
moisture flux tower data. This calls into question the feasibility of estimating ET by remote
sensing in sparse desert plant communities.
On the other hand, desert regions frequently offer cloud-free scenes with low levels of
atmospheric moisture or haze, increasing the opportunities to conduct change detection using
time-series imagery. For example, Smith et al. (1990) showed that TM imagery could predict
vegetation cover across different soil types and over different sampling dates in a study in the
Mojave Desert, and that remote sensing estimates could in some respects be more accurate than
ground survey methods. Peters and Eve (1995) found that even coarse-resolution satellite
imagery could be used to monitor vegetation growth patterns and response to rainfall in arid
regions. Hence, the value of remote sensing for monitoring vegetation and ET in sparse desert
settings is uncertain, and appears to be site-specific.
In previous studies at the Monument Valley UMTRACA site, extensive field work was
conducted to characterize fc and LAI over portions of the site (McKeon et al., 2005, 2006; Jordan
et al., 2008), and ET was measured on individual SAVE and ATCA plants using tissue-heat-
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balance sap flux sensors (Glenn et al., 2009). ET was then projected over the whole site based
on the Moderate Resolution Imaging Spectrometer (MODIS) Enhanced Vegetation Index (EVI)
(Glenn et al., 2008) using an algorithm modified from previous studies (Nagler et al., 2005). The
scaling procedure produced plausible values for ET and allowed a comparison of ET rates over a
ten-year period. However, remote sensing methods for fc and LAI were not fully developed.
In this study we used high-resolution Quickbird imagery to establish relationships
between fc and LAI measured on the ground with satellite panchromatic (black and white) and
NDVI imagery, respectively. This was possible because individual shrubs are visible on
Quickbird imagery for comparison with ground measurements. We then used Landsat 5 imagery
to project results over longer time scales, by inter-calibrating Quickbird and Landsat NDVI
values using common scenes on the images. Finally, we used the Enhanced Vegetation Index
(EVI) on the Moderate Resolution Imaging Spectrometer (MODIS) on the Terra satellite to
project annual cycles of ET over the site as affected by grazing pressure, precipitation and
remediation efforts, using algorithms developed previously to scale ground measurements of ET
by sap flux sensors to larger landscape units and longer time spans at the site. These results were
used to model ET as a function of precipitation and grazing pressure, and they were compared to
ET estimates from the new MODIS MOD16A2 ET product (Mu et al., 2011).
A particular objective of the study was to test the stability of VI values collected from the
same satellite at different dates, and to inter-calibrate VI values from the different satellite sensor
systems, because no single sensor system had the spatial and temporal resolution needed for site
monitoring.
The results show that it is feasible to monitor vegetation dynamics and ET of sparse
desert sites such as this one using multi-platform remote sensing methods, provided that they are
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calibrated with ground data. Furthermore, revegetation programs and control of grazing have the
potential to shift the site water balance from net recharge to net discharge in desert phreatophyte
communities.

2. Methods

2.1 Site history
The Monument Valley UMTRACA site occupies about 230 ha in Cane Valley, Arizona,
approximately 24 km south of Mexican Hat, UT (Figure 1) (U.S. Department of Energy, 1999).
It is a high desert environment (1200 m elevation) in the Colorado Plateau region of the Great
Basin Province of North America. The average annual precipitation from 2000 to 2010 was 152
mm yr-1, but variability was high, ranging from 78 mm yr-1 to 234 mm yr-1 (Figure 2). The site is
located on the Navajo Nation, which historically has been over-grazed by sheep and cattle
(Redsteer et al., 2010). The Navajo Nation experienced drought conditions from 1999-2010, and
sheep and cattle numbers declined annually during this period due to poor grazing conditions
(Redsteer et al., 2010). Navajo officials reported that 30,000 cattle perished from 2001-2002
(Redsteer et al., 2010).
Uranium mining at the site occurred from 1943 to 1968, and during that time the site was
one of the largest producers of uranium in the state of Arizona (U.S. Department of Energy,
1999). From 1964 to 1968 sulfuric acid (H2SO4) was used to leach uranium out of ore and
ammonium nitrate (NH4NO3) and calcium oxide (CaO) were used to precipitate uranium out of
solution as a solid oxide. Residual tailings and spent leaching solutions were placed on site in
several unlined piles. Past investigations suggest that these tailing piles and an evaporation pond
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were the source of the contamination (U.S. Department of Energy, 1999). In 1992, the U.S.
Department of Energy, in conjunction with the Navajo Nation, began removing the tailings. This
surface remediation initiative was completed in 1994. Since this time, several phytoremediation
studies have been performed to limit the transport of nitrate from the source area to the aquifer
and to remove water and nitrate from the plume using deep-rooting indigenous plants (McKeon
et al., 2005; McKeon et al., 2006; Jordon et al., 2008; Glenn et al., 2009). Laboratory microcosm
studies and on-site investigations were conducted showing that coupled nitrification and
denitrification are taking place in the source area and plume, reducing the concentrations of
ammonium and nitrate (Jordan et al., 2008; Carroll et al., 2009; Borden et al., 2011). However,
modeling studies show that these decay processes are slow and will take many decades to reduce
contaminants to acceptable levels (Carroll et al., 2009; Borden et al., 2011).
The subsurface at the site is comprised of well-sorted sand deposits interspersed with
finer silt and clay sediments. Generally, the alluvial deposits range from 1 to 35 m in thickness,
with the greatest depths found in the center of the valley. Depth to groundwater is approximately
8-20 m, with depth increasing with distance from the source area.

18

O and 2H isotope studies

show that ATCA and SAVE are extracting water from the vadose zone and aquifer and could
play a role in slowing the migration of contaminants from the source into the aquifer and
downgradient in the aquifer (McKeon et al., 2006; Jordan et al., 2008; Glenn et al., 2009).
Uptake of contaminants into plant tissues is one pathway for remediation, but the main pathway
is extraction of water from the source area and aquifer, controlling the site water balance through
ET.
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2.2 Areas of interest for vegetation monitoring at the site
The main natural and planted vegetation units are shown in Figure 3 and described in
detail in Table 1. Figure 3 is a 2010 Quickbird image with vegetation shown as false-color red.
Area 1 (Figure 3A) encompasses the entire site. The source area where the former tailings pile
and evaporation ponds were located was enclosed by a fence to keep out livestock in 1999 (blue
line in Figure 3A). The source area consists of 2-5 m of sand over limestone bedrock. The
bedrock layer slopes downward from the source area, and the contamination plume begins
approximately at the northern fence boundary. Areas 2 and 3 encompass natural stands of
ATCA and SAVE, respectively, growing over the contamination plume (Figure 3A). These
plants have been freely grazed throughout the study, but grazing pressure was markedly higher
from 2000 to 2005 than from 2006 to 2010 (authors' personal observations). In the earlier
period, large herds of sheep and cattle were let onto the land in early summer after plants greened
up, and they trampled the shrubs and removed most of the leaves from plants over the entire site
until they were moved to other pastures. The large herds have not been grazed on this land since
about 2004 (personal observations of authors and of Mr. Ben Stanley, resident on-site field
manager of the UMTRA site).
Figure 3B shows the revegetation pilot projects undertaken at the site. In 1999, a 1.7 ha
plot, designated the Old Field (Area 4), was established in the source area inside the fenced area
around the former tailings pile and evaporation ponds. This area was planted mainly with ATCA
shrubs with about 1% SAVE shrubs, on a 2 m x 2 m spacing and they have been drip irrigated
each growing season with 0.16 to 0.36 m-1 of water, presented from April to October (McKeon et
al., 2005; Jordan et al., 2008). This plot was established over hotspots of nitrate and ammoniuim
contamination for the purpose of stabilizing recharge of the aquifer through enhanced ET, and
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reducing nitrogen levels through uptake into plant tissues. Additional areas to the north, south
and west of the plot, and over the former evaporation ponds, were planted in 2006 based on
additional contaminant surveys, and these are designated New Fields North (Area 5), West (Area
7), South (Area 6) and Evaporation Pond (Area 8), respectively. They total 1.6 ha. They have
been drip irrigated since 2006 similar to Old Field.
Other chemicals left behind from ore milling activities have inhibited plant growth in
some of the planted areas (U.S. Department of Energy, 2007). This affects part of the Old Field
and accounts for the poor growth evident in New Fields South and West and in the Evapotration
Pond plot evident in Figure 3B .
Four small exclosure plots (50 m x 50 m fenced areas) were also established to determine
vegetation response to grazing exclusion (Figure 3B). Two of these, designated Native North
Exclosure (Area 11) and Native South Exclosure (Area 12), were established in 2005 around
natural stands of plants in the grazed area outside the source-area fence (Glenn et al., 2009). The
North Exclosure had mainly ATCA plants while the South Exclosure had a mixture of SAVE
and ATCA. Both plots had a variety of other plants including non-phreatophtic shrubs, forbs and
grasses. Two more exclosures, designated East Exclosure (Area 9) and West Exclosure (Area
10), were established in 2006 outside the fence in a portion of the site that had been cleared of
vegetation in the past and was mainly bare soil (U.S. Department of Energy 2006-2009). These
plots were planted with mainly ATCA shrubs on a 2 m x 2 m spacing and were drip irrigated
similar to the other plantings. In addition, an irrigated plot designated Pilot Farm (50 m x 100 m)
(Area 13) containing blocks of ATCA and SAVE were established within the fence and irrigated
with contaminated (high-nitrate) well water to see if contaminated water could be used as an
irrigation source. An additional area of interest in Figure 3B is a stand of volunteer ATCA plants
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that have developed inside the fence, designated Inside ATCA (Area 14), immediately adjacent
to the natural stand of dense SAVE plants to the north outside the fence (Area 3).

2.3 Ground surveys
Annual surveys of plant cover, LAI and standing biomass were conducted from 2000 –
2010 using methods described in McKeon et al. (2005, 2006) and Glenn et al. (2009). In this
paper, we distinguish between LAI of individual shrub canopies (designated LAI), and LAI
expressed on a ground area basis (designated GLAI), which is the product of LAI and fc to
account for the space between plants (Carlson and Ripley, 1997). Plants in irrigated plots were
scored for survival by walking each row in all plots at the end of each growing season. During
the same surveys, the height and canopy width in East-West and North-South directions were
measured for a random sample of several hundred plants in each plot. Plant stands inside and
outside North and South Exclosures were surveyed annually from 2006 – 2010 with a line
transect method. Twenty 5-m transects were randomly placed within each 50 m x 50 m
exclosure and equal-sized control areas surrounding each exclosure (Glenn et al., 2009). The
cover type directly under points at 10 cm intervals along each transect tape were recorded.
Plants were identified to species level, and non-vegetation classes were bare soil and plant litter.
Results were expressed as fc of each cover class.
LAI and ET were measured in 2006 and 2007 on ATCA and SAVE plants inside and
outside the ATCA and SAVE exclosure plots. Each year eight plants inside and outside each
exclosure were measured (total of 36 plants of each species over two years). ATCA plants were
measured at the ATCA-dominated North Exclosure and SAVE was measured at the South
Exclosure. Plant transpiration was measured by attaching tissue-heat-balance sap flow sensors to

158

leaf-bearing branches and measuring sap flow for 10 days in September, 2006 and 37 days in
July and August, 2007 (Glenn et al., 2009). Sap flow in units of g d-1 was scaled to units of mm
d-1 on a leaf area basis by harvesting all the leaves on each gauged branch. Specific leaf area
(SLA) (m2 leaf area per gram dry weight leaves) was determined for a subsample of several
hundred leaves of each species. Then dry weight of leaves per branch was multiplied by SLA to
determine leaf area per branch. LAI of shrubs was determined by collecting leaves from 0.25 m2
frames placed over sections of canopy on each gauged ATCA and SAVE plant each year. Dry
weight of leaves was multiplied by SLA to determine LAI (m2 leaves per m2 canopy). GLAI (m2
leaves per m2 ground area) was determined by multiplying LAI on a canopy basis by fc
determined in the transect studies.

2.4 Intercalibration of satellite images
Quickbird, Landsat 5 and Moderate Resolution Imaging Spectrometer (MODIS) images
were used for site monitoring. Multiband Quickbird images were obtained for July 12, 2007;
October 7, 2009; and July 30, 2010 from Digital Globe, Inc. (2007) or eMap International (2009,
2010). They were supplied as pan-sharpened panchromatic plus four-band multispectral (Blue,
Green, Red, NIR) Standard Imagery products with geometric and radiometric corrections.
Orthorectification was not needed due to the flat terrain at the site. Resolution is approximately
61-71 cm for the panchromatic image and 2.44-2.88 m for the multispectral bands.
Landsat 5 images (Path 36 Row 34) were obtained for June 7, 2000; July 7, 2005; June
27, 2007; and July 18, 2009 from the U.S. Geological Survey Earth Explorer website
(.http://edcsns17.cr.usgs.gov/NewEarthExplorer/). Images were supplied as Level 1T products,
which includes systematic radiometric correction and geometric accuracy by incorporating
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ground control points. MODIS Normalized Difference Vegetation Index (NDVI) and Enhanced
Vegetation Index (EVI) MOD13Q1 and ET products were obtained from the Oak Ridge National
Laboratory DAAC site (http://daac.ornl.gov/cgibin/MODIS/GLBVIZ_1_Glb/modis_subset_order_global_col5.pl), in the form of 16-day
composite images from 2000-2010 for EVI and 2000-2009 for ET.
Red and NIR bands on Quickbird and Landsat images were converted to at-satellite
reflectance values using header information and algorithms in Chander and Markham (2003) for
Landsat images and Krause (2005) for Quickbird images. Pixels were converted to NDVI values
by the formula:

NDVI = (ρNIR - ρRed)/(ρNIR + ρRed)

(1)

MODIS NDVI and EVI products are pre-processed to correct for atmospheric, sensor and sunangle effects and are calculated from at-surface reflectance values as described in Huete et al.
(2011). EVI is calculated from Red, Blue and NIR bands (Huete et al., 2011):

EVI = G(ρNIR - ρRed)/(ρNIR + C1 x ρRed + C2 x ρBlue + L)

(2)

where C1 and C2 are coefficients designed to correct for aerosol resistance, which uses the blue
band to correct for aerosol influences in the red band. C1 and C2 have been set at-6 and 7.5, while
G is a gain factor (set at 2.5) and L is a canopy background adjustment (set at 1.0) (Huete et al.,
2002). Pixel resolution is 250 m and each image is a composite of 3-5 cloud-free images during
each 16 day collection period. MODIS ET data was obtained in 8-day collection intervals from
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2000-2009 from the MOD16A2 ET product (1 km resolution), recently made available based on
algorithms by Mu et al. (2011).
In change-detection studies such as this one, it is necessary to separate differences in VI
values caused by actual changes in vegetation from variability due to different sensor properties
on different satellites, variances in sensor gain and sun angle effects for the same sensors on
different dates, and variances due to atmospheric and other effects that introduce noise and error
(e.g., Moran et al., 1992; Song et al., 2001; Schroeder et al., 2006). In cloud-free scenes in arid
environments, conversion of Landsat or Quickbird DN values to at-satellite reflectance values
can be sufficient (e.g., Salz et al., 1999), but this must be confirmed for each image and
corrections applied if necessary. The stability of NDVI values across Landsat images acquired at
different dates were assessed by comparing values for six cover classes identified on the 2000
Landsat image: dense forest; dense shrub-land; medium dense shrub-land; sparse shrub-land;
bare soil; and open water. Sample sites were chosen in apparently undisturbed locations across
the Landsat image area. Area of Interest (AOI) files were prepared in ERDAS for each cover
class on the 2000 image and overlain on the other Landsat images in the series and on
corresponding MODIS NDVI and EVI images to compare the stability of values across dates and
platforms. Each shape file covered 10-20 ha of apparently uniform cover except for the bare soil
area, which was only 1.6 ha, located over an area of unvegetated limestone outcropping at the
Monument Valley UMTRACA site.
The correspondence between Quickbird and Landsat NDVI values were assessed by
establishing 20 50 m x 50 m "study plots" representing a wide range of vegetation cover as AOI
files on the 2009 Quickbird image. The same AOI files were then overlain on the 2009 Landsat
image and the resulting NDVI values were compared with Quickbird values. In addition, AOI
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files developed for the different site locations in Table 1 were overlain on 2007 and 2009
Quickbird and Landsat images for comparison of NDVI values.

2.4 Estimating fc, LAI and GLAI from Quickbird images
Algorithms for estimating fc and GLAI were based on ground measurements made in
2007 and 2009 (Section 2.2) and on the corresponding Quickbird satellite images. NDVI values
are often used as surrogates for both fc and LAI (e.g., Carlson and Ripley, 1997). However, LAI
can differ markedly among canopies and is affected by phenological and other factors, even as fc
remains constant. We used the panchromatic (black and white) Quickbird images to develop a
method for determining fc of perennial shrubs independently of LAI. This was possible because
individual plant canopies can be distinguished on panchromatic images. In Glenn et al. (2009)
we used a four-class unsupervised classification program in ERDAS to sort pixels into classes
representing shrubs, two classes of non-shrub ground cover, or bare soil. In the present study we
simplified the sorting procedure into just two classes, which gave adequate separation of the
light-colored soil from dark-colored vegetation on the panchromatic images. The accuracy of the
classification system was tested by comparing classified-image estimates of groundcover with fc
measured inside and outside North and South Exclosures in 2007 and 2009.
To determine GLAI on multiband Quickbird images, NDVI values on 2007 Quickbird
images were regressed against ground measurements of LAI and GLAI made inside and outside
North and South livestock exclosures in 2007, with an additional bare soil site (a dirt road on the
site) selected to represent NDVI at zero LAI. The 16 individual shrubs of each species measured
for LAI by leaf harvesting could not be unequivocally matched to the same shrubs on the
Quickbird image. Therefore, 16 individual shrubs inside and outside each exclosure were
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selected for measurement of NDVI on Quickbirds, and regressed against LAI of the 16 randomly
chosen shrubs in ground measurements. GLAI of each exclosure was calculated as shrub LAI
times fc over each exclosure.

