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A B S T R A C T

Oil and natural gas development in the western United States has increased substantially in recent decades as
technological advances like horizontal drilling and hydraulic fracturing have made extraction more commer-
cially viable. Oil and gas pads are often developed for production, and then capped, reclaimed, and left to
recover when no longer productive. Understanding the rates, controls, and degree of recovery of these reclaimed
well sites to a state similar to pre-development conditions is critical for energy development and land man-
agement decision processes. Here we use a multi-decadal time series of satellite imagery (Landsat 5, 1984–2011)
to assess vegetation regrowth on 365 abandoned well pads located across the Colorado Plateau in Utah,
Colorado, and New Mexico. We developed high-frequency time series of the Soil-Adjusted Total Vegetation Index
(SATVI) for each well pad using the Google Earth Engine cloud computing platform. BFAST time-series models
were used to fit temporal trends, identifying when vegetation was cleared from the site and the magnitudes and
rates of vegetation change after abandonment. The time series metrics are used to calculate the relative frac-
tional vegetation cover (RFVC) of each pad, a measure of post-abandonment vegetation cover relative to pre-
drilling condition. Mean and median RFVC were 36% (s.d. 33%) and 26%, respectively, five years after aban-
donment, with one third of well pads having RFVC greater than 50%. Statistical analyses suggest that much of
the high vegetation cover is associated with weedy invasive annual species such as cheatgrass (Bromus tectorum)
and Russian thistle (Salsola spp.). Climate conditions and the year of abandonment also play a role, with in-
creased cover in later years associated with a wetter period. Non-linear change at many pads suggests longer
recovery times than would be estimated by linear extrapolation. New techniques implemented here address a
complex response of cover change to soils, management, and climate over time, and can be extended to the
operational monitoring of energy development across large areas.

1. Introduction/Background

Oil and gas development across the western United States has in-
creased substantially in recent decades (Allred et al., 2015), including
within the Colorado Plateau (Martinez and Preston, 2018). The Col-
orado Plateau is a high desert region of grasslands, shrublands, and
woodlands and is home to a large number of world-renowned national
and tribal parks and monuments (e.g., Grand Canyon, Zion, Bryce,
Arches, Canyonlands, Monument Valley, and Mesa Verde). Energy de-
velopment on the Colorado Plateau is of concern regionally due to
potential environmental impacts, including water and air pollution,
habitat fragmentation, dust emissions, and soil loss from erosion, all of
which can have cascading impacts on human health (McKenzie et al.,

2012), biodiversity (Butt et al., 2013), watershed hydrology (Painter
et al., 2010), habitat quality (Brittingham et al., 2014), and recreational
land uses (Copeland et al., 2017).

Nearly 100,000 wells have been developed on the Colorado Plateau
(Fig. 1). Generally, vegetation and topsoil are removed across roughly
1–2 ha for the initiation of drilling (Buto et al., 2010; Google Earth Pro
observation), and an approximately 1/3–1/2 ha rectangular area is le-
veled for the production phase of drilling (Martinez and Preston, 2018).
In addition to the spatial footprint of oil and gas pads, there is an ex-
tensive network of pipelines, roads, and processing facilities in oil and
gas development areas (Allred et al., 2015). Oil and gas sites are typi-
cally developed for a multi-year period of extraction and then when
they are no longer productive, they are capped, reclaimed, and left to
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recover (collectively termed “plugged and abandoned”).
The U.S. Bureau of Land Management (BLM) publishes the Surface

Operating Standards and Guidelines for Oil and Gas Exploration and
Development on federal lands, with specific instructions for reclama-
tion and abandonment (USDI-BLM and USDA, 2007). These call for the
return of original topsoil and landform where practicable, with an
overall effort to set the stage for ecosystem restoration, including the
natural vegetation, hydrology, and resulting erosion control. Reclama-
tion done on BLM lands is considered successful when a self-sustaining
and diverse native plant community is established with enough density
to control erosion and prevent non-native plant invasion, and restore
wildlife habitat or forage production. The operator is not responsible
for long term recovery but is responsible for implementing the short-
term measures that help ensure that the long-term objectives will be
met after natural processes take their course. However, management of
plugged and abandoned wells on the Colorado Plateau has been shown
to be challenging (Nauman et al., 2017), likely due to inherent chal-
lenges of reclamation and restoration in drylands, uncertainty over the
operational definition of reclamation success (i.e., the quantification of
“self-sustaining and diverse”), and insufficient resources to monitor and
evaluate reclamation practices and successes at a large and growing
number of well sites regionally. As a result, many abandoned sites are
not undergoing a natural recovery and are instead experiencing little
vegetation regrowth or regrowth dominated by undesirable non-native
plants that thrive in disturbed areas, such as cheatgrass (Bromus tec-
torum) and Russian thistle (Salsola spp.) (Schwinning et al., 2008;
Nauman et al., 2017).

Natural resource managers and energy industry reclamation spe-
cialists require a monitoring strategy to assess reclamation success over
large areas and within various time frames. Remote sensing has a long
history of being used for the monitoring of land cover change over time
(Singh, 1989; Kennedy et al., 2010), including the measurement of

recovery from mining (Almeida-Filho and Shimabukuro, 2002). Image-
based techniques are varied, and range from simple vegetation index-
based time series using the Normalized Difference Vegetation Index
(NDVI; Tucker, 1979) to slightly more complex approaches such as
change vector analysis (Lambin and Strahler, 1994) and multiple end-
member time series using spectral mixture analysis (Adams et al., 1995;
Elmore et al., 2000). Shortwave infrared information can be especially
useful for capturing total vegetation cover in arid lands (Asner and
Lobell, 2000; Hagen et al., 2012), accounting for both the photo-
synthetically active green vegetation and the non-green vegetation that
might be considered as brown vegetation (Okin, 2010) or non-photo-
synthetic vegetation (NPV; Roberts et al., 1993). The Soil-Adjusted
Total Vegetation Index (SATVI; Marsett et al., 2006), makes use of in-
formation in the two Landsat shortwave infrared bands, along with the
red band, and has been found to perform particularly well as a total
vegetation metric across semi-arid rangelands of the western United
States (Hagen et al., 2012). It was found to accurately predict percen-
tage of bare ground across a variety of vegetation communities on the
Colorado Plateau, often performing best in a comparison of a variety of
vegetation indices for each community (Poitras et al., 2018), and has
also been successfully used to track vegetation cover changes after
disturbance in other semi-arid regions (Villarreal et al., 2016). These
studies make it clear that SATVI has substantial merit for time series
analysis of vegetation cover across large arid regions.

