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A B S T R A C T

Water-limited ecosystems often recover slowly following anthropogenic or natural disturbance. Multitemporal
remote sensing can be used to monitor ecosystem recovery after disturbance; however, dryland vegetation cover
can be challenging to accurately measure due to sparse cover and spectral confusion between soils and non-
photosynthetic vegetation. With the goal of optimizing a monitoring approach for identifying both abrupt and
gradual vegetation changes, we evaluated the ability of Landsat-derived spectral variables to characterize sur-
face variability of vegetation cover and bare ground across a range of vegetation community types. Using three
year composites of Landsat data, we modeled relationships between spectral information and field data collected
at monitoring sites near Canyonlands National Park, UT. We also developed multiple regression models to assess
improvement over single variables. We found that for all vegetation types, percent cover bare ground could be
accurately modeled with single indices that included a combination of red and shortwave infrared bands, while
near infrared-based vegetation indices like NDVI worked best for quantifying tree cover and total live vegetation
cover in woodlands. We applied four models to characterize the spatial distribution of putative grassland eco-
logical states across our study area, illustrating how this approach can be implemented to guide dryland eco-
system management.

1. Introduction

Drylands, which constitute about 40% of the Earth's terrestrial land
mass, are defined as regions where the ratio of mean annual pre-
cipitation is less than two thirds of potential evapotranspiration, re-
sulting in low overall soil moisture available to vegetation (Lal, 2004;
Johnson et al., 2012; Yang et al., 2012). Dryland ecosystems often
contain a large variety of endemic plant and animal species, and can
support high biodiversity despite their high levels of aridity
(Millennium Ecosystem Assessment, 2005; Stohlgren et al., 2005).
Dryland ecosystems are strongly water-limited, and while many species
are adapted to limited resources these ecosystems are vulnerable to
falling into persistent degraded condition due to improper land-use,
often coupled with abrupt climatic shifts (Weltzin et al., 2003;
Lioubimtseva et al., 2005; Schwinning et al., 2008; Johnson et al.,
2012). Understanding causes and patterns of persistent land degrada-
tion in responses to climate change and/or land-use in drylands, often
referred to as “desertification” or “state change”, has become a focus of

research and management in drylands globally in recent decades (Steele
et al., 2012; Bestelmeyer et al., 2015).

The arid and semi-arid landscapes of the Colorado Plateau are
highly susceptible to desertification due to climatic variations and
human activities (Mouat et al., 1997; Dregne, 2002; Clements, 2004;
Schwinning and Sala, 2004; Copeland et al., 2017; Munson et al.,
2011a). Change-inducing drivers impacting Colorado Plateau drylands
include current and historical overgrazing by cattle and sheep
(Alzérreca-Angelo et al., 1998; Neff et al., 2005; Fernandez et al.,
2008), the establishment and spread of invasive species (Evans et al.,
2001; Stohlgren et al., 2001; Gelbard and Belnap, 2003), and the im-
pacts of vegetation clearing associated with oil and gas development
(Allred et al., 2015; Nauman et al., 2017). Deleterious ecosystem im-
pacts of these activities include habitat fragmentation (Belnap, 2002;
Copeland et al., 2009; Webb and Wilshire, 2012), soil erosion (Belnap
and Gillette, 1998; Munson et al., 2011b), and increased dust produc-
tion which has been shown to increase the rates of snowmelt in the
Rocky Mountain snowpack (Painter et al., 2010; Deems et al., 2013;
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Skiles et al., 2015). Effective management of Colorado Plateau eco-
systems requires information both on the extent and intensity of drivers
of change, as well as spatiotemporal data on the distribution of eco-
system states (Steele et al., 2012) and ecosystem indicators that can be
used to assess proximity or risk of an undesired state change
(Bestelmeyer et al., 2013).

In the dryland ecosystems of the Colorado Plateau, indicators used
to identify ecological states include cover and connectivity of bare
ground, foliar cover of vascular plants, plant community composition,
presence and abundance of invasive species, and cover of biological soil
crusts (Herrick et al., 2005; Miller et al., 2011; Toevs et al., 2011;
Duniway et al., 2016). Biological soil crusts (BSC), a thin layer of cy-
anobacteria, lichens and mosses, are particularly sensitive to surface
disturbance (Weber et al., 2014). BSC play an important role in stabi-
lizing dryland soils by protecting surfaces from wind and water erosion,
and by limiting the amount of dust emitted into the air (Belnap and
Gillette, 1998). Additionally, the presence of healthy BSC layers pro-
motes viable water-holding capacity and fertility of soils by reinforcing
the levels of plant-essential nutrients (Verrecchia et al., 1995; Belnap,
2003). The reduction of BSC cover from disturbance is a significant
contributor to the desertification of arid regions due largely in part to
the loss of soil stability and fertility as well as the increase of dust
emissions. The effects of anthropogenic changes on vegetation, BSC and
soils are often challenging to monitor over regional scales; the devel-
opment of an accurate, flexible and repeatable methodology to reliably
assess the effects of land change would benefit ecosystem monitoring,
conservation and restoration efforts of dryland ecosystems.