2.5 Estimation of ET with MODIS EVI and air temperature data
ET was estimated from MODIS EVI and maximum daily air temperature (Tmax) using a
modification of the algorithm developed by Nagler et al. (2005) for riparian phreatophytes in the
southwestern U.S. This algorithm was developed by correlating EVI and Tmax with ET measured
at nine eddy covariance and Bowen ratio flux tower sites over multiple years, and was further
tested against sap flux results in a cottonwood planting (Nagler et al., 2007). In a previous study
at the Monument Valley UMTRACA site (Glenn et al., 2009), the modified algorithm adequately
predicted ET as measured by sap flux sensors on ATCA and SAVE plants inside and outside the
Native North and South exclosure plots. EVI was first converted to scaled EVI (EVI*):

EVI* = 1-(0.542 – EVI)/(0.542 – 0.091)

(3)

where 0.542 and 0.091 represent EVI of a green, full canopy cover and 0.091 bare soil,
respectively, based on the data set used to develop the ET algorithm (Nagler et al., 2005). ET
was calculated as:

ET (mm d-1) = 11.5(1-e-1.63EVI*).882/(1+e-((Tmax-27.9)/2.57))

(4)

The expression containing EVI* is based on the formula for light extinction though a canopy
(Monteith and Unsworth 1990) and the Tmax term is in the form of a sigmoidal curve, with a
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minimum value below which ET is zero and a maximum value above which ET does not
continue to increase, and a middle portion where ET responds to the temperature:vapor pressure
deficit response curve. The numerical constants in Equation (5) were derived by fitting EVI*
and Tmax to ET measured at the flux towers. The algorithm in Nagler et al. (2005) also contained
a constant term to account for bare soil evaporation in riparian corridors; however, including the
constant produced values that were too high for this desert ecosystem with low precipitation and
predominantly dry soils, and it was omitted from the final equation for this site (Glenn et al.,
2008).
ET results were compared to the recently-available MODIS ET product developed by Mu
et al. (2011). This product uses the MODIS Albedo and FPAR, LAI and Land Cover Class
inputs to compute both potential ET and actual ET, as validated against eddy covariance flux
tower measurements of ET at the Fluxnet network of global flux towers.

2.6 Meteorological data and statistical analyses
Temperature and precipitation data were obtained from an automated, on-site
meteorological station from 2006-2010. For the period 2000-2005, temperature data were
obtained from the PRISM Climate Group website (PRISM 2011). Precipitation is temporally
and spatially variable in this region. Precipitation for period 2000-2005 was estimated by the
mean of PRISM interpolated data for the site coordinates, plus data from the two nearest
National Cooperative Data Center cooperative reporting stations at Mexican Hat, Utah and
Monument Valley, Arizona (http://www.ncdc.noaa.gov/oa/ncdc.html). Correlation, multiple
linear regression and analyses of variance (ANOVA) were carried out using Systat software
(Systat Software Inc., Richmond, CA).
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3. Results

3.1 Intercalibration of satellite images
NDVI of common features on Landsat images acquired on different dates are in Figure 4.
Forest pixels showed little variability among years, with a coefficient of variation (CV) of 1.6%.
The CV of bare soil pixels was 11.1%, and CVs of partially vegetated shrub areas ranged from
1.0% to 3.8%, and the mean CV across cover classes excluding water was 6.2%. Hence, natural
variability in foliage density in this biome, and variances among images due to atmospheric and
other effects, appear to be very low, making the task of determining human-induced changes
feasible. On the other hand, the CV for the water AOI (selected in Lake Powell, a deep water
reservoir) was 19.1%, and water pixels at different locations in Lake Powell within any one
image were also variable (data not shown). Turbidity and other factors can influence reflectance
values from water bodies, and water levels in Lake Powell have varied considerably from 2000
to the present (e.g., http://earthobservatory.nasa.gov/IOTD/view.php?id=51692).
Figure 5 compares reflectance-based NDVI values for 20 locations on 2009 Quickbird
and Landsat images, and for site AOIs from 2007 and 2009. The data points fell very close to
the 1:1 line over the range of values measured in the field and the coefficient of determination
(r2) was high (0.96). The results show that converting DN values to at-satellite reflectance values
was an effective means of inter-calibrating Landsat and Quickbird imagery across different
acquisition dates for this data set.
Individual images were not co-registered to each other, but for the areas of interest in this
study, ranging from 250 m2 to 250 ha in area, little apparent variability was introduced by
registration errors among images from different platforms or from the same platform acquired at
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different dates. AOIs prepared on one image accurately encompassed the same landscape feature
on other images in the series and across platforms, with a registration error of < 2 m on
Quickbird images, and < 16 m on Landsat images.
Figures 6A and 6B show the relationship between Landsat reflectance-based NDVI and
MODIS NDVI and EVI values, respectively. The Landsat:MODIS NDVI relationship showed
some scatter (r2 = 0.90), with most of the variability occurring in the MODIS values for different
dates, especially at higher values of NDVI. Furthermore, there was not a 1:1 correspondence
between values as expected for reflectance-based NDVI. The MODIS values are for single
pixels whereas Landsat values were means of 20 pixels, perhaps explaining differences in
variability. MODIS NDVI values are subjected to atmospheric correction and are composites of
3-5 images acquired on cloud-free days during each 16-day period, and they were consistently
higher than Landsat NDVI values. MODIS EVI had a non-linear relationship with Landsat
NDVI, as expected (Figure 6B). The non-linearity with NDVI is an important feature of EVI
(Huete et al., 2002; Huete et al., 2011). At higher vegetation densities, NDVI tends to saturate
sooner than EVI. Although the r2 for MODIS EVI on Landsat NDVI was higher than for
MODIS NDVI on Landsat NDVI, the CV of MODIS EVI and NDVI pixels at different dates
were similar (20.4% and 16.3%, respectively), much higher than Landsat CVs for the same dates
and AOIs.

3.1 Estimation of GLAI and fc by Quickbird images
Ground measurements of LAI and GLAI conducted by leaf-harvesting and transect
methods were accurately predicted by NDVI values (Figure 7A). The relationship was slightly
non-linear, as expected from other studies (e.g., Carlson and Ripley 1997). As LAI increases, an
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increasing proportion of leaves are partially hidden from the view of a downward looking sensor.
Error bars for ground measurements of LAI on individual plants were five times greater than
error bars for NDVI, indicating that much of the scatter in the relationship was due to the
difficulty of measuring LAI in the field (White et al. 2000; Nagler et al 2004)..
Fractional cover determined on two-class Quickbird images collected in July, 2007 and
2010 had a near 1:1 correspondence with percent cover determined by ground transect methods
(Figure 7B), but with considerable scatter in the data (r2 = 0.76). As with LAI, the ground
methods appeared to have more inherent error than the satellite estimates. The distribution of
vegetation is irregular, making it difficult to estimate accurately by linear ground sampling
methods, but remote sensing imagery captures the spatial variability and produces an accurate
integrated estimate of GLAI or fc over a given landscape area.

3.2 Vegetation conditions from 2007 to 2010 by Quickbird imagery
LAI and fc for areas of interest at the site determined in 2007 and 2010 are in Table 2.
The unprotected, natural stands of ATCA and SAVE increased slightly in fc from 2007 to 2010,
but LAI increased markedly, from 0.45-0.98 in 2007 to 2.15-2.71 in 2010. 2010 was the wettest
year in the eleven year study record, and the plants responded accordingly. Results for the whole
site were similar to the Outside ATCA area, which covered most of the site. The North and
South Exclosures, which contained plants protected from grazing since 2005, had higher fc and
LAI than grazed plant stands. By 2010 the mixed ATCA/SAVE South Exclosure had fc of 0.67
and LAI of 3.04, approaching a full-cover condition, while the ATCA-dominated North
Exclosure had fc of 0.35 and LAI 2.77, higher than the grazed ATCA areas. Some of the planted
and irrigated plots also had high fc and LAI, notably the East and West Exclosure plots, the Pilot

167

Farm, and the New Field North, all planted in 2006. On the other hand, the other irrigated plots
established in 2006 (New Fields South, West, and the Evaporation Pond plot) had low fc and LAI
in 2010. This was due to chemical contaminants left behind from the milling operation, which
inhibited plant growth (McKeon et al. 2005; Jordan et al. 2008). Two areas had high fc but
relatively low LAI: the irrigated and planted Old Field and the unirrigated, volunteer Inside
ATCA plant stand.
Note that some areas had very high fc values in 2009 that were not repeated in 2010 or
reflected in the LAI estimates. These included Outside SAVE, Old Field, New Field North,
livestock exclosures, Pilot Farm and Inside ATCA areas. The 2007 and 2010 images, collected
in July, preceded the summer monsoon rains, whereas the 2009 image was from October and
contained grasses and forbs germinated by summer rains, as well as senescent S. tragus plants,
which had reached full size, developed seeds and turned brown by the time the image was
acquired. These contributed to fc estimates but did not result in an increase in NDVI from which
LAI was estimated.
Pre-monsoon LAI and fc for the entries in Table 2 are plotted against each other in Figure
8. The relationship was significant (P < 0.05) but scattered (r2 = 0.50). This was explained by
the different growth histories within the vegetation units. The highest ratios of LAI to fc were in
two of the irrigated fields planted in 2006, the New Field North and the East Exclosure. These
plants were in a relatively early phase of growth and were not yet water limited. At the other end
of the spectrum, the Old Field irrigated plot was established in 1999, and consisted of large,
woody plants with low LAI. They had become water limited due to low irrigation rates. The
Inside ATCA stand was also established in 1999 when the source area was fenced to exclude
livestock. This area was not irrigated and the plants had outgrown their water supply
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(precipitation), and consisted of large woody plants with low LAI by 2010 (see false-color NIR
image in Figure 3B).

3.3 Effect of grazing exclosures on species composition
Quickbird imagery provided a spatially-accurate distribution of fc and LAI, but could not
be used to distinguish species-level changes. Tables 3 and 4 compare vegetation cover measured
in transect surveys in North and South livestock exclosures in 2007 and 2010. A three-way
ANOVA showed that fc differed significantly by year (P < 0.001) and by inside versus outside
exclosures (P = 0.031), but North and South Exclosures were only marginally different in fc (P =
0.010) by the transect measurements. Total vegetation cover over both exclosures increased
from 0.25 to 0.48 between 2007 and 2010, consistent with the 2010 Quickbird estimate of total
cover of 0.51 over North and South Exclosures. The cover of phreatophyte shrubs (ATCA +
SAVE) increased from 0.13 to 0.19 but the greatest increase was in forbs, which increased from
0.10 to 0.25 between 2007 and 2009. This increase was mainly due to an increase in Salsola
tragus (Russian thistle), an introduced winter annual plant. Winter rains in 2010 resulted in
prolific germination and growth of S. tragus, which accounted for much of the increase in LAI
observed on Quickbirds in that year. Both ATCA and SAVE increased between 2007 and 2010
and in 2010 they accounted for about half of the total vegetation cover. Two warm-season
grasses (Sporobolus spp.) not noted in 2007 were found inside the North Exclosure in 2010.

3.4 Vegetation changes 2000 – 2009 by Landsat imagery
Landsat was useful in tracking longer-term changes in site vegetation conditions. The
images showed a clear increase in vegetation intensity over the site from 2000 to 2009 (Figure
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9). Landsat NDVI and calculated LAI were uniformly low over all areas of the site in 2000.
This was expected due to observed heavy grazing and because the fence around the source area
and the Old Field had only been established in 1999, and the livestock exclosures had not yet
been built. From 2005 to 2009, NDVI and LAI increased markedly in the Old Field and in all
livestock exclosures. ATCA NDVI and LAI were the same in 2009 as in 2000, but SAVE
increased markedly, from an LAI of 1.3 in 2000 to 2.7 in 2009. The highest LAI was recorded in
the South Exclosure, which was dominated by SAVE. NDVI and LAI over the whole site did
not change greatly from 2000 to 2009, due to stable values over the ATCA area which
dominated most of the site area.

3.5 ET estimated by MODIS EVI and Tmax
MODIS EVI Estimated ET rates by MODIS imagery over three areas of the site are in
Figure 9. The area inside the fence showed a marked increase in ET after 2005 due to the growth
of the irrigated and volunteer plants. However, the Outside ATCA and Outside SAVE areas also
showed an increase in ET after 2005. This was attributed to reduced grazing compared to earlier
years. ET measured by sap flow sensors in 2006 and 2007 matched the rates predicted from
MODIS EVI and maximum daily temperature, within the margin of measurement error, which
was about 20% of the mean value. Figure 10 showed no clear relationship between ET and
precipitation on a monthly basis over the study period. This was also evident from a plot of
mean monthly values of ET and precipitation averaged over sites and years (Figure 11). ET
followed a regular seasonal pattern, low in winter and high in summer, whereas precipitation was
highest in late summer and winter, and was lowest in early and mid-summer when ET was
highest. This is a typical pattern for desert phreatophytes in the western U.S. (Lin et al. 1996).
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Annual totals of potential ET (ETo), estimated ET for areas of interest at the site, air
temperature, and precipitation are in Table 5. As is evident from Figure 10, ET increased during
the 2005-2010 period relative to the 2000-2004 period. Note that ET over the site was very high
in 2010, due to high precipitation and resulting high LAI revealed by Quickbird imagery (Table
2). This was especially notable for the plantings inside the source area fence and for the stand of
SAVE outside the fence. Note that over the whole site, ET was approximately equal to
precipitation from 2000-2004, but slightly higher than precipitation from 2005-2010, The
Outside SAVE stand, especially, had high ET compared to precipitation. Irrigation water applied
to 4 ha in the source area contributed an additional 60 mm yr-1 of water to the area represented
by the 4 MODIS pixels (24 ha) selected to represent the Inside Fence area; hence precipitation
plus irrigation (247 mm yr-1) approximately equaled ET (259 mm yr-1) for this part of the site.
We conducted correlation and regression analyses in which ET was the dependent
variable and Precipitation and Year No. (1-11) were independent variables (Table 6). Year No.
was used as a surrogate for grazing pressure, since grazing was not directly measured at the site.
Precipitation and Year No. were not correlated with each other ( r = 0.31, P = 0.354), justifying
their inclusion as independent variables. Inside Fence, SAVE and Whole Site areas were
significantly (P < 0.05) correlated with both Year No. and Precipitation. The relation between ET
and Year No. was only marginally significant (P = 0.078) for ATCA, but the correlation with
Precipitation was high (0.804). Multiple linear regression equations combining Precipitation and
Year No. as explanatory variables were significant for all site areas and explained from 62-80%
of variability in ET over years based on coefficients of determination (r2). Standard coefficients
denote the fraction of variance in the dependent variable (ET) that can be explained by each
independent variable; the standard coefficients for Precipitation and Year No. were
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approximately equal for Inside Fence, SAVE and Whole Site areas, but Year No. was less
important than Precipitation for the ATCA stands.

3.6 Comparison with the MODIS ET product
Remote sensing estimates of ET have inherent uncertainty due to lack of spatiallydistributed ground estimates for comparison (Glenn et al. 2007). Hence, it is useful to compare
estimates by different remote sensing methods to check for consistency. ET by the EVI
algorithm was compared to the new MODIS ET product (Mu et al., 2011), which is based on
several MODIS products including LAI, fPAR, albedo and land cover classification. The pixel
size of the MODIS ET product is 1 km x 1 km. A single pixel centered on the Monument Valley
UMTRACA site was acquired, and the MODIS ET product was compared to ET calculated for
the same 1 km2 area by the EVI algorithm for the period 2000-2009 (2010 data are not yet
available for the MODIS ET product). The mean ET from 2000-2009 was 196 mm yr-1
according to the MODIS ET product, compared to 154 mm yr-1 by the EVI algorithm, 21%
lower, and year-to-year values differed for the two estimates (Figure 12). The EVI estimate was
closer to the mean value for precipitation (154 mm yr-1) over the same time period than the
MODIS ET product, and the EVI estimate was also more closely correlated with precipitation (r
= 0.564, P = 0.089) than the MODIS ET product estimate (r = -0.152, P = 0.676).

4. Discussion
4.1 Feasibility of remote sensing monitoring of arid-zone vegetation dynamics
Coefficients of variation for top-of-atmosphere reflectance NDVI were low for Landsat
images at different acquisition dates for image areas ranging from bare soil to full canopy forests.
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Furthermore, Quickbird and Landsat NDVIs had a near 1:1 relationship with each other (r2 =
0.96). Hence, we conclude that multi-platform, time series NDVI images can be used to detect
vegetation changes in our study area greater than about 15% (i.e., twice the average variance) in
this biome. The results generally support a simulation study (Steven et al., 2003) showing that
VIs can be intercalibrated across different sensors systems with a precision of 1-2%. That study
used published spectral response curves (rather than actual imagery) to simulate reflectance
values for 15 different satellite sensor systems, and represents the ideal case. In our study,
MODIS NDVI and EVI had moderate scatter among dates at high VIs, and NDVI values were
higher for MODIS than Landsat. This could be due to variability among the MODIS images
chosen for compositing, use of a single pixel sample for MODIS images, the partially
indeterminate location of the pixel on different images, or possibly variability introduced in
image processing; it is worth further study to determine the causes of the scatter if MODIS VIs
are to be used in conjunction with other types of imagery in scaling studies.
In many change-detection studies, additional image corrections are recommended to
eliminate atmospheric scattering and haze effects among scenes (Song et al. 2001). Lacking
actual atmospheric data at the time of image acquisition, common methods of atmospheric
correction are dark body subtraction and other image-based correction methods based on pseudoinvariant scene elements (Shroeder et al. 2006). Deep, clear water reservoirs are often used as
dark body objects. However, the available deep water areas available in our imagery had
unstable NDVI values, indicating variance in Red and NIR ratios among scenes.
In desert locations with clear, low-humidity atmospheric conditions, image-based atmospheric
correction methods can introduce more error than is present in uncorrected images, especially in
the NIR and Red bands used to calculate NDVI, because the image features chosen to correct
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images are not necessarily spectrally invariant among images (Moran et al., 1992). Given the
high fidelity in NDVI values for terrestrial targets among different acquisition dates and between
Landsat and Quickbird, we chose not to conduct further image correction for this data set.
Once a valid correspondence between ground-measured LAI and Quickbird NDVI was
established, GLAI could be accurately projected over the study site using either Quickbird or
Landsat imagery. However, measuring LAI on the ground can be difficult, and optical devices
can produce variable results (White et al., 2000). Isolated shrubs violate the assumption built
into optical methods for LAI that the vegetation presents a continuous, uniform canopy over the
sensors. Optical measures of LAI of isolated shrubs or trees can be low by a factor of 2-3
compared to destructive sampling due to violation of this assumption (Nagler et al. 2004). At
this site Licor 2000 Leaf Area Index Meter readings were about 50% lower than leaf-harvest LAI
estimates (data not shown); therefore, we report leaf-harvesting results in this study. LAIs of
individual shrubs were then projected results to GLAI using an independent estimate of fc.
There was much greater variance in the ground LAI measurements than in NDVI of individual
shrubs, suggesting that the most serious errors in using remote sensing to estimate biophysical
variables can result from the ground measurements used for calibration or validation, as noted
also by Smith et al. (1990) and White et al. (2000).
Estimates of fc by panchromatic Quickbird imagery matched ground measurements for
images acquired before the summer monsoons. However, the October, 2009, Quickbird had high
apparent fc in some areas due to the growth of forbs and grasses stimulated by the summer rains.
In this biome, perennial vegetation conditions should be assessed in June or early July before the
arrival of the monsoons. Even in July, the annual forb S. tragus (germinated during winter)
accounted for up to a third of total fc in and out of the livestock exclosure plots. Furthermore, the
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relationship between fc and LAI was scattered, and it could not be assumed that NDVI could be
used as a surrogate for fc in this application. When ATCA stands inside the fenced area outgrew
their water supply they became partially senescent, and LAI decreased while fc remained high.
Similarly, grazing animals can remove leaves, reducing LAI, while the basic footprint area of the
shrub contributing to fc is retained. Therefore, remote sensing surveys that attempt to measure
the vegetation status of an arid shrub community should include separate methods for estimating
fc and NDVI if possible. NDVI can provide an integrated measured of combined fc and LAI but
cannot be used to independently estimate each one (Glenn et al. 2007).
ET estimated by the locally-calibrated algorithm in Equation (4) was more closely
correlated with the amount and patterns of precipitation at the site than was ET estimated by the
MODIS ET product based on Mu et al. (2011). Year-to-year variability was dampened in the
MODIS ET product compared to ET by the EVI algorithm or to precipitation. The MODIS ET
product apparently over-predicted ET by about 20% compared to the amount of annual
precipitation available to support ET. As with fc and LAI, the results emphasize the need for
local calibration of remote sensing algorithms to produce accurate results. We do not
recommend the use of Equation (4) as a universal method for arid-zone ET in the absence of
confirming ground data.