Landsat 5’s Thematic Mapper, with a 28 year record (1984–2011),
provides consistent spectral information over a sufficiently long time
period to evaluate vegetation change for a large number of well pads
with varying abandonment dates. This 28 year period of images yields
spectral information pre-dating site development (drilling) for many
wells, allowing for extraction of baseline spectral characteristics of the
site prior to disturbance. Given the extent of the Colorado Plateau
(366,000 km2), the large number of well sites, and the large quantity of

Fig. 1. Location map of the Colorado Plateau ecoregion; ecoregion detail (A) with individual well sites identified by a black dot; Google Earth Pro aerial photography
showing the footprint of oil and gas development at the landscape scale as small light colored patches (B); Google Earth Pro close-up of well pads and roads (C).
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Landsat scenes to process across 28 years, a cloud computing platform
is helpful for quick processing of large volumes of data. Google Earth
Engine (Gorelick et al., 2017), a powerful new platform for cloud
computing, provides that capability, containing the entire Landsat ar-
chive, among other data sets. It has seen growing use for a variety of
image-based analyses, including Landsat-based time series studies
(Johansen et al., 2015; Soulard et al., 2016).

Many different time series analysis approaches have been applied to
satellite imagery (Singh, 1989; Jönsson and Eklundh, 2004) and have
proven useful for identifying abrupt land cover changes (e.g., defor-
estation; Kennedy et al., 2010) and more subtle changes in vegetation
condition (e.g., phenology; Melaas et al., 2013; Senf et al., 2017). But to
date, these approaches have not been used to identify land cover
change after energy development. New developments in automated
time series analysis for use with satellite data (Verbesselt et al., 2010)
allow for the systematic analysis of a large number of well pad loca-
tions, across a long period of time. Appropriate model fitting of long
time series data can also help to separate the signal of real change from
the noise introduced by other sources of image variability, allowing for
better estimation of vegetation regrowth at various points in time.

Effective adaptive management of oil and gas pad reclamation re-
quires understanding where and under what circumstances reclamation
practices were successful (Bormann et al., 1999). Coupling satellite
derived estimates of vegetation cover changes over time with local
climatic and environmental factors may help to better understand
complex controls on vegetation regrowth, including the rates and de-
gree of change (Shi et al., 2017). For example, the rate and amount of
regrowth on an abandoned well pad may be influenced by the climate
immediately following abandonment, with greater vegetation cover on
pads abandoned during wet periods, and poor recovery during
droughts. Likewise, soils and topography of a site may affect ecohy-
drological processes that support vegetation growth. Determining these
relationships can help to guide better management of oil and gas fields.
Given this goal, the objectives of this study were threefold:

1) Use Landsat data to generate a metric of recovery at oil and gas pads
through time;

2) Use statistical models to assess how climate and other environ-
mental and management factors explain recovery heterogeneity;
and

3) Demonstrate the utility of this approach to monitoring land-use
development as well as post-development reclamation success.

To accomplish this we used a dense time series of Landsat SATVI to
measure total vegetation cover at the well pad from before drilling to
several years after well plugging and abandonment. Cover change va-
lues were standardized by measuring with respect to vegetation cover
values at nearby reference pixels, undisturbed by energy development,
determined using an automated reference site selection algorithm
(Nauman and Duniway, 2016). The systematically repeated synoptic
view of satellites allows for the automation of this retrospective analysis
over long time periods – an analysis that is not feasible with ground
collected data. While there is strong evidence that one can use remotely
collected data to measure basic vegetation cover at a site, there is less
ability to remotely ascertain whether sites are meeting all standards of
reclamation such as native species composition, control of undesired
species (e.g. invasive annuals), and limited soil erosion. We therefore
assess well pad recovery in terms of relative vegetation cover with re-
spect to reference sites, recognizing that this is just one aspect of re-
clamation success.

2. Methods

2.1. Study area

For our study area, we focused on the U.S. Environmental Protection

Agency's definition of the Colorado Plateau including parts of Arizona,
New Mexico, Colorado, and Utah within the Colorado Plateau and
Arizona and New Mexico Plateaus units (Fig. 1; Omernik and Griffith,
2014). We refer to our study area as the ‘Plateau’ hereafter, and it en-
compasses a large area (366,000 km2) across a broad spectrum of ar-
idity, lithology, topography and seasonal distribution of precipitation.
Plateau ecosystems include arid and semi-arid shrublands and grass-
lands, pinyon-juniper and scrub-oak woodlands, montane and sub-
alpine forests, and even alpine tundra (Southwest Regional Gap Ana-
lysis Project - SWReGAP; Lowry et al., 2007). State databases indicate
that there are currently over 26,000 abandoned and 63,000 active well
pads on the Plateau (Fig. 1A) with extensive processing facilities, pi-
pelines, and road networks connecting the sites as well (Fig. 1B and C).
The majority of oil and gas wells on the Plateau are located in the lower
to mid elevation (1400–2100m), and arid to semi-arid, shrublands,
grasslands and woodlands. In addition to energy development, major
economic activities on the plateau include agriculture, livestock grazing
and recreation.