Remote sensing provides a synoptic view of landscapes and has
facilitated the monitoring of land change and recovery from dis-
turbance (Mas, 1999; Weng, 2002; Wulder et al., 2009; Vogelmann
et al., 2012; Bunting et al., 2017). Landsat Thematic Mapper (TM) data
have been used to monitor the abundance and change in vegetation
cover, often by calculating vegetation indices (VIs) that rely on differ-
ences in the red and near-infrared bands to capture the greenness of
photosynthetic vegetation (PV) (Table 1; Tucker, 1979; Pickup, 1995;
Dawelbait and Morari, 2008). However, dryland ecosystems are chal-
lenging to measure using remote sensing due to the frequent lack of a
strong green vegetation signal, and confusion between non-photo-
synthetic vegetation (NPV) and spectrally variable bare ground that
may include BSC (Smith et al., 1990; White et al., 2000; Dawelbait and
Morari, 2008; Higginbottom and Symeonakis, 2014; Guerschman et al.,
2015; Li and Guo, 2016). The Normalized Difference Vegetation Index
(NDVI) has general utility for capturing quantities of green vegetation,
but can be sensitive to soil background where soil fractions are high
(Huete and Tucker, 1991). Various corrections to NDVI have been
suggested to account for soil variability, particularly in drylands (e.g.,
SAVI; Table 1; Huete, 1988).

There are limits to accounting for spectral variability with a single
index. Spectral mixture analysis (SMA; Smith et al., 1990) is an ap-
proach that can more explicitly account for soil background variability,
by modeling each pixel as a mixture of spectral “endmembers” (e.g.,
green vegetation, soil, and shadow), and has been found to perform
well in arid regions (Smith et al., 1990; Okin et al., 2001; Asner and
Heidebrecht, 2002; Okin, 2007). Multiple endmember spectral mixture
analysis (MESMA), in particular, may help to better quantify vegetation
cover by optimizing the selection of spectral endmembers on a per-pixel
basis (Roberts et al., 1998). This can help to account for soil variability
and also better distinguish among contributions from photosynthetic
vegetation, non-photosynthetic vegetation (NPV; Roberts et al., 1993)
and soil.

Most of the power of MESMA comes from the application of large
reference endmember libraries to hyperspectral image data (e.g.,
AVIRIS), which can be a drawback when considering regional mon-
itoring applications. The use of lower dimensionality image data (i.e.,
Landsat) available for long time series analysis reduces the power of
MESMA. Yet the handling of multiple dimensions of spectral informa-
tion available with Landsat has substantial merit if easily im-
plementable. For example, The Tasseled Cap approach (Table 1; Kauth
and Thomas, 1976) easily incorporates the data dimensionality of
Landsat and has proven popular for large area studies (Dymond et al.,
2002; Zhang et al., 2002). Tasseled Cap Brightness, Greenness, and
Wetness transforms are clearly related to SMA fractions of soil/shadow,
green vegetation, and NPV, respectively, but may not be locally opti-
mized.

A suite of variables that are locally optimized for spectral differ-
ences among PV, NPV, and bare soil, can be combined to form robust
indicators of vegetation condition and gradual land change.
Implementing the use of a suite of spectral variables to characterize
vegetation states has proven to be useful in past studies (Hill, 2013;
Wang et al., 2013; Villarreal et al., 2016a). A locally-optimized suite of
remote sensing variables could supplement long-term, ground-based
monitoring programs meant to track changes in vegetation and eco-
system condition (Jensen, 2000; Dawelbait and Morari, 2008; Duniway
et al., 2012).

The objective of this study was to develop an easily implementable
but robust remote sensing approach to monitor ecosystem indicators,
with the goal of providing guidance for land managers interested in
avoiding land degradation and promoting recovery in dryland ecosys-
tems. To accomplish this we evaluated the ability of Landsat-derived
spectral variables to characterize surface variability in vegetation cover
and bare ground across a range of dryland vegetation community types.
We used a mix of conventional spectral indices, band transformations
and single reflectance bands that we hypothesized would capture the
variability of PV, NPV and soil brightness present in dryland plant

Table 1
Landsat bands, spectral indices, and transformations selected for this study based on their known (and hypothesized) ability to capture three basic surface properties of drylands:
photosynthetic vegetation (surface property=PV), non-photosynthetic vegetation (surface property=NPV), and bare ground (surface property= Soil).

Index Acronym Surface Property Formula Reference

Normalized Difference Vegetation Index NDVI PV −

+

NIR Red
NIR Red

( )
( )

Tucker, 1979

Soil Adjusted Vegetation Index SAVI PV
+

−

+ +
L(1 )NIR Red

NIR Red L
( )

( )
Huete, 1988

Tasseled Cap Transformation (greenness) TCG PV Kauth and Thomas, 1976
Soil Adjusted Total Vegetation Index SATVI PV/NPV*

+ −
−

+ +
L(1 )SWIR Red

SWIR Red L
SWIR( 1 )

( 1 )
2

2
Marsett et al., 2006

Non-Photosynthetic Vegetation Normalized Difference NPVND NPV − +

+ +

SWIR Red NIR
SWIR Red NIR

1 ( )
1 ( )

Tasseled Cap Transformation (wetness) TCW NPV Kauth and Thomas, 1976
Soil Normalized Difference Index SNDI Soil − +

+ +

Red NIR SWIR
Red NIR SWIR

( 1)
( 1)

Tasseled Cap Transformation (brightness) TCB Soil Kauth and Thomas, 1976
Landsat TM band 3 (0.63–0.69 μm) Red Soil

L = soil brightness correction factor. *SATVI is considered a total vegetation index, and is therefore considered for both PV and NPV.
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communities. We calculated 9 spectral variables using three-year
(2006–2008) growing season (March–October) Landsat 5 composites in
Google Earth Engine and tested relationships between the variables and
field data collected at monitoring sites in and around Canyonlands
National Park, UT during the same period. We developed and evaluated
both bivariate and multiple regression models to determine if more
spectral information improved our ability to predict amount of cover.
Finally, we applied four models spatially to illustrate how this approach
can be used to characterize alternative ecological states identified by
previous research (Miller et al., 2011). Data and methods presented in
this study can be used to develop an accurate and flexible approach to
assess spatiotemporal distribution of putative ecological states in dry-
lands that, when applied in a multitemporal context, would comple-
ment field-based approaches to the monitoring of land change and re-
storation success within the Colorado Plateau.