4.2 Effect of revegetation and grazing protection on vegetation and ET at the Monument Valley
UMTRACA site

Protection of vegetation from grazing had an obvious beneficial effect on LAI in the
exclosure plots. However, SAVE and ATCA plants responded differently. The South
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Exclosure, containing both SAVE and ATCA, reached fc 0.67 and LAI of 3.04 after five years of
protection, whereas the North Exclosure, containing only ATCA, reached lower fc and LAI.
Furthermore, the unprotected Outside SAVE area reached a fc of 0.41 and LAI of 2.71 by 2010,
compared to fc = 0.29 and LAI = 2.15 for Outside ATCA. Thus, while both plants responded
positively to reduced grazing pressure or complete protection from grazing, SAVE showed the
greater response. SAVE is considered to be an obligate phreatophyte, dependent on the
existence of a shallow aquifer for growth (Nichols 1994), whereas ATCA is considered to be a
facultative phreatophyte, capable of using both aquifer and vadose zone water (Sperry and Hacke
2002). In this study, the outside-fence ATCA stands had annual ET about equal to annual
precipitation over the study, and ET and precipitation were strongly correlated ( r = 0.804). By
contrast, SAVE ET exceeded precipitation (233 mm yr-1 and 166 mm yr-1, respectively from
2005-2010), and the correlation between ET and precipitation was lower (r = 0.69).
Differences between ATCA and SAVE were likely due to different physiological
adaptations to the desert environment (Sperry and Hacke 2002). Differences between species in
response to reduced grazing were also due to where they grow on the site. The aquifer under the
SAVE stands just outside the site fence was about 8-10 m deep, compared to > 20 m further out
in the ATCA zone (Jordan et al. 2008). Hence, ATCA appeared to be more precipitation-limited
and less able to access ground water than SAVE. This was supported by 18O and 2H data in a
previous study (McKeon et al. 2006) that showed that ATCA depended primarily on vadose zone
water whereas SAVE at the same location used primarily water from the capillary fringe above
the aquifer. However, both ATCA and SAVE were able to harvest the irregular year-to-year
precipitation patterns in this desert biome. Winter rains and snowmelt infiltrated rapidly into the
deep, sandy soil and supported latter spring and summer growth of ATCA and SAVE. Shallow-
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rooted forbs and grasses also contributed to annual productivity and ET, and the plant
community at the site apparently used nearly all of the annual precipitation.

4.3 Conclusions
Relaxation of grazing pressure, either from observed reduced herd size after 2004 or by
construction of livestock exclosures, had a marked positive effect on fc, LAI and ET at this site.
SAVE, in particular, was able to tip the local water balance from apparent recharge to discharge
when protected from grazing. At this and other desert UMTRACA sites, a long-term
management strategy under consideration is "monitored natural attenuation" (Ford et al. 2007).
Natural processes are underway in the soil and aquifer at the Monument Valley UMTRACA site
that could eventually reduce levels of nitrate and ammonium to acceptable levels from a risk
management perspective (Jordan et al. 2008; Carroll et al. 2010). In the meantime, monitoring
the vegetation status over the site can be used in combination with observation-well monitoring
and control of grazing to ensure that contaminants are contained within the present footprint of
the source and plume area. The present results show that much of the monitoring task can be
accomplished using ground-validated remote sensing methods.
It is important to assess why remote sensing was effective at this site but more
problematic at other sites. First, the site is relatively small and has a uniform, light-colored soil
over the area of interest. This reduces soil effects which can degrade the ability to determine
vegetation conditions. Second, the vegetation community is relatively simple, consisting mostly
of two dominant phreatophytic shrubs plus an annual forb (S. tragus). Thus, it was relatively
easy to interpret seasonal patterns of NDVI revealed by remote sensing in terms of species-level
responses to grazing and precipitation. Third, although this is a desert environment, plant cover
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and LAI were relatively high compared to hyperarid sites where remote sensing has been
ineffective for monitoring grazing effects (e.g., Salz et al., 1999). Fourth, errors and
uncertainties in studies such as these are often attributable to inadequate ground data rather than
to the remote sensing component (Smith et al. 1990; White et al. 2000). In this study we had
multiple years of ground data that included manipulative experiments using livestock exclosures
and supplemental irrigation, to compare with remote sensing data. The availability of highresolution Quickbird imagery, on which individual shrubs were visible, was essential for
determining independent estimates of fc and LAI, and for projecting GLAI to larger landscape
units and longer time scales using Landsat imagery. This study supports other studies (e.g.
White et al. 2000) showing that the utility of remote sensing for monitoring arid lands is site
specific and highly dependent on the quality of ground data available for calibration and
validation.
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Table 1. Areas of interest at the Monument Valley UMTRACA site (see also Figure 3).
Area
No.
1

Name

Description/Comments

Whole Site

2
3

Outside ATCA
Outside SAVE

4
5

13

Old Field
New Field
North
New Field
South
New Field
West
Evaporation
Pond
East and West
Exclosures
North
Exclosure
South
Exclosure
Pilot Farm

14

Inside ATCA

Contaminated area of about 230 ha including the source are (inside a
fence indicated by the blue line), and the extent of the contamination
plume moving away from the site in the shallow alluvial aquifer.
Area over the plume vegetated with sparse Atriplex canescens shrubs.
Area over the plume vegetated with a denser growth of Sarcobatus
vermiculatus shrubs.
Irrigated planting of ATCA established in 1999.
Irrigated planting of ATCA established in 2006. Note good growth of
plants.
Irrigated planting of ATCA established in 2006. Note that plants did
not grow well due to chemical contamination of the soil.
Irrigated planting of ATCA established in 2006. Note that plants did
not grow well due to chemical contamination of the soil.
Irrigated planting of ATCA established in 2006. Note that plants did
not grow well due to chemical contamination of the soil.
Fenced livestock exclosures established in 2006 on a formerly bare
area, planted with irrigated ATCA
Fenced livestock exclosure established in 2005 around a natural stand
of sparse ATCA
Fenced livestock exclosure established in 2006 around a natural stand
of mixed SAVE and ATCA
An irrigated planting of ATCA and SAVE established in 2006. The
red scares are ATCA and the bare areas are where SAVE was planted
but failed to grow virgorously
A volunteer, unirrigated stand of ATCA that established after the
source area fence was constructed in 1999

6
7
8
9, 10
11
12
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Table 2. NDVI, percent vegetation cover and leaf area index for areas of interest at the
Monument Valley UMTRA site based on analysis of a July 10, 2010 Quickbird satellite image.

Site No.
1
2
3
4
5
6
7
8
9
10
11
12
13
14

Description
Whole Site
Outside ATCA
Outside SAVE
Old Field
New Field North
New Field South
New Field West
New Field EP
Exclosure West
Exclosure East
Exclosure North
Exclosure South
Pilot Farm
Inside ATCA

fc
0.291
0.284
0.347
0.447
0.408
0.033
0.009
0.025
0.059
0.160
0.262
0.422
0.053
0.643

LAI
0.70
0.45
0.98
1.45
0.88
0.29
0.00
0.66
0.50
0.76
0.68
1.92
0.33
4.35

fc
0.145
0.080
0.572
0.705
0.897
0.146
0.016
0.259
0.770
0.617
0.610
0.869
0.582
0.884

LAI
0.51
0.40
1.13
1.39
3.48
1.03
0.20
0.68
1.50
1.39
0.93
2.22
1.77
2.84

fc
0.312
0.290
0.409
0.514
0.601
0.311
0.041
0.278
0.763
0.480
0.353
0.669
0.314
0.708

LAI
2.06
2.15
2.71
1.26
3.98
1.92
0.68
1.21
2.93
3.73
2.77
3.04
3.20
1.37
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Table 3. Cover (%) of vegetation, soil and litter inside and outside North and South Exclsoure
Plots, September, 2007.

Cover Type 2007

South
Inside
Atriplex canescens
16.3
Sarcobatus vermiculatus
10.4
Atriplex confertifolia
0.6
Total preatophyte shrubs
27.3
Ephedra torreyana
Ephedra viridis
Gutterrezia sarothrae
0.3
Pollomintha incana
Vanclevea stylosa
Yucca angustifolia
Total non-phreatophyte shrubs 0.3
Ambrosia acanthicarpa
Chamaesyce revolute
Descurainia sophia
1.6
Machaeranthera sp.
Mentzelia multiflora
0.1
Salsola tragus
9.2
Suaeda torreyana
Total forbs
10.9
Plant litter
15.6
Bare ground
45.9
Total vegetative cover
38.5

South
Outside
1.6
4.1
0.8
6.5
0.9
0.9
2.8
0.1
6.6
2.3
11.8
12.1
68.7
19.2

North
Inside
10.6
10.6
1.3
0.2
0.7
0.3
2.5
0.9
0.5
3.4
0.1
0.2
3.6
8.7
15.2
63.1
21.7

North
Outside
8.9
8.9
0.4
2.1
0.6
3.1
2.2
.2
5.7
8.1
12.8
67.0
20.2
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Table 4. Cover (%) of vegetation, soil and litter inside and outside North and South Exclsoures,
September, 2010.

Cover Type 2010

South
Inside
Atriplex canescens
15.8
Sarcobatus vermiculatus
16.0
Atriplex confertifolia
0.2
Total preatophyte shrubs
32.0
Gutterrezia sarothrae
Pollomintha incana
Vanclevea stylosa
Total non-phreatophyte shrubs 0.0
Ambrosia acanthicarpa
Bassia scoparia
Chamaesyce revolute
Descurainia sophia
Grindelia squarrosa
Mentzelia multiflora
Salsola tragus
32.3
Sphaeraicea coccinea
Suaeda moquinii
1.4
Total forbs
33.7
Sporobolus contractus
Sporobolus cryptandrus
Total grasses
Plant litter
5.4
Bare ground
28.8
Total vegetative cover
65.7

South
Outside
6.5
5.4
0.4
12.3
0.2
0.2
1.4
0.2
0.1
24.5
1.0
26.2
4.7
55.8
38.7

North
Inside
15.7
15.7
0.5
2.2
2.7
1.8
1.5
0.1
0.6
0.2
17.4
0.2
24.2
0.1
1.3
1.4
8.2
48.1
42.6

North
Outside
15.1
15.1
0.9
1.7
2.6
2.6
0.3
0.1
0.1
22.8
26.4
0.2
0.2
5.4
50.3
44.1
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Table 5. Potential evapotranspiration (ETo), precipitation, and ET estimated by MODIS satellite
imagery for areas at the Monument Valley UMTRA site. Means and standard errors (SE) are
shown for 2000-2004 and 2005-2010.
------------------------------------- mm year-1 ----------------------------------------------Year

ETo

2000
2001
2002
2003
2004
Mean (SE)
2005
2006
2007
2008
2009
2010
Mean (SE)

1573
1499
1482
1508
1461
1504 (19)
1463
1452
1465
1421
1432
1419
1442 (8)

Precipitation Inside
Fence
144 (29)
189
142 (39)
145
148 (8)
103
112 (27)
183
151 (42)
185
139 (7)
161 (17)
217 (37)
282
78 (39)
206
167
306
193
259
107
193
234
310
166 (25)
259 (20)

Outside
SAVE
146
149
99
191
159
148 (15)
220
157
235
248
184
356
233 (28)

Outside
ATCA
123
122
99
147
129
124 (8)
196
110
199
160
114
242
170 (21)

Whole
Site
144
136
90
169
146
137 (13)
195
143
200
162
150
268
186 (19)
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Table 6. Correlation and regression of ET at the Monument Valley UMTRACA site with annual
precipitation and year number for the period 2000-2010. Areas of interest included the protected
area inside the site fence; the unprotected SAVE area outside the fence; the sparse ATCA area
outside the fence; and the whole site. Correlation coefficients (r) were determined separately for
Precipitation and Year then the two factors were combined in multiple linear regression analyses.

Precipitation
Year No.
Precipitation +
Year
Std. Coefficients
Rain
Year

Inside Fence
r = 0.63, P =
0.039
r = 0.69, P =
0.018
r2 = 0.67, P =
0.012

SAVE
r = 0.69, P =
0.019
r = 0.75, P =
0.007
r2 = 0.798, P =
0.002

ATCA
r = 0.804, P =
0.003
r = 0.553, P =
0.078
r2 = 0.748 P =
0.004

Whole Site
r = 0.641, P =
0.034
r = 0.630, P =
0.038
r2 = 0.62, P =
0.022

0.457
0.552

0.505
0.597

0.700
0.336

0.492
0.478
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!
Figure 1. Locator map for the Monument Valley UMTRACA site.
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Figure 2. Estimated annual precipitation, 2000-2010, at the Monument Valley UMTRACA site.
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Figure 3. Areas of interest at the
Monument Valley UMTRA site. Top
panels shows: (1) the whole site; (2)
the sparse ATCA zone over the
contamination plume; and (3) a
denser SAVE zone over a smaller
portion of the plume; the blue line
shows the location of the fence line
around the source area. Bottom panel
shows irrigated plots, designated as
(4) the Old Field; New North (5),
South (6), West (7), and Evaporation
Pond Fields (8); and West (9) and
East (10) livestock exclosures;
unirrigated exclosures in natural
stands of ATCA (11) and SAVE (12);
the irrigated Pilot Farm (13); and a
volunteer stand of ATCA (14) inside
the source area fence.
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Figure 4. NDVI values for different land cover classes on Landsat 5 images Path 36 Row 34
collected in 2000, 2005, 2007 and 2009.
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Figure 5. Correspondence between Quickbird and Landsat 5 NDVI values in 2007 and 2009 at
the Monument Valley UMTRACA site. Sample sites included 20 50 m x 50 m study plots
chosen to represent a range of vegetation densities, and areas of interest (AOIs) denoting
vegetation units in Figure 3 and Table 1.
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Figure 6. Correspondence between MODIS NDVI and Landsat NDVI (A) and MODIS EVI and
Landsat NDVI (B) for different landcover classes determined in 2000, 2005, 2007 and 2009.
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Figure 7. (A) Regression of leaf area index (LAI) measured inside and outside livestock
exclosure plots at the Monument Valley UMTRACA site in 2007 and (B) regression of fractional
ground cover measured by ground trasect methods and Quickbird classified panchromatic
imagery inside and outside livestock exclosures in 2007 (open squares) and 2010 (closed
squares).
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Figure 8. Regression of leaf area index (LAI) and fractional vegetation cover (fc) determined on
Quickbird images for 2007 and 2010 at the Monument Valley UMTRACA site.
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Figure 9. (A) Landsat NDVI values for vegetation units at the Monument Valley UMTRACA
site in 2000, 2005, 2007 and 2009; and (B) leaf area index (LAI) values calculated from NDVI
values.
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Figure 10. Evapotranspiration (ET) estimated by MODIS EVI and air temperature at the
Monument Valley UMTRACA site for (A) the area inside the source area fence; (B) the sparse
ATCA zone outside the fence; and (C) the denser SAVE zone outside the fence. Blue symbols
show ET and standard errors measured by sap flux sensors in 2006 and 2007. Red line shows
precipitation.
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Abstract
Dryland river basins frequently support both irrigated agriculture and riparian vegetation
and remote sensing methods are needed to monitor water use by both crops and natural
vegetation in irrigation districts. We developed an algorithm for estimating actual
evapotranspiration (ETa) based on the Enhanced Vegetation Index (EVI) from the Moderate
Resolution Imaging Spectrometer (MODIS) sensor on the EOS-1 Terra satellite and locallyderived measurements of reference crop ET (ETo). The algorithm was calibrated with five years
of ETa data from three eddy covariance flux towers set in riparian plant associations on the upper
San Pedro River, Arizona, supplemented with ETa data for alfalfa and cotton from the literature.
The algorithm was based on an equation of the form ETa = ETo [a(1 − e−bEVI) − c], where the
term (1 − e−bEVI) is derived from the Beer-Lambert Law to express light absorption by a canopy,
with EVI replacing leaf area index as an estimate of the density of light-absorbing units. The
resulting algorithm capably predicted ETa across riparian plants and crops (r2 = 0.73). It was
then tested against water balance data for five irrigation districts and flux tower data for two
riparian zones for which season-long or multi-year ETa data were available. Predictions were
within 10% of measured results in each case, with a non-significant (P = 0.89) difference
between mean measured and modeled ETa of 5.4% over all validation sites. Validation and
calibration data sets were combined to present a final predictive equation for application across
crops and riparian plant associations for monitoring individual irrigation districts or for
conducting global water use assessments of mixed agricultural and riparian biomes.
Keywords: remote sensing; leaf area index; water balance; alfalfa; saltcedar; common reed;
mesquite
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1. Introduction
1.1. Need for Evapotranspiration Estimates for River Basin Irrigation Districts
Dryland (arid and semi-arid) agricultural districts are frequently located in riparian
floodplains, using water diverted from the river for irrigation of crops. In these districts, crops
and natural riparian vegetation often must co-exist on limited water supplies [1]. Riparian
corridors provide habitat for fish, mammals and resident and migratory birds, while agriculture is
the primary source of income for surrounding communities. Resource managers need accurate
estimates of water requirements of both crops and riparian vegetation to construct district water
budgets and apportion water. Globally, crop water budgets require robust algorithms that are
calibrated for specific agricultural systems [2]. Irrigated lands account for about 18% of total
cropland area but 40% of global food production. They also consume 60–90% of all water
diverted for human purposes. Hence, the main goal of this study was to test the feasibility of
developing a remote sensing algorithm for mixed riparian and crop systems in dryland irrigation
districts that can be applied on a global basis.
1.2. Methods to Determine Crop Water Budgets
Several methods exist to estimate consumptive water use by crops. Often, diversions and
drainages (return flows) are gauged to estimate each term [3]. Crop consumptive use (i.e., ETa)
can then be estimated as a residual in a water balance equation. Another widely used approach is
to census the planted fields within a district and to estimate consumptive use by applying a crop
coefficient approach to the fields where:
ETa=KcETo (1)
where ETa is actual evapotranspiration, Kc is a crop coefficient and ETo is reference crop
evapotranspiration estimated from meteorological data [3]. Kc is derived from experimental data
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for each crop and relates ETa to local meteorological conditions through ETo. An example of this
approach is the Lower Colorado River Accounting System [4]. In well-monitored irrigation
districts, ETo is calculated with data from local micrometeorological stations based on wind
speed, relative humidity, temperature and net radiation data according to the FAO-56
formulation of the Penman-Monteith equation [5].
Water balance approaches can provide accurate data for closed basins over long time
spans (typically annually or longer) over which changes in surface and groundwater storage are
negligible compared to inflows and outflows. However, these conditions are not always met, and
water balances are problematic over short time periods or for individual fields. Crop coefficient
methods tend to overestimate crop consumptive use because they are typically derived for crops
grown under optimal conditions in lysimeters, whereas actual field crops can have uneven stands
and are subject to nutrient limitations and periodic water stress between irrigations. Also, neither
of these approaches is easily adapted to riparian vegetation, for which crop coefficients might be
variable or unknown.