2.2. Energy development databases

We obtained publicly available state geodatabases on oil and gas
pads from the Utah Automated Geographic Reference Center (UAGRC,
2015), the Colorado Oil and Gas Conservation Commission (COCG,
2015), and the New Mexico Institute of Mining and Technology’s Pet-
roleum Recovery Research Center (GO-TECH, 2015). These databases
differ from each other slightly, but each includes information on own-
ership (e.g., federal, state, tribal, private), the date that a given oil and
gas pad was first drilled (drilling date) and the date on which the well
was plugged and abandoned (PA date). From this merged data set of
89,984 records we removed those on developed and agricultural land
(based on SWReGAP), and evaluated those with PA dates of 1997 to
2005 on Google Earth Pro to determine whether they corresponded to
pad sites evident on aerial photography available for this date range
(Nauman et al., 2017). The choice of 1997 as a start year was governed
by the ability to evaluate locations with high resolution aerial photo-
graphy on Google Earth Pro back to this date, while the end date of
2005 provided at a minimum a six year period after abandonment to
evaluate change with Landsat 5 imagery. These well sites were visually
evaluated against multiple dates of historic aerial photography on
Google Earth Pro to verify their existence, their exact geographic lo-
cation, and to confirm drilling and abandonment dates, to the extent
possible. Well locations determined to have inexact coordinates were
moved as appropriate to be near the center of the visual pad scar. From
the resulting subset of 1866 pad sites used in previous work (Nauman
et al., 2017), we used 510 well pads that were drilled in 1985 or later,
in order to have at least one year of consistent satellite information
(from Landsat 5, 1984–2011 record) to establish a baseline in an un-
disturbed state. Restricting the analysis to Landsat 5 data helped to
ensure consistency in surface measurement, as subtle differences even
among Landsat sensors can have measurable impacts on derived sa-
tellite indices (Roy et al., 2016).

2.3. Landsat time-series

For each of the 510 well locations we obtained corresponding
spectral information from 28 years of Landsat 5 surface reflectance data
(1984–2011) for March through October of each year using Google
Earth Engine (GEE). The months of November through February were
avoided due to concerns about snow cover, poor illumination, and in-
active vegetation. For each well location we computed the Soil-
Adjusted Total Vegetation Index (SATVI, Eq. (1); Marsett et al., 2006)
as a weighted mean of pixels and portions of pixels within a circular
buffer of 60m around the center point. SATVI is calculated as:
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Where ρ=reflectance, SWIR1=Landsat Band 5 (1550–1750 nm),
SWIR2=Landsat Band 7 (2080–2350 nm), Red=Landsat Band 3
(630–690 nm), and L is a soil-brightness correction factor (ranging from
dark or no soil, 0, to 1, bright or high levels of soil). We employed a soil-
brightness factor of 0.9 for the SATVI calculation (Eq. (1)), to account
for the relatively bright (at least in the relevant red band) soils of the
region (this value was found to be optimal from a previous study using
the Soil Adjusted Vegetation Index (SAVI, Huete, 1988; Bunting et al.,
2017). We masked out anomalous pixels with unusually high red band
values (reflectance> 95%), and those identified as cloud, snow, and
shadow by GEE’s CFMASK algorithm (Zhu et al., 2015).

Measuring relative vegetation regrowth over time with satellite data
requires a pre-disturbance reference baseline or comparable site of
undisturbed vegetation and soils. A baseline indicator of the pre-dis-
turbance vegetation (i.e., satellite data) at the actual well pad location
might be used as a reference point, but a simple post-disturbance
comparison would fail to standardize for local ephemeral, seasonal, or
interannual changes in land cover or soils unrelated to the relative
vegetation change of interest. These nuisance changes could include the
impacts of short-term soil moisture variability, plant phenology (e.g.,
spring green-up vs. late summer brown-down), or inter-annual varia-
tion of precipitation (e.g., high vegetation growth in an unusually wet
year) and long-term drought. A set of local reference pixels from un-
disturbed areas against which to compare changes of well pad pixels
before and after drilling can standardize time-series assessments. The
Disturbance Automated Reference Toolset (DART; see Nauman et al.,
2017 and Nauman and Duniway, 2016) was developed to identify re-
ference pixels for disturbed sites based on their shared “ecological po-
tential” as defined by a set of environmental variables that include a
30m raster map of soil profile particle size class, landform derived from
a digital elevation model (DEM), land cover, and satellite data within a
2 km radius of the well center point. Roads, agricultural areas, other
well pad records (buffered by 125m) and developed areas are screened
out of DART reference pixels using local roads databases, SWReGAP
land cover, and the National Land Cover Database (Homer et al., 2015).
The number of reference pixels identified by DART for each well pad
ranged from eight to 5500 (median of 728) depending on the amount of
area with similar ecological potential within the 2 km radius.

For each image date (every 16 days, assuming cloud-free), we
evaluated the mean SATVI value within the 60m buffer around each
well site in comparison to the distribution of SATVI values for its as-
sociated DART reference pixels from the same image date. Specifically,
the well pad’s mean SATVI value is expressed as a percentile of the
population of its reference pixel SATVI values. These percentile values
provide our standardized metric of vegetation cover for a well pad site
at a given image date.

2.4. Model fitting of time series

For each of the 510 well pad sites, we converted the 28 years of
percentiles into time series using R statistical software (R Core Team,
2017). Well sites that occur within overlapping Landsat paths generally
had extra data (e.g., alternating 7 and 9 days), and only those data on
16 day intervals from the first date of a given site’s observations were
retained. Missing values due to cloud masking (and for the excluded
winter period from November through February) were linearly inter-
polated between the two nearest dates with available percentile values.

Deriving meaningful information about real surface change from
long time series of satellite data requires removal of the “noise” in-
troduced by spectral variability not associated with true land cover
change (e.g., atmospheric variability, soil wetness variability, illumi-
nation variability). Avoiding or removing this noise is critical to detect
a proper signal in the temporal analysis. The time series data were

subjected to a coarse noise-removal filtering in which well pad per-
centile values for a given date that were not between the values at the
two adjacent dates or within 10 percentiles of either date were replaced
with interpolated values between the two.