2. Methods

2.1. Study area and field data

The Colorado Plateau is widely known for its arid, colorful and
rugged canyon country, but it is also a diverse landscape of wooded
uplands, riparian corridors, and a variety of shrublands and grasslands.
It is roughly centered on the Four Corners region of the southwestern

US and covers an area of 365,980 km2 within western Colorado,
northwestern New Mexico, southeastern Utah, and northern Arizona
(Fig. 1). The Colorado Plateau is located on the dry edge of two climate
systems that contribute to a unique precipitation regime of relatively
evenly distributed, but low, monthly precipitation, with June generally
the driest month: in mid to late summer, precipitation is associated with
the strength of the North American Monsoon, whereas other months
involve a contribution from the North Pacific Jet Stream (Hereford and
Webb, 1992). Ecosystems within the Colorado Plateau are influenced
by the low and variable precipitation as a result of being located be-
tween these two climate boundaries.

Our particular study site covers an area around Canyonlands
National Park, in the central Colorado Plateau region of southeastern
Utah (Fig. 1). Field data collection was initiated by Miller et al. (2011,
see also Bowker et al., 2012) within plots dispersed across the Ca-
nyonlands Research Center (canyonlandsresearchcenter.org), a
1500 km2 area with approximately 25 percent of the plots located
within the Needles District of Canyonlands National Park, with the
remainder on Bureau of Land Management (BLM) lands in the adjacent
Indian Creek grazing allotment. Sampling was conducted at 315 plots in
total, with each plot surveyed along three parallel 50m transects se-
parated by 25m and oriented to the hillslope contour. Plot locations
range in elevation from 1400–2400m. Each plot was assigned to a
community type based on its “potential vegetation” designation within

Fig. 1. Map showing the study area within the Colorado Plateau in southwestern U.S., and field sampling locations at Canyonlands National Park and the Indian Creek grazing allotment
(BLM).
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the USDA Natural Resource Conservation Service Ecological Site land
classification system (potential based on plot soil, landscape, and cli-
matic setting; Duniway et al., 2010, Miller et al., 2011). At each plot,
percent foliar cover of live vascular plants were identified to species
(‘live cover’ consisted of plants that ranged from fully photosynthetic to
non-photosynthetic woody stems that supported green foliar tissues on
distal branches), biological soil crust, litter, rocks, and bare ground
were estimated using the line-point intercept method with 1m sam-
pling intervals (150 points per plot; Herrick et al., 2005; Bowker et al.,
2012). Sampling was conducted over the course of three field seasons in
2006, 2007 and 2008 on various dates between May and early No-
vember.

Of the major plant communities sampled, we focus on five which
are well represented by our plot samples and are common across the
Colorado Plateau region: Grasslands (n= 158), Sagebrush (n=61),
Blackbrush (n=22), Juniper-Blackbrush (n= 33), and Pinyon-Juniper

(n= 41) (Fig. 2). The grasslands community type is characterized by a
mixture of perennial native grasses, flowering herbs and exotic species.
Common native grass species include James’ galleta grass (Pleuraphis
jamesii), dropseed grasses (Sporobolus spp.), and Indian ricegrass (Ach-
natherum hymenoides); some sites have a considerable presence of the
exotics cheatgrass (Bromus tectorum) and Russian thistle (Salsola spp).
The Sagebrush community type consists primarily of the perennial
shrub big sagebrush (Artemisia tridentata) mixed with native and non-
native grasses including blue grama grass (Bouteloua gracilis), needle
and thread grass (Hesperostipa comata), crested wheatgrass (Agropyron
cristatum) and B. tectorum. The Blackbrush community is characterized
by the presence of blackbrush (Coleogyne ramosissima), and can contain
a mix of perennial native grasses including sixweeks grass (Festuca oc-
toflora), and subshrubs such as mormon tea (Ephedra viridis). The
Blackbrush-Juniper community type is dominated by blackbrush and
Utah Juniper (Juniperus osteosperma), with an understory characterized
by a mixture of perennial native grasses like F. octoflora, and flowering
herbs such as mountain pepperweed (Lepidium montanum); in addition,
two needle pinyon (Pinus edulis) may be present in tree form. The
Pinyon-Juniper community type is characterized by the presence of J.
osteosperma and P. edulis and includes perennial native grasses in-
cluding A. cristatum and the exotic B. tectorum, as well as shrubs such as
A. tridentata.

Common within all plant community types in our study area is the
presence of biological soil crusts (BSC). BSC composition is dominated
by the cyanobacterium Microcoleus vaginatus, but also includes ni-
trogen-fixing lichens such as Collema and Placidium spp., the most
common of which is C. tenax, and mosses such as Bryum argenteum and
Syntrichia caninervis (Belnap, 2003; Miller et al., 2011). Species com-
position of BSC is highly dependent on the level of development when
recovering from a disturbance event, often caused by livestock, off-road
vehicles, or foot traffic (Weber et al., 2014). Flat crusts with low pre-
sence of cyanobacteria are indicative of recovery within a year of dis-
turbance; moderately bumpy crust with moderate presence of cyano-
bacteria and no cover of moss or lichen occur roughly 5–10 years after a
disturbance; and very bumpy crust with high presence of cyanobacteria
and full lichen and moss development occur approximately 20 years
after a disturbance event (Weber et al., 2014).