1.3. Remote Sensing Methods for Estimating ETa
In response to these limitations, numerous methods have been developed to estimate ETa
through remote sensing with satellite imagery [6,7]. These methods fall into two broad categories.
Surface energy balance (SEB) methods use data from thermal infrared (TIR) satellite bands to
estimate sensible heat flux, then calculate latent heat flux (ETa) as a residual in the SEB equation.
By contrast, vegetation index (VI) methods, used in the present study, combine estimates of
green foliage density with meteorological data to estimate evaporation from transpiring
vegetation (Eveg). VI-ETo methods [8–10] substitute a VI for Kc in Equation (1) then calculate
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ETa based on locally-measured ETo:
Eveg=aEToVIn

(2)

where a is a coefficient determined by regressing measured Eveg against a VI and n is an
exponent relating Eveg to VI [11]. Sometimes Equation (2) is assumed to be a linear function, in
which case n = 1. In some cases, as in the present study, the calibrating data come from
measurements of ETa (e.g., from lysimeters or micrometeorological flux towers), in which case
Equation (2) estimates ETa rather than Eveg.
Both SEB and VI methods have been reviewed recently, and their strengths and
weaknesses compared [10,12,13]. Gonzalez-Dugo et al. [14] found similar levels of accuracy for
SEB and VI-ETo methods compared to eddy covariance data in a mixed-crop, agricultural
district in Iowa, subsequently adapting the later method to water-use monitoring in an irrigation
district in Spain [15]. In this study, we tested the feasibility of developing a generalized VI-ETo
algorithm that could be used to estimate ETa of arid-zone irrigation districts, including both crops
and riparian vegetation. If successful, this algorithm could be used to characterize water use
efficiency and crop and environmental water needs in this type of agricultural biome, as part of
an overall strategy to assess global croplands water use [2].

1.4. Applicability of VI-ETo Methods to Dryland Irrigation Districts
The two main limitations of VI-ETo methods are: (1) they do not account for direct
evaporation from flooded fields or from soil and canopies following rains; and (2) they do not
account for short-term (periods of hours to several days) stress effects on plants [6,13]. These
problems tend to be minimized in dryland irrigation districts where rainfall is infrequent and 80–
90% of applied water is consumed in Eveg, see [5]. Stress of crops is minimized due to the
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provision of irrigation water, and riparian plants are mainly phreatophytes that have a more-orless constant water supply from the shallow aquifer under the riparian floodplain [16] (also see
[17,18]). Furthermore, an estimate of soil evaporation can be obtained separately with the twosource model for estimating ETa, which uses drying curves based on soil type to derive
evaporation rates following an irrigation or rain event [19]. In districts with significant periods of
wet soil due to rain or high-frequency irrigation (e.g., by overhead spray booms), the two-source
model can be used [19]. However, in flood-and-furrow irrigated arid irrigation districts, the
single-source model, which lumps evaporation and transpiration together in a single Kc, often
performs nearly as well as the two-source model [3]. Moisture or nutrient stress can result in
short-term decreases in stomatal conductance (GS), but in the longer term, plants tend to reduce
leaf area index (LAI) to match the capacity of the environment to support photosynthesis [20].
Hence, over a crop cycle, stress results in a reduction in LAI which can be detected as a decrease
in VI.

1.5. VI-ETo Methods Applied to Crops
Numerous studies have documented a strong correlation between VIs and crop ETa [10].
For example, the VI-ETo concept was tested for a number of crops in California’s Central Valley
[21] and forms the basis of a prototype satellite irrigation management support system developed
to predict real-time crop water demand in California irrigation districts [22]. Similarly, a recent
set of experiments in Spain’s Guadalquivir basin irrigation district found an acceptable level of
accuracy between ETa measured by eddy covariance flux towers and VI-ETo estimates of ETa for
four test crops [14]. The authors concluded the VI-ETo method produced valid and robust
estimates of ETa and they, too, developed an operational irrigation management program for
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farmers in the district based on spatially distributed ETa estimates from Landsat imagery [15].
Both methods had errors under 10% when compared to ground estimates of ETa. However,
different algorithms were proposed for each irrigation district and no single VI-ETo method has
yet been applied across a wide range of irrigation districts. Furthermore, riparian vegetation has
not been included in estimates of irrigation district ETa. These methods can supplement more
conventional water balance methods applied to irrigation districts in which not all the terms are
adequately measured [23,24].

1.6. VI Methods Applied to Riparian Vegetation
Several studies have shown that riparian vegetation is also amendable to VI-ETo or other
VI methods for estimation of ETa. Surface soils are typically dry for most of the year, so direct
evaporation of water is low. Nagler et al. [25] developed an algorithm for riparian ETa based on
the Enhanced Vegetation Index (EVI) from the Moderate Resolution Imaging Spectrometer
(MODIS) sensor on the Terra satellite that adequately predicted (r2 = 0.74) ETa measured at
eight moisture flux towers on three different river systems and over five different plant
associations ranging from grasses to shrubs and trees. Scott et al. [26] found that this algorithm
reproduced water balance estimates of ETa on the upper San Pedro River, Arizona, within 10%.
Groeneveld et al. [16] found that a single summer Landsat Normalized Difference Vegetation
Index (NDVI) image could be used to predict annual ETa measured at moisture flux towers for a
variety of riparian and desert phreatophyte sites in the western US with r2 = 0.95.
Riparian plant communities are subject to environmental factors that can reduce ETa below ETo.
ETa typically decreases with increasing depth to groundwater below about 2 m [27]. Depth to
groundwater frequently increases over the summer as water is withdrawn to support ETa, hence
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ETa/ETo might not be constant over a growing season [28]. Furthermore, salts can accumulate in
soils and aquifers, further limiting ETa [29]. Finally, soil hydraulic properties can constrain ETa
by limiting the rate at which the capillary fringe from which phreatophytes extract water can be
replenished during the day [30]. Nagler et al. [17,18], working at salinized sites on the Lower
Colorado River, found that mean ETa across sites could be predicted by VI-ETo methods with a
standard error of about 20% across sites, but that ETa at any given site could vary much more
due to differences in aquifer and soil properties among sites.

1.7. Experimental Approach
Our overall goal was to develop a robust algorithm that could be used to estimate annual
rates of water consumption by crops and riparian vegetation over entire irrigation districts. Our
intention is to apply this algorithm, if successful, to assessing water use efficiency and pinpointing opportunities for water savings in global irrigation districts [2]. However, ground data
for ETa is often available only as short-term estimates over limited spatial areas. Furthermore,
we wanted to develop an algorithm that could be applied over mixed vegetation districts, with
crops and riparian plants of different roughness lengths and other biophysical properties. In this
study, we developed an algorithm for ETa of mixed crop and riparian areas based on ETo and the
EVI from the MODIS sensor on the NASA Terra satellite. MODIS images are acquired neardaily with 250 m resolution, hence are able to closely track the phenology of crops and riparian
plants over a growing season. The algorithm was calibrated with eddy covariance flux tower data
for riparian plant communities on the San Pedro River, Arizona, supplemented with data from
cotton and alfalfa fields in southwestern irrigation districts. The algorithm was then tested
against season-long results from seven irrigation districts or riparian zones in dryland areas in the
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US, Spain and Australia, determined by water balance or flux tower measurements as reported in
the literature. We used seasonal or longer data sets for validation because the purpose of the
algorithm is to predict season-long ETa, not just to reproduce short-term data as in the calibration
set. Examples of the calibration and validation sites are shown in Figure 1.

2. Materials and Methods
2.1. Form of the Algorithm for ETa
The algorithm for ETa took the form used by Nagler et al. [25] and Guerschman et al.
[31]:
ETa = ETo[a(1 − e(−bEVI)) − c]

(3)

where a, b and c are fitting coefficients and (1 − e(−bEVI)) is derived from the Beer-Lambert Law
modified to predict absorption of light by a canopy [32]. As formulated for plant canopies, LAI
normally replaces N in the Beer-Lambert equation as an estimate of density of light absorbing
particles, and in our application EVI replaces LAI, assuming a linear relationship between EVI
and LAI over LAI values from 0 to ca. 4 as demonstrated in [17,33]. The coefficient c accounts
for the fact that EVI is not zero at zero ETa since bare soil has a low but positive EVI. Note that
we are predicting ETa rather than Eveg with this equation because all our ground data sources for
ETa included both Eveg and direct evaporation from soils. Ground data for ETa were used to
determine the coefficients a, b and c by regression analyses.

2.2. Moisture Flux Tower Data
Riparian ETa data came from three eddy covariance moisture flux towers set in different
plant communities on the upper San Pedro River, Arizona. The Charleston Mesquite (CM) tower
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(Figure 1A) was in a dense, mesquite woodland; the Lewis Springs Mesquite (LSM) tower was
in a less-dense mesquite shrubland site; and the Lewis Spring Sacaton (LSS) tower was in a big
sacaton grass (Sporobolus wrightii) site. Site details and procedures for measuring ETa and
meteorological variables have been described in several previous publications listed below.
Scott et al. [34] described the woodland site in detail and documented the water and carbon
dioxide fluxes measured in 2001 and 2002. Scott et al. [35] compared all three sites for water and
carbon dioxide measurements made in 2003. This study includes these previously reported 2003
measurements plus an additional four years of data from each of these sites collected in 2004–
2007. Scott et al. [34,35] gave details about the eddy covariance instrumentation and methods.
Studies incorporating eddy covariance instrumentation commonly use the standard energy
balance closure method to evaluate the accuracy and efficacy of their measurements [36]. The
average daily closure ratio ([lE+H]/[Rn_G]) for the sites used in this study ranged annually from
0.89 to 0.92 for the woodland, 0.81 to 0.83 for the shrubland, and 0.76 to 0.78 for the grassland.
These values are consistent with numerous other studies [36]. For our analysis we chose to
follow Twine et al. [37] who suggested that forcing closure was justified when available energy
was known and errors in its measurement modest. Consequently, we scaled our latent and
sensible heat fluxes to force daily closure while conserving the measured Bowen ratio. We
computed ETo as the evaporation, which would occur from a short, well-watered grass with a
fixed-height of 0.12 m following the FAO-56 method [5].

2.3. ETa and ETo of Selected Crops
The riparian vegetation in this study only covered the low end of possible ETa values
based on ETo. The mesquite and grass plots in this study were not fully vegetated, with bare soil
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or sparse vegetation occurring between trees, and LAI tended to be lower than for agricultural
crops. For example, typical woodland riparian zones on three river systems had ETa of only 40%
of ETo [25]. We included literature values for alfalfa and cotton crops to cover the higher end of
ETa values. One source of alfalfa ETa data was from Bowen ratio flux tower measurements made
in a commercial, flood- irrigated, 30.1 ha alfalfa field in the Palo Verde Irrigation District
(PVID) on the Lower Colorado River in 2007–2008 (Figure 1B) [38]. Alfalfa exhibited a sawtoothed pattern of ETa as it was cut approximately every 30 days in summer in the PVID. A
single MODIS EVI pixel selected over the tower location was acquired for 16-day collection
periods matched to ETa peaks in 2007 and 2008 (3 peaks per year). ETo was obtained from the
Parker, AZ AZMET station in the same irrigation district [39].
A second source of alfalfa ETa data was from the Imperial Irrigation District (IID) in California,
using ETa data collected at five commercial alfalfa farms over three years (2006–2008). ETa was
measured by eddy covariance towers as reported in Hanson et al. [40]. ETo data was from the
California Irrigation Management System (CIMIS) [41]. MODIS EVI pixels were acquired for
the period 2006–2008, and mean annual ETa across sites was correlated with mean annual EVI
across sites. The exact location of the commercial fields was not given in [40] so we chose five
fields identified as alfalfa fields by having year-round high EVI exhibiting the characteristic
sawtooth patterns due to cutting. Hence, the fields we chose were not necessarily the same fields
where flux towers were located but both data sets represented commercial fields within the IID.
Cotton ETa values were obtained from the USDA-ARS Conservation & Production Research
Laboratory, Bushland, Texas [42]. ETa data were collected in a 10 ha field planted to cotton in
2008 as part of an experiment to compare lysimeter ETa values with those collected by neutron
hydroprobe soil water balance and eddy covariance flux towers (Figure 1C). Two precision
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weighing lysimeters (9 m2 each) in the field were surrounded by cotton planted at the same
density and irrigated at the same frequency as the lysimeter crops. We obtained the MODIS EVI
pixel centered on the middle of the field for the dates of maximum ETa and LAI (DOY 219-247)
using neutron probe results as they were distributed over the whole field. ETo data was from an
on-site micrometeorological station and was calculated by the FAO-56 method [5].

2.4. Sources of Validation Data
We tested the ETa algorithm against annual data collected for five dryland irrigation
districts and two riparian areas based on independent estimates of ETa not included in the
calibration data sets (Table 1). Crop ETa estimates were based on water balance estimates over
one or more growing seasons, in which ETa was reported as a residual of inflows minus outflows.
Taghvaeian and Neale [43] constructed a water balance for the PVID for 2008 (Figure 1D), using
gauged inflow and outflows and estimates of canal losses and seepage generated by the irrigation
district. Cultivation is year-round and the main crops are alfalfa, cotton, small grains and winter
vegetables. Their estimate for ETa was 1,268 mm·yr−1. We obtained MODIS EVI pixels for the
dates covered in the water balance study but created a 500 m buffer zone to exclude MODIS
pixels that were mixed with adjacent desert habitat. ETa estimated by MODIS was then
compared to ETa by the water balance study.
Allen et al. [3] conducted a detailed water balance for IID for the period 1990–1996
based on gauged inflow and outflow data and a census of planted areas. Most of the IID has a
subsurface drainage system through which the drainage fraction is collected and conveyed to the
Salton Sea for disposal; hence all outflows can be quantified. Reference evapotranspiration (ETo)
is monitored at three stations in the district [41]. Over 40 different crops are grown in IID
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including alfalfa, cotton, sugar beets, corn, wheat, Sudan grass, Bermuda grass and winter
vegetables. They reported ETa of 1,243 mm·yr−1. We updated their estimate to 2001, the first
complete year for which MODIS imagery was available, using consumptive water use data from
the Lower Colorado River Accounting System [44]. They reported diversions minus returns of
3.61 × 109 m3·yr−1 for 2001, equal to 1,763 mm·yr−1 over the 2.16 × 105 ha cropping area as
reported in [3]. However, returns did not include flows to the Salton Sea from subsurface
drainage in IID, estimated at 1.23 × 109 m3·yr−1 [45] and yielding an ETa estimate of 1,194
mm·yr−1, close to the more detailed estimates in Allen et al. [3] for 1990–1996. We compared
this estimate to a MODIS ETa estimate for 2001 obtained by acquiring pixels incorporating the
IID minus a buffer zone around the perimeter of the district.
Greenwood et al. [46] conducted a water balance study of maize under center-pivot
irrigation in a 30.4 ha field in Northern Victoria, Australia (VAU). They measured crop water
use over two growing seasons (2003–2005) based on measured application rates and soil
moisture depletion rates measured weekly by neutron hydroprobe. Mean ETa was 666 mm·yr−1
over both growing seasons (ca. 150 days each). We acquired data for the single MODIS EVI
pixel located over the center of the field for the dates over which crop ETa was estimated by
Greenwood et al. [46].
Lecina et al. [47] conducted a water balance study of the Bear River Irrigation Project
(BRIP), Utah, for the 2008 growing season over a 1,213 ha surface irrigated area in which onfarm measurements of irrigation applied and infiltration were made at 13 sites over the season.
Main crops are alfalfa and other forages, corn and winter/spring cereals. Mean ETa was
estimated to be 877 mm for the April to October irrigation season. MODIS EVI pixels covering
the dates of the water balance study were acquired for the study area minus a buffer zone. Barros
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et al. [23,24] conducted a water balance study in La Violada Irrigation District (LVSP) (4,000
ha) (Figure 1 E) in the Ebro River Basin in Spain for the years 1995–2008. The balance was
based on measured diversions and returns and estimates of ETa based on soil moisture depletion
rates following irrigation events. Main crops are corn, alfalfa and winter cereals. ETa for 2001–
2008 (the period for which MODIS imagery was available) was 616 mm·yr−1. We obtained the
MODIS EVI pixels encompassing the area of LVSP minus a buffer area around the perimeter for
model evaluation.
The final validation included data for two riparian areas within irrigation districts: The
Cibola National Wildlife Refuge (CNWR), a saltcedar (Tamarix ramosissima) dominated terrace
on the Lower Colorado River below PVID (Figure 1F), and a site on the Platte River dominated
by common reed (Phragmites australis). At the first site, ETa was measured at three Bowen ratio
moisture flux towers set in stands of saltcedar chosen to represent the range of conditions on the
terrace in 2007 and 2008 [38]. Mean ETa over sites and years was 817 mm·yr−1. Corresponding
MODIS EVI pixels were acquired to encompass the CNWR minus a buffer area around the
perimeter. Irmak et al. [48] measured ETa with a Bowen ratio moisture flux tower in 2009 and
2010 at a site on the Platte River dominated by common reed (Phragmites australis) and
surrounded by rain-fed and irrigated crops in Merrick County, Nebraska (PR). Mean ETa of the
riparian vegetation over the two years was 379 mm·yr−1. We acquired the single MODIS EVI
pixel centered on the tower site for the dates covered by the tower ETa measurements.