With a set of relatively clean time series, we fit models to each series
using the BFAST (Breaks for Additive Season and Trend; Verbesselt
et al., 2010) package in R. BFAST was developed to account for both
systematic spectral changes and changes in seasonal (phenological)
variability associated with land cover change. It has been used for re-
mote sensing time series analyses of degradation (Burrell et al., 2017)
and vegetation regrowth following disturbance (Schmidt et al., 2015).
BFAST uses an automated approach to identify abrupt (and persistent,
to a degree dependent on user-selected parameters) changes in time
series data trends, and has the additional ability to identify seasonal
patterns and changes in seasonal patterns. We did not utilize the sea-
sonal component of the package; rather, we obtained a series of linear
fits (trends) to the time series data, with each break in trend potentially
involving a coincident jump or drop as well. BFAST provides a model fit
that is useful for both noise removal and a less arbitrary selection of
time series values to represent real changes on the ground. These values
can then be used to estimate vegetation regrowth at various points in
time.

BFAST modeling was performed as an iterative process, with initial
models a coarse fit (to assist with further noise removal), as specified by
the “h” parameter, which controls the minimal time length of a trend
segment in the model fit. Choosing a relatively high value of 0.25 in the
first run allows no more than 4 trend segments (1/h= 4) over the
28 year period (minimum length of (28 years * 0.25)= 7 years).
Residuals from the first run were assessed, and those dates with values
that did not meet any of the following criteria were replaced with va-
lues linearly interpolated from the adjacent dates (at the 16-day in-
tervals):

1 Residual (from BFAST model) less than 1.5*residual standard de-
viation

2 Residual value between previous and following residual value
3 Residual value within 0.5*residual standard deviation of previous or
following residual value

Ultimately, only those values deviating substantially from the
modeled trends, without any similar neighboring values, are removed.
A second BFAST model iteration involved an “h” parameter of 0.15,
allowing trend segments of about 4 years; noisy data substitution again
followed the above described approach. A final BFAST model run em-
ployed an “h” parameter of 0.04, allowing trend segments of just over a
year (Fig. 2).

2.5. Calculating relative fractional vegetation cover

Models of vegetation change since abandonment were generated
from the BFAST time series model output (Fig. 3). The primary metric is
the relative fractional vegetation cover (RFVC), which is a measure of
vegetation cover five years after the well pad was abandoned (PA year)
relative to the pre-drilling time series (with zero cover defined by the
PA year minimum value). The RFVC for a well pad is determined using
the BFAST model fit value observed five years after the PA year of each
well (we chose the median of the fit values across a year of observa-
tions), and is assessed relative to the median of the pre-drilling fit va-
lues and the minimum of the PA year fit values (Eq. (2), Fig. 3):

=
+ −

− −

RFVC Median PA Year Minimum PA Year
Median Pre Drill Minimum PA Year

( 5) ( )
( ) ( ) (2)

Resulting values below 0 and above 1 (i.e., 100%) were capped at 0
and 1, respectively. In addition to 5 year change, models were devel-
oped for RFVC at 3, 4, and 6 years (6 years is the maximum post-
abandonment period that could be assessed using the 2011 Landsat data
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with well pads abandoned in 2005). This allowed for assessing the
trajectory of the vegetation change and its potential sensitivity to short-
term climatic factors.

The 510 BFAST models were visually evaluated to identify and re-
move any well pads from analysis that may have had inaccurate drill
date and PA date information. Possibly inaccurate drill date informa-
tion was suggested by highly inconsistent DART percentile values be-
fore the year of reported drilling (confirmed in several cases with
Google Earth Pro imagery); these sites were removed from further
analysis. Additionally, the possibility of inaccurate PA date information
in the state databases was suggested by large and persistent dips in
DART percentile values during the presumed recovery period following
the reported PA year. It is difficult to know if these secondary dips are
related to continued disturbance at the site (e.g., re-clearing for re-
clamation, use of recreational off-highway vehicles or campers, etc.), or
due to climatic/environmental factors (and corresponding ephemeral
vegetation changes) that may have influenced the well pad to a greater
degree than the reference pixels. Several of these sites were investigated
in detail with aerial imagery on Google Earth Pro. Detailed investiga-
tion generally suggested that these sites were indeed bright (i.e., greater
exposed soil with relatively high reflectance) during these secondary
percentile dips (if well timed aerial imagery was available), but de-
termining the cause (natural vs. anthropogenic) was not a simple task.
As such, these sites were also removed from further analysis. These two

filtering steps yielded a set of models for 365 well sites for final ana-
lysis. From this final set we evaluated the precision of BFAST models in
identifying important phases of the oil and gas development. We chose
to evaluate the ability to capture the approximate date/year of clearing
based on the largest break in the model time series. We obtained drill
dates from 20 randomly chosen well pads and evaluated whether the
BFAST model predicted the large drop within one year of the reported
drill date.

2.6. Environmental analysis

2.6.1. Statistical modeling
Year 5 RFVC results were assessed against a variety of environ-

mental factors using linear regression and random forest (randomForest
package) in R (Breiman, 2001; Liaw and Wiener, 2002). The main goal
of the statistical modeling was to identify the environmental and/or
management variables most related to RFVC response. Random forests
are an effective algorithm for capturing complex interactions among
large sets of predictor variables, which is appropriate for large areas
such as the Colorado Plateau, with its wide range of management, soil
types, and climatic variability. Random forests avoid overfitting and
generate relatively robust models through the use of a collection of
decision trees from subsets of data and predictor variables. Random
forests are also non-parametric, allowing for both categorical and

Fig. 2. Landsat time series of well pad percentile (A), with BFAST model fit (B), and corresponding aerial photos (C).
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continuous variables, and are relatively insensitive to collinearity
among predictor variables (Breiman, 2001). As a collection of classifi-
cation or regression trees, they do not output one particular set of rules
(i.e., a tree) that can be easily interpreted, but do provide metrics on
model performance (e.g., percent of the variance explained by the
model) and predictor variable importance. The latter include the in-
crease in model mean square error (MSE) when a variable is randomly
permuted and a metric related to a variable’s contribution to “node
purity” (i.e., ability to reduce variance in the data and minimize var-
iance in terminal nodes/classes).