2.2. Remote sensing and image processing

Nine Landsat-based spectral variables were selected based on their
known (and hypothesized) ability to capture three basic surface prop-
erty components of drylands: Photosynthetic Vegetation (PV), Non-
photosynthetic Vegetation (NPV) and soil (Table 1). We calculated the
Tasseled Cap Transformation (Kauth and Thomas, 1976) based on
weights described by Crist and Cicone (1984) to derive tasseled cap
brightness (TCB), greenness (TCG), and wetness (TCW). TCB should be
well correlated with soil, and TCG with vegetation. TCW's contrasting
weightings on shortwave infrared reflectance compared to visible
through near-infrared reflectance (VNIR) suggest that it will be strongly
(but inversely) correlated with NPV. To better account for the effects of
overall pixel brightness on these variables, we also generated spectral
variables (indices) that normalize for brightness. For PV we used NDVI
(Tucker, 1979) and the Soil Adjusted Vegetation Index (SAVI; Huete,
1988); for NPV we selected the Soil Adjusted Total Vegetation Index
(SATVI; Marsett et al., 2006), and we calculated a custom index which
we called the Non-Photosynthetic Vegetation Normalized Difference
Index (NPVND; see Table 1 for eqn.). For deriving spectral information
from soil surfaces we calculated an additional customized index, calling
it the Soil Normalized Difference Index (SNDI; Table 1), and Landsat
TM band 3 (Red), since this band can be useful for distinguishing be-
tween vegetation and bare ground in semi-arid landscapes (Huete,
1988).

Google Earth Engine was used for image processing (Gorelick et al.,
2017). This platform provides access to the Landsat surface reflectance

Fig. 2. Field photographs showing examples of the five major plant communities sampled
in this study, from top to bottom: Grasslands, Sagebrush, Blackbrush, Juniper-Blackbrush,
and Pinyon-Juniper. Images show a typical plant community (left) and a close up of a
typical associated soil surface (right; photos courtesy of M. Miller).
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catalog, and enables fast computations on large quantities of data in
space and time. For this study, we processed 3 years (2006–2008) of
Landsat 5 data for the study region, in order to coincide with the timing
of the collection of field data. With satellite overpasses occurring only
once every 16 days, and many of these dates having plots obscured by
cloud cover, perfect (or even good) date matches with field data col-
lection are not feasible. Instead, we took advantage of Earth Engine's
processing capabilities to output satellite variable values for all avail-
able imagery between March and October for the 3 year window. The
months of November through February were avoided due to their lack
of green vegetation, poor illumination, and possible snow cover.
Average satellite variable values within a 30m radius of the plot center
were output for each image date. We then explored correlations be-
tween the values resulting from various temporal processing of these
satellite variable values (the predictor variables) with various field-
collected cover values (the dependent variables). This temporal pro-
cessing is essentially a form of multi-date image compositing, similar to
a maximum NDVI compositing (e.g., to remove clouds; Holben, 1986),
but with composites specific to each variable. Instead of maximum,
which would be considered a 100 percentile composite, we used 90th
percentile compositing to avoid any anomalously high values. It was
determined that the spectral variable values derived from that variable's
own composite tended to perform better (show higher correlations with
field data) than those associated with the maximum NDVI-based com-
posite. For all variables we tested values associated with each spectral
variable's own 90th percentile and median (50th percentile) to de-
termine best correlation with field data. In the cases of variables related
to PV and NPV, values associated with their 90th percentiles tended to
show the highest correlation with field data. In the cases of variables
related to soil, values associated with their medians tended to show the
highest correlation.

2.3. Statistical and spatial models

We used linear regression to develop equations that relate spectral
data to percent cover of ground measured variables (hereafter, “cover
types”) within the Grasslands (G), Sagebrush (S), Blackbrush (B),
Juniper-Blackbrush (JB), and Pinyon-Juniper (PJ) community types.
Within each community we modeled total live vegetation cover (TV),
bare ground (BG), biological soil crust cover (BSC) and exotic vegeta-
tion (EX) cover. Any cover type that never reached 10% cover values
within a community type was not modeled (e.g. BSC in sagebrush and
EX in blackbrush). Individual models are represented by the cover type
acronym followed by the vegetation community type in subscript (e.g.
Total Vegetation in Grasslands= TVG).

We performed stepwise linear regression using a forward/backward
hybrid selection process with Akaike's Information Criterion (AIC) as a
preliminary model evaluation metric (MASS statistical package in R;
Venables and Ripley, 2002). For each dependent variable, we calcu-
lated simple linear regression equations that included a single variable
such as SATVI, and multiple linear regression using either two or three
variables, such as SATVI + TCG + SNDI. We then compared R2 values
for our paired simple and multiple regression models using k-fold cross
validation with the DAAG statistical package in R (Maindonald and
Braun, 2015), in order to help assess any overfitting in the multiple
regression.