2.5. Acquisition of MODIS EVI Pixels
MODIS MOD 13 gridded 250 m VI products are supplied to end-users by NASA as
atmospherically and radiometrically corrected 16-day composite images (for details of image
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acquisition and processing see: http://modis.gsfc.nasa.gov/); MODIS EVI pixels were obtained
from the Oak Ridge National Laboratory [49]. The pixel selection tool displays the approximate
MODIS pixel footprint on a high-resolution Google Earth image; hence it is possible to
positively co-locate ground sites with pixel acquisition sites if images or maps are available for
the ground site locations. This condition was met for all sites except the IID alfalfa sites in this
study. The choice of EVI was based on its superior performance in predicting ETa noted in
previous studies [6,25]. EVI is calculated from band reflectance values as:

EVI = 2.5 × (NIR − Red)/(1+ NIR + (6 × Red − 7.5 × Blue))

(4)

where the coefficient “1” accounts for canopy background scattering and the blue and red
coefficients, 6 and 7.5, minimize residual aerosol variations [6].

2.6. Statistical Analyses and Other Methods
Statistical and graphical analyses were conducted with Systat, Inc., software (SigmPlot
12.5), Chicago, IL Exponential curves and linear regression equations were fit to data points by
the least squares method, and goodness of fit is reported as the coefficient of determination (r2),
standard error of means (SEM) and P-value for the regression coefficient (slope) of each
equation. ETa estimates by MODIS were compared to ground estimates by the t-test for paired
values. Since 6 of 7 ETa estimates were lower by MODIS compared to ground methods, potential
bias was also assessed by the Wilcoxon Signed-Rank test using an on-line calculator
(http://www.vassarstats.net/wilcoxon.html).
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3. Results and Discussion

3.1 EVI and ETa Data for San Pedro Riparian Vegetation
Sixteen-day time-series of EVI are shown in Figure 2A and ETa at each tower are
compared to ETo in Figure 2B. Peak summer EVI and ETa values tended to overlap among sites.
Peak ETa values were about 60% of ETo, and were only 42% of ETo on an annual basis, as the
vegetation was dormant during winter. ETa lagged behind ETo, with peaks in July vs. June,
respectively. ETa was strongly correlated with EVI across sites (Figure 3), and slopes of ETa vs.
EVI were not significantly different at the 95% confidence level (P > 0.05) among sites.

3.2. EVI vs. ETa/ETo for Combined Riparian and Crop Sites
Since ETo differs among irrigation districts due to local meteorological conditions, ETa
was normalized as ETa/ETo across combined sites (Figure 4). ETa/ETo increased with EVI but
was distinctly nonlinear. An algorithm in the form of Equation (3) fit the data with r2 = 0.73 and
a standard error of the mean (SEM) of 0.136 of ETa/ETo. Maximum ETa/ETo projected for EVI =
1.0 is 1.29, within the range expected for freely transpiring alfalfa crops compared to grass
reference crop ETo [3,5]. On the other hand, a linear model would greatly overestimate ETa/ETo
if based on riparian data, and would underestimate riparian ETa/ETo if based on crop data.
Therefore, Equation (5), which has a biophysical justification based on the Beer-Lambert Law,
succeeds in unifying riparian and crop data into a single algorithm:
EVI

ETa = ETo [1.73(1 − e−2.25

)

− 0.220] (5)

3.3. Validation Data Sets
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Estimates of ETa by MODIS EVI using Equation (5) are compared to ground estimates of
ETa in Table 1. Differences between estimates for individual sites ranged from 2.9 to 9.7% and
the difference between means across all sites was 5.4%. Individual site differences were not
significant by paired t-test (P = 0.894). However, ETa at 6 of 7 sites was higher by MODIS than
by ground estimates, a marginally significant difference (P = 0.051) by the Wilcoxon SignedRank test (W = 24), indicating a possible small positive bias for the MODIS estimates compared
to the ground estimates.

3.4. Final Equation for ETa
Since ETa across sites did not differ significantly between methods for the validation data,
they were combined with the calibration data to produce a final equation of best fit (Figure 5).
The r2 (0.77) and SEM (0.124) improved slightly compared to calibration data (Figure 4). The
final equation of best fit was:
ETa = ETo [1.65 (1 − e−2.25EVI) − 0.169]

(6)

The projected ETa/ETo at EVI = 1.0 was 1.29. Hence, ETa was constrained between 0 at
EVI = 0.05 (e.g., bare soil or dormant vegetation) and 1.28 ETo at EVI = 0.973, the highest EVI
value observed in this study. Nagler et al. [18] developed a preliminary algorithm for ETa for
agricultural and riparian associations on the Lower Colorado River, using a limited data set and a
linear regression model. Equation (6) should provide more accurate predictions over a wider
range of ETa than the previous algorithm. ETa maps of the Palo Verde Irrigation District
agricultural fields and the Cibola National Wildlife Refuge riparian zone are displayed in Figures
6 and 7, respectively. These maps are based on three MODIS collection periods in June and July
2007, during the period of ground ETa measurements by Bowen ratio flux towers. The maps
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show the general features of ETa within each area, but due to the low resolution of MODIS
imagery, they could not capture the distribution of ETa within individual fields and could not be
used for tasks such as irrigation scheduling on specific farms.

3.5. Limitations and Sources of Error and Uncertainty in ETo and ETa Estimates
Despite the apparent success of Equations (5) and (6) in predicting ETa across crops and
riparian vegetation, some caveats must be considered. First, the ground data used to calibrate and
validate remote sensing methods are themselves subject to error and uncertainty. For example,
the source of ETo data can produce error among estimates [50]. While all of the present results
were based on ETo calculated for a hypothetical grass reference crop by the FAO-56 method [5],
the required data are not available for all irrigation districts on a global basis and are rarely
available for riparian corridors away from irrigation districts. Simpler methods of calculating
ETo, for example from temperature or solar radiation data, are available, but they can differ from
the FAO-56 method by 10% or more and can exhibit different seasonal patterns [50]. The FAO56 method is specifically designed for short crops with radiation as the main constraint on ETo
and might not be the best scalar for tall crops or natural vegetation units, e.g., [18]. Furthermore,
ETo is subject to measurement error. Allen et al. [3] pointed out that the CIMIS system replaced
measurements of net radiation with estimates based on solar radiation in 1989, resulting in a 13%
lowering of ETo values at IID after the change in methods, a discrepancy which has not been
corrected. ETo estimates by CIMIS and AZMET stations in the same irrigation districts along the
Arizona-California border also differ by about 11% (higher by AZMET) [51].
Ground methods for measuring ETa are also subject to error. Lysimetry is perhaps the most
accurate way to measure ETa, with errors under 5% [52] but extrapolating lysimeter results to
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field conditions can produce errors in the order of 10–20% even under controlled conditions [42].
Water budget methods for estimating ETa typically have error rates of 5–10% even under ideal
conditions, and the error rates increase when some of the terms have to be estimated rather than
measured. Allen et al. [52] estimated that Bowen ratio and eddy covariance moisture flux towers
have typical errors in the order of 15–30%, which can perhaps be reduced to 10–15% under ideal
conditions. In the present study, the SEM for the calibrating data set was about 23% of the mean
value of ETa/ETo, and the SEM for the combined validation and calibration data sets was 21%,
within the error bounds of the likely ground measurement errors. However, the average error for
predicting ETa/ETo by Equation (5) was less than 10% for each individual validation site and
was only 5.4% across sites. This suggests that errors are likely to be random rather than
systematic, so the SEM decreases as more sites and longer measurement periods are added [53].

3.6. Comparison with Other VI Methods for ETa
Several remote sensing methods have been developed recently to estimate ETa with VIs
or other optical band combinations (i.e., surface reflectance in visible + NIR bands, in contrast to
SEB methods that use TIR bands). VI methods cannot be used to measure instantaneous rates of
ETa as can thermal band methods, but for long-term monitoring of ETa, this is an advantage
because VI values tend to be stable over days to weeks, while thermal bands provide only a
snapshot of the SEB at the time over satellite overpass. We briefly review three remote sensing
methods below to show the basic similarities in approach and levels of accuracy of these types of
methods.
Guerschman et al. [31] developed a procedure for estimating ETa at the continental scale
in Australia. It was based on MODIS EVI in the same exponential-decay, rise-to-a-maximum
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form as in Equation (3), but it also used the Global Vegetation Moisture Index (GVMI) as a
means to differentiate between open water and bare soil when EVI is low. The GVMI detects
water by absorption in the short wave bands on MODIS; a low EVI and high GVMI indicate an
open water area. The model also included a precipitation interception term (high EVI and high
GVMI). Hence, the algorithms used in [31] can be applied over a wider range of landscape
surfaces than the present algorithm. They calibrated it with flux tower data from two forests, two
open savannas, a grassland, a floodplain and a lake, and validated it with water balance data for
227 unimpaired catchments across Australia. The model has a Root Mean Square Error (RMSE)
of 22% of the mean ETa for calibration sites, and RMSE of 19% for the validation sites, similar
to the present results.
Mu et al. [54] developed a MODIS-based ETa product meant to be applied across all
global biomes, from rainforest to arctic tundra. The model was based on the MODIS fPAR/LAI
product, which uses the Red and NIR bands and is linearly related to NDVI. It applies values for
fPAR into the Penman- Monteith equation for ETo to solve for ETa. It has additional features
such as corrections for view angles and a biome look-up table that accounts for differences
among plant communities in the relationship between fPAR and LAI. The algorithm also adjusts
leaf-level GS as a function of biome type, and accounts for nighttime transpiration and direct
evaporation from wet surfaces, among other features. When compared with ETa measurements
from 46 moisture flux tower sites in diverse biomes, the remote sensing algorithm differed from
tower results by an average of about 24%. This model has been proposed as an operational
MODIS ETa product.
Fisher et al. [55] developed a global model for terrestrial ETa that used the normalized
difference vegetation index (NDVI) and the soil adjusted vegetation index (SAVI) as VI inputs.
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As in the present study and that of Guerschman et al. [31], transpiration by the plant canopy was
assumed to be non-linearly related to LAI through the Beer-Lambert Law. ETo was estimated by
the Priestly-Taylor equation, and requires only net radiation and surface temperature, which can
be derived from remote sensing inputs. The algorithm also included estimates of bare soil
evaporation and direct evaporation of water from leaves following rain events, based on daytime
estimates of relative humidity, assuming periods of high relative humidity are reflective of
rainfall events. The model was tested against 16 flux towers representing a wide diversity of
habitat types, and produced r2 values of 0.55–0.96 among sites, and an overall r2 of 0.90, with a
SEM of 13% of mean annual ETa across sites.
Yebra et al. [53] compared ETa from 16 Fluxnet tower sites over six different land cover
types with six different vegetation measures provided by MODIS. None of the VI or other
MODIS products was uniformly superior; although EVI performed best over most of the land
cover types. An ensemble of the three best-performing VI products combined with local
Penman-Monteith parameters derived from the flux towers had r2 = 0.82 and a RMSE of about
20% of the mean ETa across towers. Similarly good results were obtained by scaling ETo with
EVI, as used in the present study. Both the Yebra et al. [53] and our approach benefit from
including locally-measured meteorological data. Hence, an important part of the present method
is availability of high-quality micrometeorological data within the irrigation districts used for
calibration and validation.

3.7. Comparison of VI and Thermal Band Methods to Estimate ETa
Thermal band and VI remote sensing methods can both give unbiased estimates of ET
with errors or uncertainties of 10–30% under ideal conditions [6,7]. When compared head-to-
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head in agricultural fields equipped with flux towers, both methods can give similar results [14].
However, their operating assumptions and limitations are different, and the choice of a remote
sensing method to estimate ETa should consider their differences in light of the objectives of the
measurement program. VI methods either assume that GS is constant for a given crop or biome
type, or they adjust GS based on remotely-sensed estimates of surface soil moisture or vapor
pressure deficit [54,55]. These are reasonable assumptions for crops, which usually grow under
non-stress conditions [8,10]. However, riparian plants are subject to reductions in GS and ETa
due to factors such as salinity and depth to groundwater that cannot be detected by remote
sensing, so the ratio of ETa to LAI is not constant or predictable without knowledge of the
physiological constraints on ETa at a given site [17,18,56]. Nagler et al. [17,18] found that GS
varied by four-fold among stands of saltcedar at Cibola National Wildlife Refuge, whereas LAI
only varied by two-fold. By contrast to VI methods, thermal band methods can account for
reduced GS, which is detected as an increase in surface temperature [7]. Hence, if the goal is to
detect short-term water stress or to schedule irrigations, thermal band methods would be
preferred over VI methods. On the other hand, VIs provide robust indications of canopy
conditions that are stable over days or weeks, and are directly related to green LAI and fractional
plant cover. Hence, they are well suited for monitoring biophysical properties of plants,
including ETa and photosynthesis, over a growing season, as in the present application. By
contrast, thermal band methods provide only a snap-shot of ETa at the time of satellite overpass,
which typically is from 9:30–10:30 am for Landsat and MODIS imagery in the Northern
Hemisphere. ETa is then projected over a full day by assuming that the Evaporative Fraction (EF,
ratio of ETa to net radiation or ETo) is constant during the daylight hours [7]. This is often the
case for crops [7,13]. However, Nagler et al. [17,18] found that saltcedar under salt stress
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showed marked midday depression of ETa, which would lead to an overestimate of ETa based on
the assumption of constant daytime EF. Glenn et al. [56] reported that both thermal band and VI
methods over-estimated ETa by 50% or greater at a high-salinity site in Cibola National Wildlife
Refuge due to violations in the assumptions underlying each method. Hence, remote sensing
estimates of ETa should consider the environmental limitations on ETa for each application.

4. Conclusion
A significant outcome of the study is the finding that ETa can be estimated across
different crops and riparian plant communities in dryland climates using MODIS EVI and
locally-available calculations of ETo. This study provides further evidence that ETa monitoring
can be accomplished using reflectance-based remote sensing information from satellites,
combined with ground data to constrain ETo. In areas without complete meteorological
information to calculate ETo by the Penman-Monteith equation, temperature-based estimates can
also be used, e.g., [17,18], and the algorithm can be adjusted to use NDVI instead of EVI. In fact,
the Blaney-Criddle method for calculating ETo, which requires only mean monthly temperature
and hours of daylight from a table, had a higher correlation with ground measurements of ETa
than the Penman-Monteith methods for riparian crops [18]. This was because riparian plants in
that study were deciduous—dropping leaves in winter—and were better matched to the annual
temperature curve than the radiation curve, which drives the FAO-56 grass reference crop ETo
[5]. Hence, the algorithm developed here can be applied (with modification) even in data-poor
regions.
The simple algorithm used in this study was successful because in dryland irrigation
districts many of the confounding effects on ETa that are unrelated to plant cover are minimized.
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Hence, this algorithm can provide a tool for monitoring dryland irrigation districts and riparian
areas but cannot necessarily be extended to other biomes. As with other remote sensing methods
for estimating ETa, accuracy improves with repeated measurements over a growing season. For
example, Allen et al. [57], found that monthly thermal-band METRIC ETa estimates over mixed
crops in Idaho irrigation districts deviated from lysimeter values by 15%, while annual estimates
varied by only 1–4%. Similarly, King et al. [58] reported that monthly error rates of >20% were
reduced to <10% for annual values, similar to the results reported in this paper. For random
variations in ETa due to measurement error or short-term natural fluctuations, the standard error
of the annual mean value is expected to decrease by the square root of the number of replicates
(months of data or number of flux towers). Hence, we conclude with Allen et al. [57] and King et
al. [58] that error rates under 10% can be achieved for annual estimates of ETa if monthly or
more frequent estimates are available through the growing season.
The present algorithm is most suitable for developing annual, district-level water budgets
for agricultural and riparian areas, because the resolution of a MODIS pixel is too low to
evaluate individual fields (see Figures 6 and 7). The sharp field boundaries visible in Figure 1
become less distinct in MODIS images. Combining this algorithm with estimates of district
water application rates can be a tool for estimating district irrigation efficiency, an important
topic in arid regions of the world and where there is intense competition for water on a global
basis.
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Table 1. Comparison of MODIS EVI estimates of 2008 ETa with ground measurements. PVID
= Palo Verde Irrigation District, CA; IID = Imperial Irrigation District, CA; VAU = Victoria,
Australia; BRID = Bear River Irrigation District, UT; LVSP = La Violada Irrigation District,
Spain; CNWR = Cibola National Wildlife Refuge, CA; PR = Platte River, NE.
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Figure 1. Examples of calibration and validation sites. (A) San Pedro River woodland mesquite
(B) Palo Verde Irrigation District (PVID) alfalfa fields; (C) Bushland, TX cotton fields with
lysimeters; (D) PVID crops; (E) La Violada Irrigation District, Spain; (F) Cibola National
239

Wildlife Refuge saltcedar. Red squares show location of flux towers (A, B, F) and lysimeters (C).
Images from Google Earth.