2.6.2. Predictor variables
Predictor variables that were hypothesized to possibly influence

well pad RFVC were obtained from a variety of sources (Table 1). These
included a range of soil factors related to soil class, texture, nutrient
content, and salinity, many at a variety of soil depths (Nauman and
Duniway, 2016; Hengl et al., 2017; Ramcharan et al., 2018), climatic
and soil moisture (e.g., Palmer Drought Severity Index) factors for both
the year of abandonment and year after abandonment, as well as for the
year of evaluation (year 5), land cover (SWReGAP land cover classes
reclassified according to grassland, short shrubland, tall shrubland,
deciduous woodland, evergreen woodland), elevation, longitude, lati-
tude, and land ownership (federal, state, tribal, private).

Additionally, a variety of satellite-derived indices of invasive annual
plants were included in the statistical analysis, given the known sus-
ceptibility of these disturbed sites to invasion. These include Landsat-
derived custom indices for spring annuals (e.g., cheatgrass: Bromus
tectorum – hereafter called our ‘Cheatgrass’ index) and summer annuals
(e.g., Russian thistle: Salsola spp. – hereafter called our ‘Salsola’ index)
that were both based on 2009-11 imagery, as well as an annual MODIS-
derived invasive grass index (Detection of Early Season Invasives -
DESI; Kokaly, 2011) for the particular year of well evaluation (i.e., year
5). These products are based on the well-established response of in-
vasive annuals to spring and summer precipitation, where a short, ob-
served greening pulse generally differs considerably from that of un-
invaded native vegetation (Bradley and Mustard, 2005). Our Landsat-
based Cheatgrass index is derived from subtracting the median June
NDVI between 2009 and 2011 from the maximum March-May NDVI
between 2009 and 2011. Three years of data were required to ensure
reliable cloud-free data from a satellite with a 16-day revisit cycle. The

MODIS-based DESI is similarly derived from the contrast between a
spring value for a vegetation index (Normalized Difference Vegetation
Index; NDVI) and a summer value, capturing the ephemeral green-up of
many invasive grasses, but has the advantage of daily inputs and so can
be reliably generated on an annual basis without worry of cloud con-
tamination. The MODIS product is at a relatively coarse 500m resolu-
tion, so it is more likely to capture broad patterns and trends related to
prevalence and climatic factors in the local area than exact quantities
within the well pad pixels. Our Landsat-based Salsola index (summer
annuals) is derived from subtracting the median March-May NDVI be-
tween 2009 and 2011 from the average of the maximum NDVI from
June through July and August through September (to capture sustained
summer greenness) between 2009 and 2011.

Climate data included monthly precipitation, the Palmer Drought
Severity Index (PDSI; Palmer, 1965), and the Standardized Precipita-
tion Evapotranspiration Index (SPEI; Vicente-Serrano et al., 2010).
Monthly PDSI and precipitation values were derived from gridMET data
(Abatzoglou, 2013) available on Google Earth Engine, and each was
averaged across the following periods: March-June (spring “a”); July-
October (summer/fall “b”); January-October (roughly annual “c”). SPEI
provides an integrated drought index based on both precipitation and
temperature according to seven time windows (1, 3,6,9,12,18, and 24
months) and was obtained from the Westwide Drought Tracker
(Abatzoglou et al., 2017). For the SPEI, May (SPEI “a”) and August
(SPEI “b”) values for each of its seven time windows were used for each
year of interest to roughly capture levels of spring and summer
moisture conditions, respectively. May and August were chosen because
comparisons between nine years of annually averaged (pooled across
the Plateau) well pad RFVC and average (pooled) well pad SPEI (by all
12 months and 7 time windows of SPEI) indicated that the May 3 month
SPEI and August 6 month SPEI had the highest correlations with RFVC
(0.86 and 0.82, respectively).

All climate data were evaluated for the PA year (year 0), the year
following the PA year (year 1), and the year of RFVC calculation (year
5). The first two are intended to test the sensitivity of recovery to cli-
mate conditions at the initiation of abandonment (and possible re-
clamation efforts), when seeded species may be in particular need of
moisture. Including the evaluation year climatic factors in the model
was intended to capture the sensitivity of measured regrowth to recent
climate, which may in fact relate to ephemeral vegetation that may not

Fig. 3. Example RFVC model using BFAST model fit values. The fractional value represented by A/B is equal to the RFVC of Eq. (2).
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represent long term vegetation regrowth.
Soil variables include those related to nutrient content (e.g., cation

exchange capacity, nitrogen), texture, depth to bedrock, and integrative
factors (e.g., taxonomic class, electrical conductivity) and came from a
variety of datasets at 30 m, 100m, and 250m resolution (Hengl et al.,
2017; Nauman and Duniway, 2016; Ramcharan et al., 2018). This
constitutes a larger number of soil variables than might have been re-
quired or warranted, but the random forest approach is generally robust
to data dimensionality and any collinearity in large sets of variables.

2.6.3. Random forest model runs
Random forest models were generated for year 5 RFVC. The con-

tinuous values of RFVC were also converted to binary outputs (separate
“high” and “low” RFVC classification thresholds at both 0.5 and the
median value of the pooled data) to explore random forest model per-
formance in a classification mode. These models were evaluated ac-
cording to their “out-of-bag” (OOB) classification error, a measure of
performance on sites when holding the sites out of subsets of trees.
Model runs were also performed on a subset of wells abandoned be-
tween 1997 and 2003 (evaluated 2002–2008, respectively, thus re-
moving those evaluated in 2009 and 2010), given that our Cheatgrass
index was developed from 2009 to 2011 satellite data, and there was
some concern about the temporal overlap affecting the importance of
the predictor. Partial dependence response plots were generated for top
performing predictor variables. Random forest models were also gen-
erated for subsets of the dependent variable (year 5 RFVC) by PA year
to specifically explore responses by well cohorts from the same year of
abandonment.