We applied the best cross-validated regression models for the
grassland community cover types (BG, TV, BSC, EX) to Landsat imagery
covering an area of Canyonlands National Park and the Indian Creek
allotment. The resulting map depicts three rangeland “states” as defined
by Miller et al. (2011) using the same field data set used to develop the
remote sensing models (Fig. 3). The grassland states include three
classes: 1) biocrust (grassland with high coverage of BSC), 2) grass-bare
(low biological crust but retains perennial grasses) and 3) annualized-
bare (dominated by bare ground and invasive annual plants). State
modeling was implemented with a random forest supervised

classification trained on 145 field observations of grassland ecological
states (Miller et al., 2011; Bowker et al., 2012). The random forest
utilized the bare ground, biological soil crust, exotics, and total vege-
tation cover maps created from our Grassland cover models as covari-
ates for classification. Classification was conducted in the R Statistical
Computing Language (R Development Core Team, 2016) using the
randomForest package (Liaw and Wiener, 2002; Breiman, 2001) with
1000 trees, 2 variables tested per split and trees allowed to grow to
single instance leaves. The random forest model was then applied to the
study area within grassland/shrubland vegetation communities identi-
fied by the SWReGAP vegetation map (Lowry et al., 2007).

3. Results

3.1. Model comparisons and general results

A comparison of cross-validated simple linear and AIC-selected
multiple regression models revealed that the multiple regression models
often had slightly higher R2 but the two were generally similar
(Table 2). With a concern that even our cross-validated results might be
biased toward multiple regression models (i.e., our test data are not
truly independent), and for reasons of parsimony, we considered a
multiple regression model superior to the simple linear regression only
if the R2 was greater by 0.05 or more, and by this criterion the simple
linear regression models were chosen in 9 of 11 cases. In the case of
bare ground and total vegetation, single variable models characterize
cover nearly as well as multiple regression models with the exception of
BGJB and TVPJ (Table 2). Multiple regression R2 were considerably
higher than bivariate for the two exotics models EXG and EXPJ

(0.32–0.47 and 0.46 to 0.67, respectively). While R2 of single variable
models were often similar to multiple regressions R2 for grassland, sa-
gebrush, blackbrush and juniper-blackbrush, multiple regression
models outperformed single variables in 4 of 5 cover type models in the
pinyon-juniper community type (Table 2), and these models produced
some of the highest R2 values of the group.

We found that SATVI was a strong predictor of bare ground and
total vegetation cover in all vegetation community types, as well as
being a commonly selected variable in many multiple regression AIC
models (Tables 2 and 3). Additionally, we found that for all vegetation
types, percent bare ground models from SATVI produced the highest R2

values. Near infrared-based vegetation indices like NDVI worked best
for quantifying tree cover and total live vegetation cover in woodlands.
Spectral variables representing the three primary surface properties
(PV, NPV and Soil) appeared in mixed orders within some multiple
regression models. BSC and EX models generally used all three surface
properties in the multi-variable models with good results.

3.2. Community specific models

Grasslands – SATVI was the most commonly selected spectral
variable for cover models within the grassland community type
(Table 2). SATVI was the best single predictor of BGG (R2= 0.55) and
the inclusion of additional variables to the model showed negligible
improvement (BGG: SATVI + NPVND + TCG, R2= 0.57). SATVI was
also the main predictor of TVG (R2= 0.34), and the multiple regression
model showed only small improvement (TVG: SATVI + NDVI + SNDI,
R2= 0.37) (Table 2, Fig. 4). Additionally, SATVI was the primary
predictor in the EXG multiple regression model NDVI (PV spectral
variable class) and was the best predictor in a single variable model of
exotic vegetation cover (R2 = 0.32), however the multiple regression
model with SATVI as the primary was considerably better than the
single variable model (SATVI + TCG + SNDI; R2= 0.47) (Table 2).
Multiple regression models that combined SATVI, TCG (PV), and SNDI
(Soil) improved models of BSC and EX substantially over the single
variable models (Table 2).

Sagebrush - SATVI was the best predictor variable of TVS
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(R2= 0.38) and BGS (R2=0.35) in the sagebrush community (Fig. 5).
Multiple regression models showed only slight improvements over the
single variable models (Table 2).

Blackbrush - SATVI was the strongest single variable for both the
BGB (R2= 0.78) and BSCB (R2=0.70) models (Table 2, Fig. 6). Both of
these models had the strongest linear relationships between spectral
data and BG and BSC cover of all community types modeled. The in-
clusion of additional variables did not improve the BGB model (SATVI,
TCW; R2=0.76) nor the BSCB (Table 2). SATVI was a secondary

variable for the TVB multiple regression model (Red, SATVI;
R2= 0.42), however this model showed negligible improvement over
the single variable (Red; R2= 0.37). Variables from the NPV and Soil
classes were used in combinations in all multiple regression models,
with no contribution from PV predictors (Table 3).

Juniper-Blackbrush - Overall, SATVI was the most influential
variable within the juniper-blackbrush community type. It was the
strongest single variable for two of the three modeled variables (BGJB,
and BSCJB) (Table 2). The relationship between BSC and SATVI was

Fig. 3. State-and-transition model for the grasslands
community type. Boxes 1–3 represent putative alter-
native states and labeled arrows reflect hypothesized
processes responsible for transitions and recovery
among states.

Table 2
Comparison of cross-validated simple linear and multiple regression model adjusted R2 and RMSE values and model significance. Each column represents a vegetation community type
and each pair of rows represents a cover type. For each combination of vegetation community and surface cover type, the best single variable model is on the top row and multiple
regression below them. Cover types with no plots exceeding 10% within a community type were not modeled and are left blank (e.g. BSC in Sagebrush and EX in Blackbrush).

