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Cover. Aerial view of a surface coal mine in Wyoming.
Photograph by Bureau of Land Management Wyoming,
under a Creative Commons Attribution 2.0 Generic
License, used with permission.

Inside cover. Three maps in a three-dimensional
perspective illustrating mining activity across a single
landscape scene (mining occurring at the top center,
top right, and center on different timelines within each
map), where the primary mine in the forefront is an
active, surface coal mine in Eskdale, West Virginia. The
top map shows a Normalized Difference Vegetation
Index from Landsat imagery (circa 1985) overlaying an
elevation hillshade (Data from U.S. Geological Survey
National Elevation Dataset, 2009). The center map
shows the 2022 Normalized Difference Vegetation
Index and most current elevations from lidar data (Data
from the U.S. Geological Survey 3D Elevation Program,
2024). The bottom map shows the most recent aerial
photograph of mining activity (undated; Base map from
Esri and its licensors, copyright 2024).

Back cover. Two maps illustrating the use of remote
sensing data to delineate vegetation and elevation
changes because of mining activity. The top map
classifies the Normalized Difference Vegetation Index
into vegetation gain (teal) and loss (purple) between
1985 and 2022. The bottom map classifies elevation gain
(teal) and loss (purple) derived from U.S. Geological
Survey National Elevation Dataset (2009) and the U.S.
Geological Survey 3D Elevation Program (2024).
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International System of Units to U.S. customary units
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Area
square kilometer (km?) 247.1 acre
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Remote Sensing for Monitoring Mine Lands

and Recovery Efforts

By Michael S. 0'Donnell,' Ashley L. Whipple,' Richard D. Inman,’ Bryan C. Tarbox,' Adrian P. Monroe,’

Benjamin S. Robb,"2 and Cameron L. Aldridge'

Abstract

Under the Bipartisan Infrastructure Law Ecosystem
Restoration Program, the U.S. Department of the Interior has
invested in assessing and recovering degraded ecosystems to
promote healthy human communities and wildlife habitats.
One priority established by the program is the need to address
degraded ecosystems associated with mine lands, including
active, inactive, and abandoned mines. Mine lands occur in
every State of the United States and present a range of envi-
ronmental hazards and safety risks to human communities and
wildlife habitats. However, limited information compiled across
the United States exists on the whereabouts of mining activi-
ties and their potential environmental effects on landscapes.
Remote sensing is the process of acquiring information about
the landscape from ground platforms, aircraft, or satellites to
assess surface characteristics such as topography, vegetation,
and soil properties and can therefore provide important cost-
effective methods for identifying mining sites and assessing
their environmental effects. Based on a literature review of
remote sensing applications that assessed land health conditions
and monitoring of mine lands, this report highlights important
approaches, capabilities, considerations, and case studies using
a breadth of techniques. The report identifies considerations for
setting appropriate vegetation recovery targets and demonstrates
how remote sensing can inform the prioritization, recovery
design, and long-term assessments of recovery to help support
decision makers and land managers. Applications of remote
sensing to mine recovery will be most effective when recovery
targets are clearly defined and quantifiable from data collected
before mining activity, per the Surface Mining Control and
Reclamation Act of 1977 and similar laws. Additionally, the
collected data would need to be accessible and maintained
in databases for baseline references used to establish these
recovery targets.

'U.S. Geological Survey.

2University of Wyoming, Department of Zoology and Physiology.

Introduction

The Bipartisan Infrastructure Law, also known as the
Infrastructure Investment and Jobs Act (Public Law 117-58),
was passed by the U.S. Congress in 2021. The Bipartisan
Infrastructure Law, in part, funds the recovery of degraded
ecosystems to promote healthy human communities and wildlife
habitat. Under the Law, the U.S. Department of the Interior
established a priority to identify the need to address degraded
ecosystems associated with mine lands, including active, inactive,
and abandoned mine lands and areas adjacent to, and affected
by, current and past (primarily since the mid-19th century)
mining activity. Mine lands present a range of environmental
hazards and safety risks to human communities and wildlife
habitats and are in every U.S. State (fig. 1). As a result, the
Department aims to effectively prioritize, execute, and track risk
mitigations and recovery efforts on mine lands across the United
States using new geospatial web tools for decision makers and
land managers. The prioritization of recovery of mine lands
requires myriad data including inventories of mining activity
and hazards, and status of site conditions (for example, hydrology,
soils, vegetation, and ecosystem health). In addition, methods for
assessing recovery progress, and tools to support decision making
are needed to make cost-effective choices to prioritize sites for
recovery. Remote sensing is one tool that can aid site condi-
tion assessments, track recovery success, and support decision
making. Remote sensing is the process of acquiring reflected
and emitted radiation at a distance—typically from ground
platforms, satellites, or aircraft—to assess surface characteristics
such as vegetation properties (Lillesand and others, 2015).

Throughout the report, the word “recovery” is broadly used
to refer to returning mine lands to their premined condition or
a determined environmental target (for example, fig. 2); the
term encompasses reclamation, remediation, rehabilitation,
and restoration. However, these terms are used differently
throughout the general restoration literature, so the definitions
provided by Lima and others (2016) are presented here to
provide clarity and bold terms are defined in the “Glossary”
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Figure 1.