3. Results

3.1. BFAST model output

Our SATVI-based BFAST models were able to capture relevant time
series information related to critical phases of oil and gas development.
In our evaluation of its ability to capture drilling date/clearing, BFAST
captured the date of drilling within one year of reported spud date in
95% of our 20 validation sites. In the case where the BFAST break did
not align with the reported spud date, there may have been a secondary
disturbance at the site in a later period that was incorrectly flagged as
the spud date. Our models also demonstrated ability to identify addi-
tional disturbance at the site after the reported PA date, and these
observations were used to refine our selection of sites for statistical
modeling.

3.2. Well pad RFVC statistics

The median RFVC for the 365 wells five years after abandonment
was 25.8% with a mean of 35.9% and a standard deviation of 32.5%

Table 1
Predictor variables for regression and random forest analysis.

Variable Description Spatial Resolution Source/Reference

PA year Year the well was plugged and abandoned,1997-2005 Point GO-TECH (2015), COCG (2015) and UAGRC (2015)
Soils, 250meter Properties at 7 standard depths: Volume rocks (%

>2mm), cation exchange capacity, available water holding
capacity.
Pedon properties: probability of histic (organic soil), depth
to bedrock, probability of hitting bedrock within 2m.

250meter Hengl et al. (2017).
soilgrids.org

Soils, 100meter Properties at 7 standard depths: pH, total nitrogen, soil
organic carbon, % sand, % clay, electrical conductivity, and
bulk density
Soil Classification: USDA Great Group, modified particle
size group

100meter Ramcharan et al. (2018).
https://scholarsphere.psu.edu/collections/jw827b80n

Soils, 30meter Particle size class 30meters Nauman and Duniway (2016).
https://www.sciencebase.gov/catalog/item/
58b88fa8e4b01ccd5500c259

Land Cover SWReGAP land cover reclassified to five classes (grassland,
short shrubland, tall shrubland, evergreen woodland,
deciduous woodland)

Minimum
Mapping Unit:
1 acre
(0.405 hectare)

Lowry et al. (2007)

Cheatgrass Index Landsat 5, 2009-11 spring-max NDVI vs. June median NDVI 30meters Custom generated within Google Earth Engine
(Gorelick et al., 2017)

Salsola index Landsat 5, 2009-11 sustained summer NDVI vs. spring
median NDVI

30meters Custom generated within Google Earth Engine
(Gorelick et al., 2017)

Early season invasives index
(DESI)

MODIS, Spring NDVI – Summer NDVI 500meters Kokaly (2011)

Land Ownership Vector GIS coverages for the states of Colorado, New Mexico,
and Utah.

Colorado (BLM-CO-GT, 2015);New Mexico (BLM-NM-
SO, 2014);
Utah (SITLA-BLM, 2015)

Elevation
Latitude
Longitude
SPEI (Standardized Precipitation

Evaporation Index)
(1,3,6,9,12,18, and 24 month windows; months of May and
August) Years 0,1, & 5 with respect to PA Year

∼4-km Vicente-Serrano et al. (2010);
(accessed via WestWide Drought Tracker; Abatzoglou
et al., 2017)

PDSI (Palmer Drought Severity
Index)

(March-June & July-October & January-October) Years 0,1, &
5

∼4-km Abatzoglou (2013); (accessed via Google Earth Engine;
Gorelick et al., 2017)

Precipitation (March-June & July-October & January-October) Years 0,1, &
5

∼4-km Abatzoglou (2013) (accessed via Google Earth Engine;
Gorelick et al., 2017)

Table 2
Well pad RFVC summary statistics (expressed as %) by year post-abandonment.

Year 3 Year 4 Year 5 Year 6

Median 19.3 24.6 25.8 35.7
Mean 28.2 32.3 35.9 42.2
Std. Dev. 29.1 30.8 32.5 34.2
>50% 20.8 26.8 32.9 38.1

E.K. Waller et al. Int J Appl  Earth Obs Geoinformation 73 (2018) 407–419

413

https://scholarsphere.psu.edu/collections/jw827b80n
https://www.sciencebase.gov/catalog/item/58b88fa8e4b01ccd5500c259
https://www.sciencebase.gov/catalog/item/58b88fa8e4b01ccd5500c259


(Table 2). Approximately one-third (32.9%) of the wells had RFVC
values greater than 50% at year 5. These values steadily rise over time,
in the aggregate, but at slightly slowing rates over time, as indicated by
additional composite results for year 3, year 4, and year 6. Median
values are systematically lower than the mean values, indicating posi-
tively skewed data. A map of year 5 RFVC values across the study re-
gion appears to indicate some spatial clustering of similar values but no
obvious trends across the Plateau (Fig. 4).

The year of abandonment and annual moisture levels interact to
affect the amount and rate of change. Plotting the median RFVC values
at 3, 4, 5, and 6 years for each abandonment year (Fig. 5A) shows that
different well cohorts have different collective responses. For example,
the 2002 cohort (dark green line) is consistently high, without sub-
stantial increase over time, while the 2000 cohort (yellow line) in
consistently low. Annual moisture levels clearly play a role for within
cohort annual variability, as available well cohorts show relatively high

RFVC in 2005, 2008, and 2011 (relatively wet years; see SPEI values in
Fig. 5B) and relatively low values in 2002 (driest year according to
SPEI). The plots also reveal that measured rates of change in RFVC can
range, roughly, from fairly linear increase (e.g., well sites abandoned in
1999 and 2005; light orange and purple line, respectively) to having
reached an apparent plateau far from full fractional change (2001 co-
hort; light green line), to decline for those evaluated during dry years
(1997 cohort; red line). 217 of the 365 wells (59%) have 6 year RFVC
less than twice their year 3 year RFVC, suggesting that most wells have
some level of decline in their rates of change over time.