Regression
Model

Grasslands (G) Sagebrush (S) Blackbrush (B) Juniper-Blackbrush (JB) Pinyon-Juniper (PJ)

Bare Ground
(BG)

Linear SATVI **
(R2=0.55)
(RMSE=11.60)

SATVI**
(R2= 0.35)
(RMSE=9.78)

SATVI**
(R2= 0.78)
(RMSE=6.20)

SATVI**
(R2=0.45)
(RMSE=12.40)

SNDI**
(R2=0.58)
(RMSE=6.95)

Multiple SATVI + NPVND + TCG**
(R2 = 0.57)
(RMSE=11.30)

SATVI + SNDI + SAVI**
(R2= 0.40)
(RMSE=9.41)

SATVI + TCW**
(R2= 0.76)
(RMSE=6.04)

SATVI + TCG + Red**
(R2=0.57)
(RMSE=11.03)

SNDI + TCB**
(R2=0.63)
(RMSE=6.58)

Total
Vegetation
(TV)

Linear SATVI**
(R2=0.34)
(RMSE=16.80)

SATVI**
(R2= 0.38)
(RMSE=9.66)

Red*
(R2= 0.37)
(RMSE=5.04)

Red
(R2=0.07)
(RMSE=9.75)

NDVI**
(R2=0.69)
(RMSE=7.38)

Multiple SATVI + NDVI + SNDI**
(R2=0.37)
(RMSE=16.10)

SATVI + SNDI**
(R2= 0.40) (RMSE=9.46)

Red + SATVI*
(R2= 0.42)
(RMSE=4.81)

Red + TCG
(R2=0.096)
(RMSE=9.61)

NDVI + SATVI**
(R2=0.71)
(RMSE=7.05)

Biological Soil
Crust (BSC)

Linear Red***
(R2=0.22)
(RMSE=12.20)

SATVI**
(R2= 0.70)
(RMSE=5.21)

SATVI**
(R2=0.60)
(RMSE=7.63)

SATVI*
(R2=0.21)
(RMSE=5.53)

Multiple TCG + NPVND + SNDI**
(R2 = 0.30)
(RMSE=11.50)

SATVI**
(R2= 0.70)
(RMSE=5.21)

SATVI + SAVI + TCB**
(R2=0.74)
(RMSE=6.20)

SATVI + TCG + SNDI**
(R2=0.40)
(RMSE=4.81)

Exotic
Vegetation
(EX)

Linear NDVI**
(R2=0.32)
(RMSE=11.60)

NPVND***
(R2=0.46)
(RMSE=7.86)

Multiple SATVI + TCG + SNDI**
(R2 = 0.47)
(RMSE=9.77)

NPVND + TCG + SAVI**
(R2=0.67)
(RMSE=6.51)

*p > .01, **p < .001.
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strongest (R2= 0.60), and the inclusion of additional variables to the
model showed improvement (BSCJB: SATVI, SAVI, TCB; R2= 0.74).
The single variable model for BGJB performed moderately well (SATVI;
R2= 0.45), but the multiple regression model that included PV and Soil
variables improved upon the single model (BGJB: SATVI, TCG, Red;
R2= 0.57) (Table 2, Fig. 7). The red band was the strongest single
predictor of TVJB, but the correlation was extremely weak (R2= 0.07).

Pinyon Juniper - NDVI was the strongest variable of TVPJ,

(R2 = 0.69), and the addition of an NPV variable improved the model
slightly (NDVI + SATVI, R2= 0.71) (Fig. 8, Table 2). The single vari-
able model for BGPJ also performed well (SNDI, R2= 0.58), but the
multiple regression model using an additional variable showed little
improvement in this case (BGPJ: SNDI + TCB, R2= 0.63). The multiple
regression BSCPJ model (SATVI + TCG + SNDI, R2= 0.40) combined
spectral variables from all three classes (PV, NPV, and Soil) and was an
improvement over the single SATVI model (R2= 0.21). The EXPJ model
performed moderately well with a single variable (NPVND, R2= 0.46),
however the multiple regression model using NPV and PV spectral
variable classes showed substantially improved correlation (EXPJ:
NPVND + TCG + SAVI, R2= 0.67) (Table 2).

3.3. Grassland state model

The grassland state model was moderately accurate with an out-of-
bag accuracy of 64.8% (Kappa= 0.434, p < .00001). Annualized-bare
states were correctly classified at 54% of sites, Grass-bare at 75% of
sites and Biocrust at 56% of sites. The model predicted a potential area
of 51,535 ha of Biocrust, 126,880 ha of Grass-bare and 23,705 ha of
Annualized-bare distributed throughout the study area (Fig. 9). Visual
patterns of Annualized-bare areas tended to follow roads, trails and
other known disturbed areas in and around Canyonlands National Park
(CNP) Needles District. Biocrust areas tended to be mapped in isolated
and/or protected areas like Virginia Park (Belnap and Phillips, 2001) in
CNP where this ecological state would be expected, providing evidence
that results generally reflected field conditions. The predicted area of
these cover types far exceeds their real potential distribution across the
landscape, which is likely much smaller given soil-geomorphic controls
on the distribution of grassland ecosites, that we did not account for in
the random forest modeling.

4. Discussion

Drylands of the southwestern United States experience a number of

Table 3
Summary table of best bivariate and multiple regression models for each vegetation community and each land cover type. Selected best models presented
here between simple linear and multiple regression models were based on at least 0.05 increase from single to multiple R2.