Figure 2. (A) EVI values for pixels corresponding to moisture flux towers on the San Pedro
River used for model calibration; (B) ETa measured at flux tower sites compared to ETo. CM =
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Charleston mesquite site; LSM = Lewis Spring mesquite site; LSS = Lewis Spring sacaton grass
site.

Figure 3. Scatter plot of ETa measured at flux towers on the San Pedro River used for model
calibration and EVI; CM = Charleston mesquite site; LSM = Lewis Spring mesquite site; LSS =
Lewis Spring sacaton grass site. Black lines are best fit for individual sites (not significantly
different at P = 0.05) and the equation is for all sites combined.

241

Figure 4. ETa/ETo vs. EVI for San Pedro moisture flux tower sites used in model calibration and
alfalfa measured by moisture flux towers in the Palo Verde (PVID) and Imperial (IID) irrigation
districts and for cotton measured by neutron hydroprobe soil water balance in Bushland, Texas
(TX Cotton).
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Figure 5. Combined results of calibration and validation site for ETa/ETo vs. EVI.
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Figure 6. MODIS ETa map for the southern portion of the Palo Verde Irrigation District, CA.
Pixel values are the mean for three acquisition dates (26 June–28 July 2007), based on mean ETo
= 9.8 mm·d−1.
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Figure 7. MODIS ETa map for Cibola National Wildlife Refuge, CA. Pixel values are the mean
for three acquisition dates (26 June–28 July 2007), based on mean ETo = 9.8 mm·d−1.
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Abstract
Evapotranspiration (ET) and the ratio of ET to precipitation (PPT) are important factors
in the water budget of semiarid rangelands and are in part determined by the dominant plant
communities. Our goal was to see if landscape changes such as tree or shrub encroachment and
replacement of native grasses by invasive grasses impacted ET and ET/PPT and therefore
watershed hydrology in this biome. We determined ET and ET/PPT for shrublands, grasslands
and mesquite savannas in southern Arizona at five moisture flux towers and determined the
environmental factors controlling ET in each plant community. We then scaled ET over areas of
4-36 km2, representing homogeneous patches of each plant community, using the Enhanced
Vegetation Index (EVI) from MODIS sensors on the Terra satellite. Over wide areas, estimated
ET/PPT projected from MODIS EVI ranged from 0.71 for a sparsely-vegetated shrub site to 1.00
for grasslands and mesquite savannas. The results did not support hypotheses that encroachment
of mesquites into grasslands or that replacement of native grasses with introduced Eragrostis
lehmanniana (lehmann lovegrass) have increased rangeland ET.

Keywords: remote sensing; eddy covariance flux; MODIS; MODIS ET Product; Enhanced
Vegetation Index; rangeland ecology; shrub encroachment; invasive grasses
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1. Introduction

In arid and semiarid (dryland) ecosystems the ratio of evapotranspiration (ET) to
precipitation (PPT) is important because water not discharged in ET can produce runoff, erosion
and groundwater recharge, with implications for erosion, aquifer properties and regional stream
flows (Milly 1994). Rather large shifts in ET/PPT and other ecohydrological variables have
been attributed to changes in dryland vegetation communities (Moore and Heilman 2012;
Heilman et al.. 2014). Zhang et al. (2001) presented a conceptual model based on a review of the
literature, in which ET/PPT was higher in woodland and shrubland ecosystems compared to
grasslands across the PPT spectrum, with the disparity increasing as PPT increased going from
arid to semiarid to humid climate conditions. In theory, deeper-rooted woody plants can harvest
more of the soil moisture arriving as PPT than the shallower-rooted grasses, resulting in higher
ET/PPT ratios and less runoff and infiltration. Similar models (Dugas et al. 1998; Baldocchi et
al. 2004; Farley et al. 2005) have been used to justify the removal of woody vegetation from
upland regions to increase surface and subsurface runoff to enhance local streamflows (Tennesen
2008) and as a caution against artificially increasing forest cover to capture carbon, as that might
lead to reduced streamflows in critical ecosystems (Farley et al. 2005).
However, Huxman et al. (2005) pointed out that the Zhang et al. (2001) model as applied
to semiarid regions was mainly supported by data from sites with predominantly winter
precipitation. They argued that in monsoon-driven rangelands where most of PPT arrives as
small rainfall events in summer, the relationship between ET and PPT is more complex. For
semiarid systems driven by summer precipitation they postulated that the ratio of transpiration
(T) to ET (T/ET) can be higher in woody compared to grass-dominated systems, but that the
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ET/PPT ratio can remain the same (near 1.0) as water not lost to T is discharged as evaporation
due to the shallow penetration of summer PPT into the soil and high atmospheric water demand
due to high air temperatures (Tair) (see also Kurc and Small 2004, 2007).
Determining ET/PPT is challenging because both ET and PPT are subject to
measurement errors that can be greater than the difference between ET and PPT in many
semiarid ecosystems. Non-intrusive ground measurements of ET from eddy covariance flux
towers, are subject to errors and uncertainties on the order of 10-30% (Allen et al. 2011), and
measurements of PPT are prone to uncertainty if too few gages are deployed to capture the
inherent spatial variability of infrequent rains over wide areas (Goodrich et al. 2008;
Yathereendradas et al. 2008). Furthermore, tower results are only applicable to the footprint
source area of the local measurements, while PPT, ET and plant stand density vary widely over
most arid and semiarid landscapes. PPT and ET can also differ greatly from year to year, so
patterns observed over short measurement intervals might not reflect long term trends.
This study compared ET and ET/PPT for semiarid, monsoon-dependent grasslands,
mesquite savannas and shrublands in the southwestern U.S. by combining long-term moisture
flux tower results with satellite imagery from the Moderate Resolution Imaging Spectrometer
(MODIS) sensors on the NASA Terra satellite. The study was conducted in two wellcharacterized study areas: the Walnut Gulch Experimental Watershed (WGEW) (Moran et al.
2008) near Tombstone, AZ, and the Santa Rita Experimental Rangeland (SRER) (Sayre 2003)
near Tucson, AZ. Both areas are a patchwork of vegetation communities. Eddy covariance and
Bowen ratio moisture flux towers have characterized ET in different plant communities in these
rangelands (e.g. Emmerich 2003; Scott et al 2010) providing data on which remote sensing can
be applied to scale ET over whole plant communities rather than just over the footprint area of
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the flux towers (Bunting et al. 2014). The rich sources of ground data available for validation
offered an opportunity to scale ground measurements of ET over wide areas with remote sensing
to test hypotheses about response of ET/PPT to land cover changes.
Three prominent trends have been identified in these rangelands. First, Prosopis velutina
(velvet mesquite) trees have encroached into the grassland in the SRER and the higher elevation
regions that surround WGEW (for WGEW see Kepner et al. 2000, 2002; King et al. 2008; for
SRER see McClaren 2003) with the potential for increasing ET through their early green-up and
deep root systems, thereby possibly decreasing recharge and runoff as noted in other grasslands
undergoing woody plant encroachment (Tennesen 2008; Farley et al. 2005).
The second trend is the spread of introduced Eragrostis lehmanniana (lehmann
lovegrass) at the expense of native C4 grasses in both WGEW (Hamerlynck et al. 2012) and
SRER (McClaren 2003). This conversion could also increase upland ET due to the possible
earlier green-up and deeper root system of E. lehmanniana compared to native grasses (Frasier
and Cox 1994) and production of 2-4 times more biomass per unit area compared to native
grasses (Anable et al. 1992). Third, historic overgrazing in the lower-rainfall portions of both
WGEW and SRER has resulted in the conversion of some native grasslands to sparse shrublands
dominated by Larrea tridentate (creosote) (Emmerich 2003; Cavanaugh et al. 2011), with a
possible reduction in ET and an increase in runoff and erosion (Tromble 1988; Ritchie et al.
2005; Turnbull et al. 2010; Brazier et al. 2014).
These three expectations of shifts in ET and ET/PPT due to land cover changes have not
been systematically tested at the landscape scale of measurement. Our goal was to develop
remote sensing algorithms for ET to explore wide-scale patterns of ET/PPT across ecosystem
types, including those subject to vegetation changes. We first determined the environmental
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factors controlling ET in each plant community type, then developed remote sensing algorithms
to scale ET and ET/PT over wide areas and multiple years within WGEW and SRER with
meteorological data and satellite imagery.
Vegetation conversions are taking place throughout the world's semiarid ecosystems and
are tipping the water balance towards more runoff and erosion in some systems (when
replacement vegetation uses less water than the original vegetation) (Farley et al. 2005; Tennesen
2008), or towards less aquifer recharge and lower stream flows (when the replacement vegetation
uses more water than the original vegetation) (Tromble 1988; Ravi et al., 2010). The present
study offers a remote sensing approach to the problem of estimating wide-area ET and ET/PPT
in sparsely vegetated ecosystems.

2. Materials and Methods
2.1 Overview of Research
A number of Ameriflux eddy covariance flux towers have been installed in grasslands,
mesquite savannas and shrublands in WGEW and SRER. These provide estimates of ET over
footprint areas of several thousand square meters at each tower site. Our objectives were, first, to
determine the environmental factors that are most closely correlated with seasonal and interannual values of flux tower ET in each plant community to test our working hypothesis; then,
second, to develop remote sensing ET algorithms based on a vegetation index (VI) approach that
could be applied to grasslands, shrublands and mesquite savannas in our study area to compare
their water use characteristics and in particular their ET/PPT ratios.
PPT and therefore ET are episodic in these rangelands. Therefore, a frequent-return
satellite was needed to acquire VI data. Vegetation communities tend to be homogeneous over
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areas of 1 km2 or greater (King et al. 2008; Scott 2010). Therefore, high-resolution imagery was
not necessary. We chose to use the Moderate Resolution Imaging Spectrometer (MODIS)
sensors on the Terra satellite for image acquisition (Huete et al. 2011). It has a near-daily return
time and supplies 16-day, 250 m resolution, composite images for the best cloud-free days in
each period. We used the Enhanced Vegetation Index (EVI) as the VI in this study. It was better
correlated with ET than the Normalized Difference Vegetation Index (NDVI) in previous ET
studies in the southwestern U.S. (Nagler et al. 2005; Nagler et al. 2007).

2.2 Study sites
The location and general characteristics of each study site in WGEW and SRER are in
Table 1. WGEW, established by the USDA in 1953, is located in southeastern Arizona and
occupies 14,900 ha surrounding the town of Tombstone (Nichols and Renard 2007). Elevations
range from 1190 to 2150 m and annual precipitation is approximately 312 mm (1956 - 2005),
with 60% arriving in the summer monsoon (July - September) and most of the rest as winter
storm fronts. There is evidence that much of the area was formerly grassland, but possibly due to
heavy grazing over the past 150 years, mid-slope and ridge areas have converted to shrublands
and about one-third of the area remains as grassland (Biedenbinder et al. 2004; King et al. 2008).
P. velutina trees have encroached into some of the remaining grassland areas (Kepner et al. 2000,
2002) although the timing of this conversion is not agreed upon (King et al. 2008). SRER is a
21,500 ha area of protected rangeland about 70 km south of Tucson, AZ, ranging in elevation
from 900 m to 1300 m, with mean precipitation of about 345 mm yr-1, increasing from 250 mm
yr-1 to 500 mm yr-1 along the elevation gradient within the rangeland (Sayre 2003; McClaren
2003). Established in 1903, SRER has a long history of experimental manipulations to enhance
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grazing potential for cattle, including introduction and subsequent spread of E. lehmanniana,
clearing of encroaching P. velutina, and control of fire regimes in selected areas of the rangeland.
The middle to upper elevations of the SRER are primarily semi-desert grasslands, most now
thoroughly encroached by mesquite trees to form savannas with E. lehmanniana as the dominant
grass, but with areas of L. tridentata - dominated sparse shrublands in the lower elevation
portions of the range.
Four tower sites were used to determine the environmental controls on ET and to develop
and validate a predictive ET algorithm based on MODIS EVI. Two tower sites were in WGEW
and two were in SRER (Table 1). The WGEW Kendall Grassland Ameriflux site has operated
from 2004 to the present (Scott 2010; Scott et al. 2010). We used data for the years 2004 - 2012.
From 1974 - 2005 the vegetation at the Kendall site consisted predominantly of the native C4
grasses Bouteloua curtipendula (sideoats grama), Bouteloua eriopoda (black grama) and
Bouteloua hirsute (hairy grama), along with the introduced C4 grass, E. lehmanniana, and with a
few shrubs of Calliandra eriophylla (fairy duster) and Haplopappus tenuisectus (burrowed)
(Emmerich 2003). The native grasses died back in 2006 due to a severe drought from 2003 spring 2006 (Moran et al. 2009a; Hamerlynck et al. 2012; Polyakov et al. 2010). They were
succeeded in 2006 by a flush of broadleaf forbs, including annuals (primarily Allonia incarnata,
Chamaesyce hyssopifolia, Kallstromeia grandiflora, and Mimulus spp.) and perennial species
(Bahia absinthifolia and Evolvulus arizonicus) during the monsoon season, and then by E.
lehmanniana from 2007 to the present. Total vegetation cover measured during the monsoon
season in 2005 was 47% (King et al. 2008).
A second tower site in WGEW was the Ameriflux Lucky Hills Shrubland site, about 10
km from the Kendall tower, in shrubland habitat. Elevation is 1375 m and annual precipitation is
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about 322 mm. Data were available for DOY 128, 2004 to DOY 365, 2004 and DOY 180, 2007
to DOY 365, 2012. The site was thought to have originally been dominated by B. eriopoda but
converted to dominance by Chihuahuan desert shrubs due to historic overgrazing (Emmerich
2003). Based on a 2004 survey (cited in Scott et al. 2006), total vegetation cover was 51%
consisting L. tridentata, Parthenium incanum (mariola), Acacia constricta (whitethorn acacia)
and other shrubs in less abundance. The site has a very sparse understory of herbs and grasses.
Estimates of total vegetation cover have ranged from 51% in 2004 to 27% in 2008.
Data from two primary tower sites in SRER were used in the present study. The
Ameriflux SRER Mesquite Savanna site (Scott 2010) is at an elevation of 1116 m. Cover
consisted of 35% Prosopis velutina, 22% grasses, subshrubs and succulents, and 43% soil or
litter. E. lehmanniana is the dominant vegetation between trees (Scott et al. 2009). Data from
2004 - 2012 was used in the study. Data for 2008 - 2012 from the SRER Grassland site was also
used for model calibration and validation (R. Scott unpublished data). The site is in a former
mesquite savanna area that had been fenced and cleared of mesquite to encourage development
of grasses. The dominant grass species is E. lehmanniana. Elevation is 1296 m. Based on
archival imagery in Google Earth, the site was nearly devoid of tree cover in 1992, but tree cover
had increased to about 10% by 2011. An uncleared control site (SRER Mesquite-2) 2.5 km from
the SRER Grassland site was selected for comparison with the grassland site in the present study.
There was no tower at this site (MODIS data only). Tree cover in 2011 was about 40% based on
imagery in Google Earth. A further validation site was the SRER Creosote site, using tower data
collected during the monsoon season in 2008 (Cavanaugh et al., 2008). This site has 24% total
vegetation cover, 14% of which was L. tridentata in 2008. Elevation is 1000 m and mean annual
precipitation is about 345 mm (Cavanaugh et al. 2008).
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2.3 Environmental and ET measurements at flux towers
Details of the instrumentation and data processing procedures at the SRER Mesquite
Savana, WGEW Kendall Grassland and WGEW Lucky Hills flux tower sites are in Scott (2010)
and are described briefly here. Equipment and procedures were the same at the SRER Grassland
site, 2008-2012 (Scott, unpublished). Above-canopy net radiation (Rn) was measured above the
canopy using a 4-component radiometer (CNR1, Kipp & Zonen, Delft, The Netherlands) at the
SRER Mesquite Savanna, SRER Grassland and WGEW Kendall Grassland sites and a 2component net radiometer (CNR2, Kipp & Zonen) at the shrubland site. Also at these sites,
photosynthetically active radiation (PAR; LI-190, LI-COR, Lincoln, NE) sensors measured
upwelling and downwelling fluxes. Ground heat flux was measured with soil heat flux plates (n
= 5–8 per site, REBS Inc., Seattle, WA) installed 0.05 m below ground level under both intercanopy and under-canopy positions. Precipitation (PPT) was quantified at the sites by using
tipping-bucket rain gages (TE525, Campbell Scientific, Inc.) at SRER Mesquite Savanna and
Grassland sites and Belfort weighing-recording gages at the WGEW Kendall Grassland and
Lucky Hills Shrubland sites. At all the sites there was an additional precipitation gage at or near
the site (<0.5 km), and these were used as a check on the accuracy of the primary precipitation
gage. The difference between the primary and check gage annual totals averaged less than 5 mm
(Scott 2010). Precipitation data for the SRER Creosote site was from the NE SRER gage located
about 600 m from the tower site (http://ag.arizona.edu/SRER/precip/precip.xls).
ET was measured with the eddy covariance systems that consisted of three-dimensional,
sonic anemometers (CSAT-3; Campbell Scientific) and open-path infrared gas analyzers (LI7500, LI-COR) mounted 5 m above the height of the vegetation to measure the three
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components of the wind velocity vector, sonic temperature and concentrations of water vapor
and carbon dioxide. Data were sampled at 10 Hz. Covariances were calculated by first filtering
spikes and then using a 30-min block average. The fetch at all of the sites is representative of the
cover immediately surrounding the towers over several kilometers.
A comparison of flux tower ET results with site water balance measurements was
conducted for WGEW Kendall Grassland, WGEW Lucky Hills Shrubland and SRER Mesquite
Savanna sites using 13 years of site data (Scott 2010). Each site was equipped with a tipping
bucket rain gage to measure precipitation and soil moisture sensors to measure changes in soil
moisture following rain events. In addition, each site was located in a local catchment area for
which runoff was measured through a series of flumes and wiers. Hence, an on-going site water
balance could be constructed to estimate ET for comparison with eddy covariance data in daily
time steps. The two independent methods agreed within 3% over all years, and varied by 10% to
17% for any given year, hence the flux tower estimate was in good agreement with the site water
balance, especially when aggregated across years.
Commonly, 30 min latent and sensible heat fluxes measured at eddy covariance flux
towers do not add up to the Rn - G terms in the energy balance equation, and they are corrected
for "energy closure" by the method of Twine et al. (2000). However, Scott et al. (2010) found
that introducing this correction led to worse agreement between flux tower and water balance
methods in nine of the 13 years of measurement; furthermore, increasing the ET term to force
closure led to ET greater than PPT in many of the years. Hence, in this study we did not force
energy closure in calculating ET. ET calculated without forcing energy closure was lower than
ET with forced closure by 11.9% for the SR Grass tower; 7.2% for the SRER Mesquite Savanna
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tower; 9.5% for the WGEW Lucky Hills Shrubland tower; and 6.7% for the WGEW Kendall
Grassland tower.