3.3. Environmental analysis of controls on RFVC

Statistical model evaluation focused on the random forest models
generated with the year 5 RFVC as the dependent variable. Continuous
output models generally had low variance explained and binary

Fig. 4. Map showing the spatial pattern of estimated 5-year relative fractional vegetation cover (RFVC) at abandoned wells of the Colorado Plateau.
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classified output models had relatively high out-of-bag (OOB) error
(e.g., at the RFVC threshold of 0.5, OOB error was 34.5%, with Cohen’s
kappa of 0.07). Despite this predictive model performance, an evalua-
tion of predictor variable importance is illuminating. For the con-
tinuous output models, the custom Cheatgrass index was the strongest
predictor (in terms of the increase in mean square error of the model
when the Cheatgrass index values are randomly permuted; Fig. 6).
While our Salsola index also demonstrated strong importance, the
partial response plot indicates that this is, at least on average, a nega-
tive relationship, and may reflect to some extent the fact that it is ne-
gatively correlated with the Cheatgrass index. Longitude (higher RFVC
to the east), Standardized Precipitation Evaporation Index (SPEI, 3
month window) of the spring of the year of evaluation, spring pre-
cipitation of the year of evaluation, soil electrical conductivity, and a 6
month spring SPEI calculated the year after abandonment also show
high importance according to the MSE metric. Although node purity
may not be as reliable a measure as the increased MSE upon permu-
tation, similar variables show importance: Cheatgrass index, Salsola
index, year 5 (i.e., year of evaluation) spring precipitation, soil taxo-
nomic class, longitude, and year 5 annual precipitation.

Boxplots displaying the relationship between RFVC and dependent
variables identified as important for the random forest models are
plotted in Fig. 7. Consistent with the random forest results, high

Cheatgrass index values correspond to high levels of RFVC (Fig. 7A),
with median RFVC values near double those sites with low Cheatgrass
index values. Slightly higher RFVC at negative levels of the Cheatgrass
index may relate to the influence of other weedy species (e.g. Salsola
spp.) that have the opposite seasonality of Cheatgrass (i.e., strong
summer peak in greenness). Despite not showing strong importance in
the random forest models, the DESI (Fig. 7B) shows a strong relation-
ship with RFVC, at least for moderate values of the index. High values
of DESI do not correspond to high RFVC, but this may relate to a very
small sample size of well sites in this case (n=13).

There are also differences in RFVC between original land cover
types at the sites (Fig. 7D). Well pads that were classified as grasslands
(n= 20) and deciduous woodlands (n=7) show relatively high values,
with median RFVC close to 50%. These median regrowth values are
nearly twice as high as those for the well pads that were classified as
either various shrublands or evergreen woodlands.

High spring SPEI (3 month window) values in the year of evaluation
(i.e., year 5) had a positive relationship with RFVC (Fig. 7E), with
median RFVC twice as high at high SPEI values (i.e., > 0) than at low to
medium values. There was little relationship with RFVC at SPEI values
below 0. Only the very highest levels of spring, 3 month SPEI (> 1)
during the PA year appear to have a positive relationship with RFVC
(Fig. 6F). The soil variables that appeared as important predictors in the

Fig. 5. Time series plots of year 3,4,5, and 6 RFVC median across wells based on year of abandonment (A); 6 month SPEI averaged across all well sites, 1997–2011
(B). Note that the time range for the top figure corresponds only to the last 12 years of the bottom figure. (For interpretation of the references to colour in the figure
text, the reader is referred to the web version of this article).
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random forest analysis were electrical conductivity (EC), cation ex-
change capacity (CEC), and clay content (each showed positive re-
lationships in partial response plots). Each of these variables ad-
ditionally showed positive correlation with the Cheatgrass index,
although the correlation values are not particularly high (∼0.15).

Consistent with the annual medians across all wells (Fig. 5A), box-
plots of year 5 RFVC against PA year indicate a trend toward greater
RFVC in more recently abandoned wells (Fig. 7). Well sites abandoned
in 2002 and 2005 (evaluated in 2007 and 2010, respectively) clearly
had higher median RFVC than well sites abandoned in 1997 and 2000
(evaluated in 2002 and 2005, respectively), in particular.

Random forest models on annual subsets of the wells based on their
year of abandonment revealed varying results from year to year:
Various forms of the SPEI were the strongest predictor in some years,
and soil variables were the strongest drivers in others. Interestingly, the
Cheatgrass index was the strongest predictor in only one year. Just as
was the case for the data pooled across all years, these models have low
explanatory power (the mean square error of the models is not much
lower than the variance of the raw data).

4. Discussion

In this study we used time series data from Landsat to track changes
in a total vegetation cover index over time in response to energy de-
velopment activities. We found that well pads, in the aggregate, are
showing progressive increases in vegetation cover after abandonment,
with one third of well pads having relative fractional vegetation cover
(RFVC) greater than 50% five years after abandonment, and a median
value of about 26%. Trends in RFVC are not quite linear with time, with
the median RFVC at 6 years (35.7%) slightly less than double that at
3 years (19.3%), suggesting slowing rates over time. These diminishing
increases could reflect the greater time frame needed to restore topsoil
characteristics, particularly for organic carbon in heavily disturbed
dryland sites (Minnick and Alward, 2015).