Acronym Variables Model

BGG SATVI − ∗ +SATVI( 388.98 ) 62.64
TVG SATVI ∗ +SATVI(362.62 ) 9.86
BSCG TCG, NPVND, SNDI − ∗ + − ∗ + − ∗ −TCG NPVND SNDI( 730.5 ) ( 151.7 ) ( 511 ) 258.4
EXG SATVI, TCG, SNDI ∗ + ∗ + ∗ +SATVI TCG SNDI(522.2 ) (812.6 ) (538.5 ) 241.5
BGS SATVI − ∗ +SATVI( 327.42 ) 58.45
TVS SATVI ∗ +SATVI(341.13 ) 13.36
BGB SATVI − ∗ +SATVI( 597.2 ) 71.4
TVB Red − ∗ +Red( 229.70 ) 68.93
BSCB SATVI ∗ +SATVI(412.74 ) 3.84
BGJB SATVI, TCG, Red − ∗ + ∗ + ∗ −SATVI TCG Red( 235.19 ) (1174.96 ) (291.41 ) 25.73
TVJB Red − ∗ +Red( 174.44 ) 55.11
BSCJB SATVI ∗ −SATVI(394.42 ) 2.97
BGPJ SNDI ∗ +SNDI(348.4 ) 229.4
TVPJ NDVI, SATVI ∗ + ∗ −NDVI SATVI(175.74 ) (133.31 ) 28.25
BSCPJ SATVI, TCG, SNDI − ∗ + − ∗ + − ∗ −SATVI TCG SNDI( 259.6 ) ( 593.9 ) ( 273.1 ) 105.8
EXPJ NPVND, TCG, SAVI ∗ + ∗ + − ∗ +NPVND TCG SAVI(328.4 ) (1828.6 ) ( 759.6 ) 111.8

Fig. 4. Scatterplots showing the relationship between single spectral
variables or predicted cover estimates from multiple regression
models and field-measured cover at Grassland sites (n= 158).
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land use pressures with varying intensities and footprints that can have
profound impacts on ecosystem integrity and the production of eco-
system services (Copeland et al., 2017). Energy development (Nauman
et al., 2017), recreational land uses (e.g., off-highway vehicles;
Villarreal et al., 2016b), water demands for human use (MacDonald,
2010) and cattle grazing (Schwinning et al., 2008) can directly and
indirectly alter arid landscapes and ecosystems. In addition to these
human pressures, background climate variability and drought can
contribute to gradual or abrupt changes in plant cover (Bunting et al.,
2017). Remote sensing data and models are needed by land managers to
quickly identify the location, extent, and degree of surface change as-
sociated with these pressures, and to track these conditions over time.
This research focused on identifying optimal remotely-sensed spectral
information for monitoring vegetation cover over a range of dryland
plant communities on the Colorado Plateau. Our results support the
notion that a single satellite index (in this case based on contrasting
spectral information from just the red and shortwave infrared bands of
Landsat) can often capture gradients in cover as well or better than
more complex models with multiple variables. A single index can be
easier to interpret and is more practical for managers seeking to use
remote sensing data in an applied context. We additionally found that
unlike in more productive biomes, a vegetation index based on near-
infrared and red reflectance contrast like the Normalized Difference
Vegetation Index is often not optimal for capturing gradients of vege-
tation cover in arid lands.

A key finding of this research is that percent cover of bare ground
can be accurately modeled for most dryland vegetation community
types using a single spectral index. SATVI, which is based on reflectance
in the red and SWIR bands, provided the most accurate bare ground
models for Grasslands (R2=0.55), Sagebrush (R2=0.35), Blackbrush
(R2=0.78) and Juniper-Blackbrush (R2=0.45). SATVI was not the

best predictor of bare ground in Pinyon-Juniper, however in this case
the best predictor was SNDI, an index similar to SATVI in that it uses
both the red and SWIR bands (but with the addition of NIR). While total
vegetation is often the inverse of bare ground (exceptions are that plant
litter and soil crust factor into neither cover estimate), it is of note that
SATVI was the single best predictors of TVS (R2=0.38), and TVB

(R2= 0.37) and part of the multiple regression models for TVG

(R2= 0.37) and TVPJ (R2= 0.71). While NIR-based indices like NDVI
are commonly applied for modeling PV, the importance of the SWIR
and red bands for modeling BG and TV in drylands and rangelands has
not received sufficient attention in the remote sensing literature.
Although SATVI provides good estimates of BG and TV across multiple
plant community types, the slope of the relationship differs slightly for
each plant community so the models may lose some predictive power if
applied universally across the landscape.

SATVI was also an important component of accurate BSC models
(R2= 0.70 for BSCBB; R2= 0.60 for BSCJB), suggesting that the BSC
class may be a major contributor to the NPV signal at these sites. BSCG

and BSCPJ both utilized PV, NPV and soil related indices in regression
models, which showed considerable improvements over the bivariate
models. In Grasslands and Pinyon-Juniper, multiple regression models
of TV that included combinations of NDVI and SATVI were improve-
ments over single variable models, indicating that the individual indices
tested here are not optimized for cover characterizations. This suggests
an opportunity to develop a better single index that captures more
variation in certain dryland cover types by identifying important axes
in spectral space.

Much of the cover complexity observed in the field data is the result
of gradients of precipitation, temperature and soils that drive the dis-
tribution of plants in the study area. The strength of the relationship
between field cover estimates and remote sensing data was variable for

Fig. 5. Scatterplots showing the relationship between spectral vari-
ables and field-measured cover at Sagebrush sites (n=61).