2.4 MODIS imagery
MODIS EVI data were obtained from the Oak Ridge National Laboratory DAAC site
(ORNL DAAC, 2014) in the form of MOD13Q1 16-day composite images. The ORNL MODIS
subset tool displays the approximate pixel footprint area (6.25 ha) on a high-resolution Google
Earth image. We obtained data for single pixels encompassing WGEW Kendall Grassland and
SRER Mesquite Savanna tower sites for 2004-2012, for WGEW Lucky Hills Shrubland site for
2004 and 2007-2012 and for the SRER Grassland site from 2008-2012. Wide-area pixel arrays
were also obtained for each study site for 2004-2012. The areas were selected based on apparent
homogeneity of habitat type around each tower site by inspection of Google Earth imagery. For
the SRER Grassland site, a 4 km2 area encompassing most of the fenced, mesquite-cleared area
was selected. The SRER Mesquite-2 and SRER Creosote sites were also 4 km2. For the WGEW
Kendall Grassland and SRER Mesquite Savanna sites, 36 km2 areas (6 km x 6 km) of apparently
homogeneous habitat type centered on each tower site were collected. The WGEW Lucky Hills
Shrubland wide-area site was also 36 km2 but was offset to the north of the tower site to avoid
encompassing developed areas near Tombstone: the center of this polygon was at 31.7929
Latitude, -110.0589 Longitude.
MODIS science products also include 1 km resolution ET estimates, based on an
algorithm developed by Mu et al. (2011). This algorithm uses MODIS land cover classification,
MODIS leaf area index, EVI and daily meteorological data from NASA's Global Modeling and
Assimilation Office as input data and calculates ET at 8-day, monthly or annual intervals. We
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obtained single pixels of the 8-day MOD16A2 product from the ORNL DAAC website for the
SRER Mesquite and Grassland and the WGEW Lucky Hills Shrubland and Kendall Grassland
tower site locations.

2.5 Determining the best predictors of ET at tower sites
We conducted correlation analyses between ET measured at the four primary flux tower
sites with EVI as a measure of green plant density and environmental variables measured in
monthly time steps. Environmental variables included PPT, vapor pressure deficit (VPD), Tair,
net radiation (Rn) and two estimates of reference crop ET (ETo), using either the PenmanMonteith FAO-56 formula for a hypothetical short grass reference crop (ETo-PM) (Allen et al.
1998) or the Blaney-Criddle formula (ETo-BC) (Brower and Heibloem 1986), which is simply
based on mean monthly Tair and latitude to estimate monthly daylight hours.
EVI and environmental variables were then combined in multiple linear regression
analyses to determine the best predictive equation for ET at the four primary tower sites.
Statistical analyses were carried out using procedures described in Montgomery et al. (2012)
with SigmaPlot Version 12.5 (Systat Software, Inc., San Jose, CA). All predictive variables were
used in a best-subsets regression analysis, then the subset of variables that had the highest
adjusted r2 and the lowest Mallows coefficient (Cp) was accepted as the most parsimonious set to
use as predictors (Montgomery et al. 2012). ET data across sites were then combined to
determine if a common relationship could be determined across sites using the minimum
possible explanatory variables. The standardized coefficient (β coefficient) for each explanatory
variable was calculated to assess its individual contribution to the equation of best fit
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(Montgomery et al. 2012). Multicollinearity among predictive variables was tested by calculating
Variable Inflation Factors (VIF) for each variable (Montgomery et al. 2012).

2.6 Developing a common ET algorithm across plant communities
In addition to developing separate regression equations for ET in each plant community,
we attempted to develop a generalized algorithm that could be applied across plant community
types. This is important because plant communities are patchy within WGEW and SRER and
wide area scenes often contain mixed plant communities. We used a VI approach to scaling ET
from potential or reference crop ET (ETo) (Bausch and Neale 1987). The FAO-56 formula for
determining crop ET (Allen et al. 1998) is:
ET = KcETo

(1)

where ETo is calculated from meteorological data. Kc is normally an empirical coefficient
relating crop ET at a particular growth stage to the potential ET. A VI can replace Kc, providing
information about the actual status of the vegetation at the time of measurement (Bausch and
Neale 1987). Vegetation index algorithms for ET take the form:

ET = f (VI)*ETo

(2)

where the function f(VI) replaces Kc in Equation (1). ET is not necessarily a linear function of a
VI, because VIs, as well as leaf area index (LAI), have a non-linear relationship with light
absorption by a canopy and with physiological processes that depend on light absorption
(Choudhury 1987). Although developed originally for crops (Bausch and Neale 1987), VI
methods have been successfully applied to a wide variety of natural ecosystems (Glenn et al.
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2011) including semi-arid grasslands and shrublands (Nagler et al. 2007; Bunting et al. 2014)
and even sparse desert shrub communities (Breshlof et al. 2013). Algorithms of the type in
Equation (2) have been successfully applied to mixed plant communities and even mixtures of
agricultural and natural ecosystems but they need to be calibrated and validated for each new
application (Glenn et al., 2011). The final ET equation was determined by regressing tower ET
against EVI(ETo) using curve-fitting procedures in SigmaPlot software. It took the form:
ET = a(1+e-(ETo*EVI - b)/c)

(3)

where a,b and c are coefficients determined by regression, and the term (1 + e-(ETo*EVI - b)/c) is a
logistic (sigmoidal) equation describing the behavior of ET with respect to ETo*EVI, consisting
of an initial lag period, a period of exponential increase, and a final period of slower rise then
leveling off (Nagler et al. 2005).
The algorithm was calibrated and validated by splitting data from WGEW Kendall
Grassland, WGEW Lucky Hills Shrubland, SRER Grassland and SRER Mesquite Savanna sites
into two subsets each. The first subset, representing the first half of the time series at each site,
was used for determining the regression coefficients in Equation (3). The second subset,
representing the last half of the time series at each site, was used for testing the goodness of fit
between ET calculated by the ET algorithm and tower ET measured over the second half of the
measurement period. The combined data set was used to determine the root-mean-square error
(RMSE), bias and r2 of the ET algorithm. Differences between slopes of modelled versus
measured ET were tested for significance with the t-test method (Cohen et al. 2003).
Determining if slopes were different from 1.0 was tested by constructing 95% confidence
intervals around regression lines. Results were compared to ET estimates obtained as MOD16A2
ET estimates.
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3. Results

3.1 General patterns of ET and environmental variables at calibration flux tower sites
EVI (Figure 1A) and tower ET (Figure 1B) at Kendall Grassland and SRER Mesquite
sites followed regular annual cycles, with main peaks during the summer monsoon rains (Figure
1C), and with annual peak heights approximately matched to the magnitude of the rains. At both
sites, smaller peaks of EVI and ET were also evident in spring of some years (e.g., 2005, 2010),
apparently tied to cool season (November-March) rains. The Kendall Grassland site had 15-20%
lower EVI, PPT and ET than the SRER Mesquite site (P < 0.05). Similar time series results
observed at the WG Lucky Hills Shrubland and SR Grass tower sites (not shown).

3.2 Correlation between ET and environmental variables
Monthly ET at grassland, shrubland and mesquite savanna sites had very similar
responses to environmental variables as determined by correlation analyses (Table 2). The
strongest correlation for all four main tower sites was between ET and EVI, which by itself
explained over 70% of the variability in monthly ET (r = 0.853-0.880 among sites). Next in
importance was PPT (r = 0.684-0.784), followed by air temperature, ETo-BC and ETo-PM for
meteorological variables. VPD was not significantly correlated with ET at the SRER Mesquite
and WGEW Kendall Grassland sites, and was a positive factor at the SRER Grassland and
WGEW Lucky Hills Shrubland sites. EVI, in turn, was significantly correlated with PPT at all
tower sites, with r values of 0.589 for SRER Mesquite Savanna, 0.643 for WGEW Kendall
Grassland, 0.509 for SRER Grassland, and 0.555 for WGEW Lucky Hills Shrubland (all
significant at P < 0.001).
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3.3 Multiple regression analyses
Multiple regression analyses were conducted for the mesquite savanna, shrubland and
one grass (WGEW Kendall Grassland) sites. For all three, the set of variables that produced the
highest adjusted r2 and the lowest Cp were EVI, PPT, Tair, VPD and Rn. However, the last three
variables had VIF > 4.0, indicating that these variables exhibited collinearity. Final equations
that contained only EVI, PPT and Tair had low VIFs and high adjusted r2 values (Table 3).
Standardized coefficients (β coefficients) indicate the relative importance of each variable in
explaining the variance in the dependent variable, and were similar for all three sites, with EVI
explaining 59 - 62%, PPT 28 - 36% and Tair 10 - 27% of the explained variance in ET (Table 3).
A combined regression equation across tower sites had an r2 of 0.82.
The relationships between ET and PPT or EVI were linear (Figure 2A,B). The
relationship between ET and Tair was more complicated (Figure 2C). One group of points
showed a linear increase in ET with Tair, as expected when the plants are not water-limited, as
during the summer monsoon season. A second group showed little response of ET to Tair, as
expected when plants are water-limited as during the early summer pre-monsoon period, when
Tair is high but soil moisture levels are low. A third group was intermediate between the two
extremes.

3.4 Generalized algorithm for estimating ET from EVI
We also developed a generalized algorithm based on the simple crop coefficient approach
in Equation (2), using ETo-BC and EVI as the predictors of monthly ET for the first half of the
time series data at each flux tower site with multiple years of data (SRER Mesquite Savanna,
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SRER Grassland, WGEW Kendall Grassland and WGEW Lucky Hills). The response of ET to
EVI(ETo-BC) was best fit with a logistic (sigmoidal) curve (Figure 3A), with r2 = 0.82 (SEM =
0.302). The logistic function was:

ET = 4.03/(1 + e-(ETo-BC (EVI) - 1.44)/0.458))

(4)

The constant 4.03 sets an upper limit for mean monthly ET in mm d-1, which is then
diminished according to the divisor in Equation (4), which tends towards 1.0 when ETo-BC(EVI)
becomes large compared to the constant 1.44. Since the response of Tower ET to EVI was linear
(Figure 2A), the sigmoidal shape of the ET to EVI(ETo-BC) curve suggests that this is due to the
non-linear response of ET to Tair (Figure 2C) since ETo-BC is based mainly on Tair with a
correction for differences in hours of daylight per month. In fact, an alternative analysis using
Tair instead of ETo-BC also produced a sigmoidal curve with r2 = 0.82 (data not shown). 	
  
When Equation (4) was applied to EVI and ETo-BC for the second half of each time series,
MODIS ET predicted Tower ET with r2 = 0.72 and slope not significantly different from 1.0 or
the calibration regression line (P > 0.05). Environmental conditions were similar for first and
second halves of the time series, with mean Tair of 18.6o C and 18.0o C, and PPT of 289 mm yr-1
and 316 mm yr-1, respectively. Combined data sets also produced a scatter plot whose slope was
not significantly different from 1.0 (P < 0.05) (Figure 3B). The algorithm in Figure 3A predicted
ET of the combined set with r2 = 0.75, RMSE = 0.362 mm d-1 and bias = 0.076 mm d-1 (Figure
3B). MODIS ET estimates were also compared to literature values for Tower ET for the SRER
Creosote site measured during the 2008 summer monsoon season (Cavanaugh et al. 2010). Using
Equation 3, MODIS ET and Tower ET estimates agreed within 13% of each other. Tower ET

263

and MODIS ET are compared for all sites in Table 4. The mean value of MODIS ET across sites
and years was 6.5% lower than Tower ET, indicating a small amount of apparent bias in the
MODIS ET estimate. Differences between MODIS ET and Tower ET ranged from +5.3% to -14.5% for individual sites.
By contrast to ET estimated by Equation (3), ET from MOD16A2 under-predicted Tower
ET by 54.7% across sites (Table 4). The mean r2 between Tower ET and MOD16A2 ET was
0.66 and ranged from 0.60-0.73 among tower sites, lower than the r2 for Equation 4. The MODIS
land classification program also failed to differentiate among plant community types in this
study, classifying all as open shrublands.

3.6 Wide-area estimates of ET/P based on MODIS ET estimates
We concluded that ET of grasslands, shrublands and mesquite savannas converged in
their response to environmental variables and that the MODIS ET algorithm in Equation (3) was
sufficiently accurate to project tower ET values across larger landscape areas within the region.
This algorithm was preferred over the separate regression equations in Table 3 because it did not
contain PPT as an explanatory variable for ET, which could lead to possible spurious
autocorrelation in predicting ET/PPT. Also, over wide areas it is difficult to distinguish between
different plant communities without detailed vegetation maps, which would be needed if
different algorithms were required for each plant community. Seasonal patterns of PPT and
MODIS ET at wide-area grassland, mesquite savanna and shrubland sites are in Figure 4. All
sites had the same basic seasonal patterns of ET, with minor peaks in spring and early summer
corresponding to spring green-up and major peaks in the monsoon season. However, PPT and
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projected ET were notably higher in the mesquite savanna (Figure 4A,B) and grassland (Figures
4C,D) sites than in the shrubland (Figure 4E,F) sites.
Wide-area ET, PPT and ET/PPT mean values across years are in Table 5. ET was lower
(P < 0.05) at the two shrub sites compared to the SRER Mesquite Savanna and Grassland sites,
while WGEW Kendall Grassland was intermediate. However, PPT was also lower at those sites,
and there were no significant differences in ET/PPT for five of the six sites (P > 0.05), with
values of 0.88 - 1.00. The SRER Creosote site, with ET/PPT of 0.71 was significantly different
from the SRER Mesquite Savanna, SRER Grassland and SRER Mesquite-2 sites (P < 0.05) but
overlapped with WGEW Kendall Grassland and WGEW Lucky Hills Shrubland sites (P > 0.05).
A regression of ET on PPT showed a linear relationship existed, but the slope of the line (0.87)
was significantly lower (P < 0.05) than 1.0 (Figure 5), indicating that as PPT increases, the
proportion discharged as ET decreases as well.
We also compared EVI, MODIS ET, PPT and ET/PPT values for the WGEW Kendall
Grassland site for the years 2000-2005, when native C4 grasses dominated the site, and 20072012, when E. lehmanniana was dominant, to see if the vegetation change resulted in a change in
foliage density. Wide-area EVI values were used to calculate MODIS ET. No significant
differences were found in any of the variables between the two periods (Table 6).