The RFVC varied substantially by abandonment year, with a trend

toward higher values in later abandonment years. We attribute these
trends with year to an extreme multi-year regional drought in the early
2000s and increasing moisture availability in later years (2009–2011),
improved reclamation management practices in later years, or both. It
is well known that moisture is a primary factor limiting dryland re-
clamation and restoration success (Munson, 2013), suggesting that re-
clamation actions applied during the very dry period from 2001 to 2004
would have very limited success (Nauman et al., 2017). It is also pos-
sible that the increased RFVC rates observed in the later years is attri-
butable to increases in cheatgrass, which is supported by the fact that
our Landsat-based Cheatgrass index was the strongest predictor of
RFVC in the random forest model including all years.

Early season invasives (e.g., cheatgrass) are a known problem
throughout much of the Intermountain West (Germino et al., 2016),
including the Colorado Plateau (Miller et al., 2006), and it is not sur-
prising that we find that disturbed well pads may be susceptible to their
invasion. Results here give more credence to observations that oil and
gas development contributes to the spread of these weeds (e.g., Gelbard
and Belnap, 2003; Bergquist et al., 2007). We are not able to discern
whether particular reclamation practices can mitigate invasion by
cheatgrass with the data available here. However, the results presented
here and the known risks associated with dominance by annual grasses
(Germino et al., 2016), support the focus of land management agencies
on weed control in their reclamation planning (e.g. using pre-emergent
herbicides; Monaco et al., 2016).

The observation of differences by land cover class (Fig. 7C) could
relate to these classes’ differing amenability to reclamation. For ex-
ample, seeding of a mixture of perennial grasses and forbs is a common
reclamation practice regionally (Duniway, personal observation)—seed
mixes that are more likely to be suited to the soil and climate settings of
grasslands. Alternatively, shrublands and woodlands can be difficult to
restore (Minnick and Alward, 2015), especially during the relatively
short periods evaluated here (5 years). Identifying soil or landscape
settings where reclamation success is more likely is an important aspect
of adaptive management and is critical knowledge to inform future

Fig. 6. Top 24 random forest predictor variable importance values (in terms of (left) increased mean square error with random permutation of the variable and
(right) contribution to low terminal node variance) for predicting year 5 RFVC.
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energy exploration and development (Herrick et al., 2012).
Spring values of precipitation and SPEI (which integrates pre-

cipitation and temperature) for the evaluation year have the strongest
correlation with measured regrowth (RFVC). Our standardized com-
parison with a population of reference pixels likely accounted for much
of the climate influence on established perennial vegetation, suggesting
that the vegetation on the pads is more tightly coupled to inter-annual
variation in water availability than the undisturbed vegetation. This
could be attributed to different growth phases or functional types in the
pad versus the reference pixels with differing climate sensitivity (e.g.,
seedlings versus established individuals, annual versus perennials,

herbaceous versus woody; Munson, 2013).
Surprisingly, climate in the abandonment year did not appear to

play a strong role in mediating vegetation regrowth. This contradicts
dominant theories in dryland ecohydrology and other restoration and
reclamation research that moisture concurrent or shortly after appli-
cation of seed is critical for vegetation establishment (Abbott and
Roundy, 2003; Boyd and James, 2013). A likely cause of this result is a
delay between a well entering plugged and abandoned status and actual
reclamation activity. Indeed, Spring SPEI (6 month window) in the year
after abandonment showed some importance, suggesting that moisture
in the year after abandonment could be more important for reclamation

Fig. 7. Boxplots of RFVC vs. predictor variables of note: custom Cheatgrass index (A), DESI (B), vegetation class (C), Spring SPEI (3 month, evaluation year) (D),
Spring SPEI (3 month, PA Year)(E), and PA year (F).
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success. However, if reclamation creates proper micro-habitats for
seeds, establishment has been shown to happen in subsequent seasons
beyond initial treatment (Fick et al., 2016).

Poor predictive performance of our random forest models suggests
that we may be missing important constraints on reclamation success.
With no knowledge of actual reclamation practices on these pads, it is
likely that some sites were actively reclaimed while others were not,
and the different trajectories of these sites would contribute to the
unexplained variance. Additionally, the explanatory models used here
may have been improved with a more precise mapping of the spatial
extent of individual oil and gas pads (e.g. Martinez and Preston, 2018).
Indeed, general application of remote sensing for evaluating vegetation
and soil conditions of oil and gas pads and associated infrastructure will
be greatly improved with the better spatial data on disturbance foot-
print currently being collected by the BLM (https://blm.sciencebase.
gov/sdarttinfo/). In sum, future efforts to learn from past oil and gas
reclamation activity would benefit from known accuracy in site in-
formation, the exact spatial extent of the disturbance, and timing and
details of the reclamation practices applied (soil and site preparation,
seed mix data, and seeding method).

5. Conclusions

Landsat time series data are clearly effective for monitoring quan-
tities of total vegetation cover over time, and proved useful here for
measuring vegetation regrowth following oil and gas development on
sensitive arid lands of the Colorado Plateau. New time series modeling
approaches make for easier interpretation of this temporal signal, and
can be used to develop indicators of site recovery over time. In many
cases, information from the satellite data and automated time series
processing proved to be more accurate (based on comparison with
aerial imagery on Google Earth) than data provided by state agencies
on the timing of well site activities.

Our analysis suggests that reclamation efforts on abandoned oil and
gas pads of the Colorado Plateau have had mixed results. We found that
sites had approximately 26% median vegetation regrowth after 5 years,
with our multi-temporal analysis indicating recovery rates slowing over
time. A substantial amount of year to year variability in relative frac-
tional vegetation cover corresponded to moisture conditions assessed
using an index of evaporation and drought (SPEI). We also found that
areas with the highest regrowth coincided with high estimates of in-
vasive plant cover. The approach demonstrated here can be used to
identify sites at risk of poor recovery and in need of additional re-
clamation as well those showing extreme regrowth, suggestive of non-
native presence, that may require weed management and reseeding of
native species.

Supplementary data

A spatial database containing well pad RFVC values, the Google
Earth Engine code used to generate Landsat-products, and the BFAST
and Random Forest R code are all available on ScienceBase (https://
doi.org/10.5066/P9VTGGY0).
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