Fig. 6. Scatterplots showing the relationship between single spectral
variables or predicted cover estimates from multiple regression
models and field-measured cover at Blackbrush sites (n= 22).
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vegetation types, and can be confounded by structural and composi-
tional complexity of the ground cover components that contribute to
the spectral reflectance and how these components vary over the
landscape, as well as the range of ecosystem indicators that occur
within the vegetation types. The Sagebrush community had the weakest
BG model of any community type (Tables 2 and 3; R2=0.40), and this
result could be related to a more complex mixture of bare ground,
native/exotic herbaceous, and shrub cover that occurs in this commu-
nity. TV models within the Juniper-Blackbrush communities were ex-
tremely poor (i.e. TVJB, R2= 0.07), and this can be explained by ex-
tremely low TV cover (Fig. 6) at these sites. However, JB sites typically
had high BSC cover and BG, which were both accurately modeled
within JB (SATVI, R2= 0.60) (Table 2) followed by bare ground
(SATVI + TCG + Red, R2= 0.57).

Development of temporal composites using many dates of Landsat
imagery within the GEE cloud computing platform can provide more
robust cover estimates of perennial plant communities compared to a
single “snapshot” scene approach, where variable plant phenology may
have an outsized influence on the spectral response of certain species
and affect the cover estimates. Multiple date composites consisting of

multiple Landsat path/rows can be calculated quickly in the cloud
computing environment, facilitating the application of multiple statis-
tical models that can accurately capture gradients of TV/BG across
large landscapes and between community types.

There is a need to refine and implement remote sensing indicators to
monitor dryland and rangeland conditions in remote areas at relatively
high spatial and temporal frequencies (Washington-Allen et al., 2006).
Regional monitoring at medium spatial resolution (≅30m) was pre-
viously limited by data and software costs and image processing/
computing speeds. Now, free access to large amounts of historical and
current satellite data, combined with advances in cloud computing and
image processing, have made it possible to apply remote sensing data
for ecosystem monitoring. The use of PV indices (i.e. NDVI, EVI, SAVI)
for vegetation greenness and biomass monitoring has been well docu-
mented in the literature, but is most accurate in productive ecosystems
or vegetation with high LAI. The low biomass and photosynthesis of
dryland vegetation requires indices that capture other surface proper-
ties like bare ground, NPV, or biocrust for monitoring applications. This
research indicates that single NPV or soil indicators can be used to
accurately capture gradients in bare ground, biocrust, exotic vegetation

Fig. 7. Scatterplots showing the relationship between single spectral
variables or predicted cover estimates from multiple regression
models and field-measured cover at Juniper-blackbrush sites
(n= 33).

Fig. 8. Scatterplots showing the relationship between single spectral
variables or predicted cover estimates from multiple regression
models and field-measured cover at Pinyon–juniper sites (n= 41).
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and in some cases total vegetation. These indices can be implemented in
time-series to monitor gradual and abrupt changes from disturbances
like grazing, fire or drought, and combined with spatial climate data to
separate natural fluctuations from anthropogenic effects. This approach
assumes the spectral models we developed, that are based on surface
cover gradients measured at plots across the landscape, can be used to
accurately measure cover changes over time. This may become com-
plicated if there is a state change between community types (e.g.,
grassland to shrubland), however we believe that a single index like
SATVI proved robust enough to quantify changes in simple indicators
(e.g., bare ground) across vegetation community types, and would not
be sensitive to changes in plant composition that may occur over time.

The grassland state model developed for this research illustrates one
of many potential applications of these remote sensing models for
dryland research. Spatial depictions of ecological states provide an
opportunity to plan spatially explicit land management actions that
account for ecological dynamics and management interpretations en-
capsulated in state-and-transition models (e.g. USDA-NRCS, 2014;
Bestelmeyer et al., 2016). For example, generalized ecological state
mapping in southern New Mexico (Steele et al., 2012) has supported
targeting of ecological states most likely to respond positively to her-
bicide treatments (for shrub control) by the Bureau of Land Manage-
ment in their Restore New Mexico efforts. We expect that maps of
ecological states, such as the one produced here, could be used in a
similar fashion in our study region, but to address the states and tran-
sitions of concern on the Colorado Plateau. Some dominant concerns in
these reaches of the Colorado Plateau include accelerated erosion due
to loss of plant BSC cover, loss of perennial grass species, and

dominance by exotic annuals (Miller et al., 2011; Hoover et al., 2015;
Duniway et al., 2016) (Fig. 3). State maps could be used to do targeted
restoration at locations either most at risk (areas adjacent to bare-an-
nualized) or areas where restoration success could be more likely (bare-
annualized adjacent to grass-bare or biocrust areas). Recent advances in
both biological soil crust (Ayuso et al., 2017) and native grass re-
storation (Fick et al., 2016) suggest these approaches maybe more
feasible both on Bureau of Land Management and National Park Service
managed lands in the near future. Finally, given the fragile nature of
intact biocrust communities to surface disturbance (Weber et al., 2014),
a more immediate application could be to steer surface disturbing ac-
tivities away from biocrust areas (e.g. during planning new livestock
water developments, off-highway vehicle or mountain bike trails, mi-
neral exploration and development, and others).

5. Conclusions

There has been considerable research investigating the best remote
sensing approaches for drylands, however advances in cloud computing
open up new research avenues on the application of these technologies
for operational ecosystem monitoring at regional scales and at high
spatial resolution. We used Google Earth Engine cloud computing to
develop a suite of spectral variables and compared these to field cover
measurements using cross-validated regression models. Our results in-
dicate that single SWIR and red band-based indices like SATVI best
modeled bare ground and total vegetation for a number of vegetation
communities. SATVI was also important for modeling biological soil
crust cover, but the addition of PV and Soil variables in BSC multiple
regression models showed improvement over a single index in com-
munities with more heterogeneous surfaces. While a single index may
adequately characterize bare ground or total vegetation cover, this re-
search suggests that developing multiple surface cover models and
stratifying these by community type has merit for monitoring different
ecosystem properties over large landscapes.
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