4. Discussion
Grasslands, shrublands and mesquite savannas in this semiarid biome responded similarly
to environmental factors. The main determinant of ET was green plant cover, as measured in this
study by MODIS EVI, suggesting that plant transpiration rather than direct evaporation was the
main determinant of ET. In studies in WGEW that measured transpiration separately from ET,
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values of T/ET have ranged from 0.58 to 0.79 depending on plant community and duration of the
measurement period (Scott et al. 2006; Moran et al. 2009b). Ratios of 0.40 to 0.70 have been
reported for other semi-arid rangelands, with sparse creosote shrublands at the low end (Dugas et
al. 1996; Kemp et al.1997) and mesquite savannas at the high end (Dugas et al. 1996).
EVI, in turn, was correlated with PPT, with the major period of leaf development
occurring during the summer monsoon season. However, all ecosystems also had a period of premonsoon greenup in March to May, supported by soil moisture from fall and winter rains
(Hammerlynck et al. 2012; Barron-Gifford et al. 2012). The similar responses of different plant
communities to environmental constraints is consistent with the convergence hypothesis for
response to stress factors (Field 1991), and allowed the development of a common algorithm to
predict wide-area ET across ecosystems with MODIS EVI and the temperature-driven ETo-BC.
At daily or sub-daily time scales the controlling variables are different, with plants
responding much more strongly to meteorological variables and soil moisture limitations (e.g.
Scott et al. 2009; Barron-Gifford et al. 2012). However, over longer time scales of months to
years plants tend to adjust leaf area to match the environments capacity to support photosynthesis
(Field 1991; Goldstein et al. 2008; Huxman et al. 2004; Paruelo et al. 1999), so constraints on
productivity are incorporated into the EVI signal. Field (1991) pointed out, if selection favors a
limited number of mechanisms by which plants adapt to a given stress factor, the challenge of
predicting plant responses from limited amounts of remote sensing data might be feasible. The
present results support this hypothesis.
The final ET algorithm contained only EVI and ETo-BC as predictive variables. Given the
low correlation between ETo-PM or Rn with ET and the significant correlation with Tair, use of the
temperature-derived ETo-BC formula for ETo is justified. The sigmoidal response of ET to ETo-BC
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or Tair indicates there is a minimum temperature below which ET approaches zero, a mid-region
in which ET responds to the increase in atmospheric water demand as a function of Tair, and a
maximum temperature above which ET does not increase due to an increase in physiological
resistance (Jones1983; Monteith and Unsworth 1990). Hence, when calibrated to local conditions
and combined with ground data, MODIS EVI imagery can provide accurate annual estimates of
ET across shrublands, mesquite savannas and grasslands in monsoon-driven drylands (see also
Bunting et al. 2014).
By contrast, the global MODIS ET product, MOD16A2, seriously underestimated ET in
these semiarid ecosystems. Velpouri et al. (2013) reported underestimates of monthly ET of 3155% by MOD16A2 compared to gridded FLUXNET estimates for sparsely vegetated grasslands
and shrublands, similar to our results. One reason for the underestimates could be in the way
stomatal conductance is calculated in the MOD16A2 algorithm (Mu et al., 2011). It includes a
term to reduce stomatal conductance when VPD of the atmosphere is high. However, mesquites,
grasses and shrubs in WGEW had substantial rates of ET so long as water was available even
when VPD exceeded 4.0 kPa (Serat-Capdevila et al., 2011), whereas MOD16A2 assumes nearly
complete stomatal closure for open shrubland ecosystems at a VPD of 4.4.
The algorithm in Equation (3) allowed us to scale essentially point measurements of ET
at tower sites (footprint areas of several thousand square meters) over much wider areas (4-36
km2) representing whole plant communities. Flux tower sites are chosen to represent flat terrain
and homogeneous canopy conditions, hence they do not necessarily represent wide-area
conditions, and the use of satellite imagery is useful in scaling tower data over mixed plant
communities (Bunting et al. 2014). Application of these methods to other dryland areas would
require that the algorithm be calibrated to local conditions with flux tower and meteorological
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data. The present algorithm can only be expected to be accurate with the range of EVI and
meteorological conditions found in WGEW and SRER. The algorithm does not explicitly
estimate bare soil evaporation, and in sparser plant communities bare soil evaporation would
become increasing important in determining ET. Morillas et al. (2013) tested three methods for
inferring bare soil evaporation at two semiarid sites in southern Spain. They reported that
applying a drying equation to the top 5 cm of soil following a rainfall event was a promising
method to incorporate direct evaporation into remote sensing estimates of ET by optical band
methods as used here.
The present study suggests that the amount of green plant cover, as determined by EVI or
other satellite VIs, is more important than type of plant cover in determining ET and its response
to environmental variables in dryland ecosystems. VIs provide an integrated measurement of
canopy "greenness" across differences in fractional cover, leaf area index and chlorophyll
contents in different plant communities (Glenn et al. 2008). Thus they provide tools for widearea monitoring of ecohydrological processes over mixed landscapes. However, a source of
potential error in projecting ET/PPT over wide areas is inaccuracy in PPT estimates, as rainfall is
spatially and temporally variable over these monsoon-dependent ecosystems. PPT cannot be
directly determined by remote sensing, but patterns of VIs can indirectly reveal the spatial and
temporal variability of rainfall events in dryland ecosystems (Grist et al. 1997). Hence, in some
cases VIs can be surrogates for PPT, and by inverting the multiple regression equation developed
in the present study to solve for PPT it might be possible to construct spatially-distributed PPT
maps based on EVI in these ecosystems. Use of multiyear and wide-area data sets can also help
offset the spatial and temporal variability of PPT in determining overall trends.
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In WGEW there is dispute about the nature of the vegetation community changes as well
as their impacts on the regional water balance, particularly their ability to contribute streamflow
to the Upper San Pedro River. A portion of this river is part of the protected San Pedro National
Riparian Conservation Area but has suffered a 60% reduction in surface flows over the past 80
years. Goodrich et al. (2004) concluded that infiltration along ephemeral channels of monsoonal
precipitation contributes 15-40% of basin aquifer recharge, which, along with mountain front
recharge from adjacent mountain ranges, maintains base flows in the river. Kepner et al. (2000,
2002), used Landsat imagery from 1973, 1986 and 1993 to infer an increase in P. velutina in the
uplands in the Sierra Vista and Benson subwatersheds. They attributed the decrease in flows in
the Upper San Pedro to increased upland ET due to mesquite encroachment (Nie et al. 2007).
Thomas and Pool (2006) also concluded that increases in both upland and riparian ET were
likely responsible for decreased river flows. However, King et al. (2008), using archival
photography as well as satellite imagery, concluded that any large-scale changes in vegetation
within WGEW occurred before 1967, while stream flow has continued to decrease up to the
present. Other studies have suggested that the reduction in river flows is due to interception of
mountain front recharge by well pumping to support urban growth in the watershed (e.g., Mac
Nish et al. 2009). The present study shows no major difference in ET/PPT between grasslands
and mesquite savannas, hence it does not support the argument that woody plant encroachment
can explain the reduction in San Pedro river flows. Nguyen et al. (2014), using annual, premonsoon Landsat imagery, showed an overall decrease in both upland and riparian NDVI and
presumably ET from 1984-2012 in WGEW even while river base flows continued to decrease.
Another change that has taken place in WGEW as well as SRER is replacement of native
C4 grasses by E. lehmanniana. Several studies have suggested that E. lehmanniana has greater
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water use than native C4 grasses due to its ability to utilize soil water during parts of the year
when native species are dormant and to extract water from the soil profile to very low water
contents (e.g., Frasier and Cox 1994). It also is reported to have higher biomass production than
native grasses (Anable et al., 1992). However, studies in WGEW and SRER have shown that
while T/ET ratios can shift, replacement of native grasses by E. lehmanniana does not
necessarily result in altered ET/PPT either during the cool-season (Hamerlynck et al. 2012) or on
an annual basis (Moran et al. 2009a). Polyakov et al. (2010), studying runoff during the years in
which the Kendall Grassland site converted from a native grass dominated site to a E.
lehmanniana dominated site, reported that sediment runoff yields were 0.06 t ha-1 yr-1 under
both native bunchgrasses and replacement E. lehmanniana plants, but rose to 1.64 t ha-1 yr-1
during the transition year in 2006. For the Kendall Grassland site, we found that mean annual
EVI, ET and ET/PPT were similar (P > 0.05) before (2000-2005) and after (2007-2012)
replacement of native Bouteloua spp. with E. lehmanniana.
The present study supports the cautions articulated by Huxman et al. (2005) with respect
to expectations of higher ET/PPT for tree savanna versus grassland sites (Zhang et al. 2001).
Grassland and mesquite savannas had ET/PPT greater than 0.99 in SRER, supporting tower
results from previous studies (e.g., Krishnan et al. 2012). However, in a grassland ecosystem
with higher annual PPT (474 mm) than the present sites, ET/PPT was only 0.84 compared to
near 1.0 for the Kendall Grassland site (PPT = 340 mm yr-1) measured in the same study
(Krishnan et al. 2012). More intense monsoon rain events tended to produce more runoff in the
higher-PPT grassland, despite higher NDVI and plant cover compared to the Kendall Grassland
site. Similarly, we found a 13% deviation from the 1:1 line when ET was plotted against PPT in
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our study, with the proportion of PPT discharged as ET decreasing with increasing PPT. Hence,
the Zhang et al. (2001) model appears to be valid for higher-PPT ecosystems.
The two shrub sites in the present study differed from each other. Both were more sparely
vegetated than the grassland or mesquite sites judging by lower EVI values. Nevertheless, the
WGEW Lucky Hills Shrubland site had ET/PPT of 0.89 compared to only 0.71 for the SRER
Creosote site. At this site, water not immediately consumed in ET was apparently able to
infiltrate into the soil and support further ET through the winter and spring. On the other hand
slope or soil conditions at the SRER Creosote site presumably led to a larger proportion of water
lost to runoff compared to the WGEW Lucky Hills Shrubland site. In general, sparsely vegetated
shrublands tend to have more runoff than more heavily vegetated grassland and savanna sites. In
small plot studies in natural stands of rangeland plants in Arizona and New Mexico, Tromble
(1988) measured runoff rates of 16-20% for acacia and creosote plots, compared to only 2% for
in well-developed stands of Boutelua gracilis and other native grasses.
Encroachment of mesquites into grasslands (e.g., Breshears 2006; Barron-Gifford et al.
2012) or conversion of native grasslands to exotic-dominated grasslands (e.g., Moran et al.
2009a) can have profound impacts on carbon cycling, primary productivity, T/ET ratios and
species diversity but do not necessarily result in changes in the local hydrological cycles so long
as plant cover is maintained. The susceptibility of plant communities to degradation is in part
dependent on the rainfall regime. Mendez-Barroso et al. (2009) showed that EVI increased
linearly with PPT along a gradient from 280-400 mm yr-1 in a monsoon region in northwestern
Mexico, similar to our plot of ET versus PPT (Figure 5). Ecosystem resilience measured as
ability to maintain high primary productivity increased with increasing PPT.
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On the other hand, vegetation conversion can have more ecological and hydrological
consequences at the low end of the precipitation gradient. Kurc and Small (2004, 2007)),
working in the Sevilleta National Wildlife Refuge (SNWR) with about about 230 mm yr-1
precipitation, found that the conversion of grasslands to creosote shrublands resulted in changes
in the surface energy balance and primary productivity but not necessarily changes in ET/PPT,
because direct evaporation rather than T was the main factor in controlling ET during the
summer monsoon season. Turnbull et al. (2010) and Brazier et al. (2014), also working at
SNWR, showed that the conversion of grassland to creosote shrublands resulted in increased
runoff and erosion and loss of organic carbon from the soil. Conversion of grasslands into more
sparsely vegetated shrublands can reduce ET/PPT, as is apparently the case at the SRER
Creosote site, but results will be site specific depending on local soil and slope conditions.
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Table 1. Location and characteristics of sites used in this study. All sites were equipped with a
eddy covariance moisture flux tower except SRER Mesquite-2, for which only MODIS satellite
data was available.

1!

Site Name

Lat/Lon

Tower ET
Data Period
DOY 1, 2004
- DOY 365,
2012

Elevation
(m)
1116

Vegetation Type

SRER
Mesquite
Savanna

Santa Rita
Experimental
Rangeland, 31.821
N, 110.866 W

WGEW
Kendall
Grassland

Walnut Gulch
Experimental
Watershed, 31.736
N, 109.941 W

DOY 128,
2004 - DOY
365, 2012

1531

Formerly dominated by
native C4 grasses, converted
in 2007 Eragrostis
lehmanniana grass, 15-70%
cover, 30-85% soil + litter

WGEW
Lucky Hills
Shrubland

Walnut Gulch
Experimental
Watershed, 31.743
N, 110.052 W

DOY 128,
2004 - DOY
365, 2004;
DOY 180,
2007 - DOY
365, 2012.

1370

Ca. 50 % canopy cover
withLarrea tridentata,
Parthenium incanum;
Acacia constricta; other
shrubs and forbs, 50% bare
soil, litter.

SRER
Creosote

Santa Rita
Experimental
Rangeland, 31.908
N, 110. 839 W

DOY 200-285, 1000
2008

24% vegetation cover; 14%
Larrea tridentata, 10%
grasses, forbs, others; 76%
bare soil, litter

SRER
Grassland

Santa Rita
Experimental
Rangeland, 31.789
N, 110.827 W

DOY 51, 2008 1291
- DOY 365,
2012

Ca. 70% grasses, mostly E.
lehmanniana, 10% P.
velutina, 20% bare soil,
litter

SRER
Mesquite-2

Santa Rita
Experimental
Rangelands,
31.802 N, 110.820
W

1278

Mesquite savanna, ca. 35%
P. velutina, 22% grasses,
43% bare soil, litter

45% Prosopis velutina, 65%
grasses, 20% bare soil, litter

!
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Table 2. Correlation coefficient between monthly means of environmental variable and
ET measured at Four flux tower sites in southern Arizona, 2004-2012. Asterisks denote
significance at > 0.05 (n.s.), < 0.05 (*), < 0.01 (**) or < 0.001 (***).
Variable:

SRER
Mesquite
ET

1!

WGEW Kendall
Grassland
ET

SRER
Grassland

WGEW Lucky Hills
Shrubland

ET

ET

EVI

0.880***

0.853***

0.866***

0.871***

Precipitation

0.749***

0.784***

0.725***

0.684***

Air Temperature

0.564***

0.522***

0.549***

0.709***

ETo BlaneyCriddle

0.532***

0.499***

0.521***

0.725***

ETo FAO-56

0.314***

0.307**

0.341**

0.504***

Vapor Pressure
Deficit

0.164n.s.

0.173n.s.

0.521***

0.442***

Radiation

0.172n.s.

0.250*

0.184n.s.

0.420***

!
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Table 3. Multiple linear regression analyses of tower ET predicted by monthly environmental
variables at SRER Mesquite Savanna, WGEW Kendall Grassland and WGEW Lucky Hills
Shrubland sites, 2004-2012.
Site/Variable
1. SRER Mesquite
Constant
EVI
PPT
Tair
2
Adj. r = 0.89
2. Kendall Grassland
Constant
EVI
PPT
Tair
Adj. r2 = 0.80
3. Lucky Hills
Constant
EVI
PPT
Tair
Adj. r2 = 0.85
4. Combined
Constant
EVI
PPT
Tair
2
Adj. r = 0.82
1!

Coefficient Std. Error β Coefficient t

P

VIF

-1.12
10.4
0.236
0.0109

0.096
0.73
0.026
0.0042

−
0.625
0.361
0.095

-11.6 < 0.001 14.2 < 0.001 1.79
9.13 < 0.001 1.54
2.58 0.011
1.35

-0.600
7.46
0.204
0.0103

0.101
0.80
0.035
0.005

−
0.588
0.334
0.099

-5.93
9.38
5.75
1.93

< 0.001
< 0.001
< 0.001
0.057

2.00
1.71
1.36

-0.708
8.57
0.162
0.0109

0.089
0.96
0.027
0.0052

−
0.543
0.321
0.266

-7.95
8.97
5.94
3.27

<0.001
< 0.001
< 0.001
0.039

2.17
1.35
1.85

-0.813

0.063

-12.8 < 0.001 -

8.50
0.173
0.0152

0.528
0.021
0.003

−
0.603
0.283
0.147

16.1
8.38
4.83

< 0.001 2.17
< 0.001 1.76
< 0.001 1.42

!
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Table 4. Comparison of eddy covariance Tower ET with MODIS ET calculated from MODIS
EVI and ETo-BC (this study) and ET from the MODIS MOD16A2 product at tower sites in SRER
and WGEW rangelands. Values are means and standard error across years for each site, and
means and standard errors in parentheses for all years across sites. The SRER Creosote site had
only one season of data so standard error was not calculated. Mean % difference across sites was
calculated from absolute differences of individual sites.
Site
SRER Creosote
DOY 200-285, 2008

1!

Tower ET MODIS ET Bias
-1
(mm yr ) This study
(%)
147
155
+7.5

MOD 16A2 ET Bias
(%)
-

WGEW Lucky Hills Shrubland 241 (14)
2004, 2007-2012

206 (16)

-14.5

128 (11)

-46.9

SRER Grassland
2008-2012

400 (32)

379 (30)

-5.3

138 (18)

-65.5

SRER Mesquite
2004-2012

325 (21)

299 (24)

-8.0

129 (8)

-60.3

WG Kendall Grassland
2004-2012

256 (16)

257 (18)

+0.004 157 (13)

-38.7

Mean

275 (47)

257 (43)

-6.5

-54.7

138 (7)

!
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Table 5. Comparison of ET, PPT and ET/PPT for sites used in this study. ET was for wide-area
sites and was calculated from MODIS EVI and ETo-BC. Different letters within a column denote
significant differences in means at P < 0.05 one-way ANOVA and Tukey's mean difference test
within each column. Numbers in parenthesis are standard errors of means. F and P statistics are
given for the one-way ANOVA for each variable with site as the categorical variable.
Years ET (mm yr-1) PPT (mm yr-1) ET/PPT

1!

SRER Mesquite - 2 5

364 (41)a

374 (50)a

0.996 (0.063)a

SRER Grass

5

358 (30)a

374 (50)a

0.996 (0.037)a

SRER Mesquite

9

306 (19)a

331 (21)a,b

0.923 (0.001)a

Kendall Grass

9

234 (16)b

271 (20)b

0.875 (0.037)a,b

LH Shrub

7

223 (19)b

257 (24)b

0.885 (0.064)a,b

SRER Creosote

9

190 (5)b

272 (12)b

0.707 (0.034)b

Statistics: F, P

-

11.9, < 0.001

3.52, 0.01

5.78, < 0.001

!

290

Table 6. Comparison of EVI, ET, PPT and ET/PPT for the Kendall Grassland site before (20002005) and after (2006-2012) replacement of native grasses with introduced E. lehmanniana.
2006 was a transition year and was not included. P values were based on one-way ANOVA with
Period as the categorical variable.

1!

Period

EVI

ET mm yr-1

PPT mm yr-1

ET/PPT

2000-2005

0.131 (0.008)

234 (39)

260 (49)

0.90 (0.171)

2007-2012

0.132 (0.055)

261 (17)

301 (12)

0.87 (0.031)

P

0.95

0.53

0.46

0.52

!
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Figure 1. 16-day means of EVI (A), tower ET (B) and precipitation (C) at SRER Mesquite
(closed circles) and Kendall Grassland (open circles) tower sites, 2004-2012.
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Figure 2. Tower ET regressed against EVI (A), PPT (B) and Tair (C) at SRER Mesquite Savanna
(closed circles), WGEW Kendall Grassland (open circles) amd WGEW Lucky Hills Shrubland
(open squares) sites, 2004-2012. Data points are mean monthly values over years and mean
annual values for each year. Plots A and B were fit with linear regression lines. Points for Tair
appeared to fall into three clusters, one showing maximum response of ET to Tair (dashed line a),
one showing a minimal response (dashed line c) and one showing an intermediate response
(overall regression line b).

293

5

A
Tower ET (mm d-1 )

4

y = 4.03/(1+e-(x-1.4375)/0.4584)
r2 = 0.82
SEM = 0.302
P<0.001

3

2

1

0
0.0

0.5

1.0

1.5

2.0

2.5

3.0

EVI x ET o (mm d -1 )

5

1:1

B

Tower ET (mm d-1 )

95% C.I.

y = 1.02 x + 0.061
r2 = 0.75

4

RMSE = 0.362
Bias = 0.076
P < 0.001

3

2

1
Training Data
Validation Data
0
0

1

2

3

4

5

MODIS ET (mm d-1 )

Figure 3. (A) Sigmoidal relationship between tower ET and the product of EVI and BlaneyCriddle reference crop ET based on mean monthly values over the first half of each measurement
period at four flux towers sites in southern Arizona. (B) MODIS ET predicted from the equation
in (A) using calibration data (closed circles) and validation data (open circles). The validation set
was the second half of each measurement period. The plot shows 95% confidence intervals for
the regression line (solid lines) and the 1:1 line (dashed line).
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Figure 4. MODIS ET (closed circles) and precipitation (open circles) over wide area sites
centered on the SRER Mesquite Savanna (A), SRER Mesquite-2 (B), SRER Grassland (C),
WGEW Kendall Grassland (D), SRER Creosote (E) and SRER Shrubland (F) sites. Data points
are monthly means across years (2004-2012); error bars are standard errors of means.
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Figure 5. Annual MODIS ET versus precipitation for six wide-area sites in southern Arizona
rangelands. Plot shows regression line (solid line), 95% confidence intervals (short dashed lines)
and the 1:1 line (long dashed line).
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