Mine-related surface disturbances in the continental United States. The displayed surface-related mine polygons (pits,

strip mines, trenches, quarries, diggings, slag piles, mine dumps, and glory holes) were selected from the mine- and prospect-related
symbols dataset (1:24,000-scale) that was digitized and modified from U.S. Geological Survey 7.5- and 15-minute topographic quadrangle
maps (Horton and San Juan, 2016). Data portrayed here are historical and do not reflect mining activity after 2006.

section of the report. Reclamation refers to the geotechnical
stabilization of land (for example, soils and topography),
allowing for the return of flora and fauna or species that are
endemic to the area but not necessarily the same composition
or exact condition as predisturbance. Remediation focuses on
removing contaminants from the environment (soils, water, and
air) and managing risks to humans and wildlife. Restoration
generally refers to actions resulting in the recovery of an
ecosystem to its original state prior to disturbance. Unlike
restoration, rehabilitation aims to reinstate ecosystem services
that benefit human communities and livelihoods (such as
farming or development).

Here, based on a literature review of remote sensing
studies, we summarize how remote sensing methods and data
can be used to evaluate mine land condition and monitor mine
recovery. Specifically, we provide (1) background information
on mining practices, their potential environmental effects,

and laws guiding recovery efforts; (2) an overview of remote
sensing and its use in assessing mine land condition and
recovery; (3) considerations for setting appropriate recovery
targets and how different types of targets may relate to different
types of remote sensing; (4) example studies using remote
sensing for monitoring mine land condition and recovery
(app. 1); (5) concluding remarks that highlight the benefits
and potential shortcomings and challenges associated with
using remote sensing to assess mine land recovery; and

(6) a nonexhaustive list of helpful resources for potential
users (for example, regulatory documents, web pages, and
literature review publications [app. 2]). This review is intended
to benefit practitioners and stakeholders interested in how
remote sensing can be applied to evaluating recovery targets.
This work was supported by Section 40804—Ecosystem
Restoration of the Infrastructure Investment and Jobs Act of
2021 (Public Law 117-58, 40804).
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Figure 2. The Akron Mine and Mill Site is an abandoned mine and ore processing site near Whitepine,
Colorado, that was active from 1885 to 1893. A, Waste rock and tailings in direct contact with Tomichi
Creek [Photograph by U.S. Department of Agriculture Forest Service Rocky Mountain Region].

B, Restoration actions that were completed in August 2016 that removed waste material away from the
creek and restored the affected channel and floodplain [Photograph by U.S. Department of Agriculture
Forest Service Rocky Mountain Region].
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Mining Background

Numerous regulatory guidelines exist for mining activities
and recovery efforts, such as the Surface Mining Control
and Reclamation Act (SMCRA) of 1977 (Public Law 95-87;
intended for regulating coal mines), the Abandoned Mine
Reclamation Act of 1989 (Public Law 101-508, 104 Stat. 1388;
amends the Act of 1977, regarding the handling of reclamation
fees), and State regulations (some predating the SMCRA
of 1977). In general, recovery of mines requires removing
unwanted structures and equipment; stabilizing dumps or
impoundments; and returning topography, soils, vegetation, and
water quality to meet environmental health and safety standards
defined by Federal, State, and Tribal regulations. Tribal
standards are specified in the Indian Mineral Development
Act of 1982 (Public Law 97-382; 25 U.S.C. 2101-2108;
Royster, 1994), and Federal and State regulatory resources are
provided by the Office of Surface Mining Reclamation and
Enforcement (https://www.osmre.gov/laws-and-regulations)
and Brown (2023). Surface mines established after 1977 may
have baseline ecosystem data to inform recovery targets because
of the reporting requirements identified in SMCRA; however,
surface mines established before 1977 and nonsurface mines
may not have any baseline data. During the permitting stage,
SMCRA requires that an adequate description of the existing
environmental conditions (such as climate, soils, topography,
and vegetation) within and around the proposed mine plan area

is documented and cross-sections, maps, and plans illustrating
those conditions are developed (30 CFR 779). Knowledge

of both preenvironmental and postenvironmental conditions
can help inform recovery targets for postmining landscapes.
However, the long history of mining activity means much
information may be unknown; thus, development of recovery
targets may require alternative methods, such as identification
of undisturbed sites that reflect conditions before mining
activity (hereafter, “reference sites”).

The type of mine and surrounding ecosystem may also
affect objectives and complexity of the recovery process.
Hardrock mines built underground for extracting rare earth
elements (for example, gold and silver) may have unstable
structures, cavernous shafts, adits (tunnel entrances), tunnels,
tailings, and leftover chemicals and explosives that can
pose threats of varying degrees to humans, flora, and fauna.
On the other hand, surface mines (such as open pits, strip
mining, mountaintop removal, and dredging) require
different recovery methods with extensive soil remediation,
reclamation, and vegetation recovery. The less common method
of solution mining extracts minerals (for example, copper
and uranium deposits) by injecting solvents into wells. These
solvents can negatively affect groundwater quality and cause
surface disturbance from aboveground activities. Examples of
recovery goals for different mining types, necessary steps, and
the role of vegetation recovery are described in Sidebar 1
(U.S. Environmental Protection Agency, 2000).

Goals of the Recovery Process by Mine Type

Hardrock (Underground) Mining Recovery Goals

Safety hazards

Reduce safety hazards by eliminating access to
adits, shafts, exposed stopes, and other features posing
a risk to wildlife and humans (for example, fencing and
metal grates). These methods are intended to allow for

bat roosting within tunnels.

Water and soil properties

Topography

Reclamation to address subsidence of the
surface that can affect surface structures, water
drainages, vegetation (for example, can affect
the groundwater table), and pose risks to
humans, wildlife, and vegetation.

Remediate environmental issues associated with
chemicals used during onsite mineral extraction (for
example, cyanide was used to extract gold from ore),
mitigate leaching of tailing piles into hydrologic systems,
and address similar vulnerabilities that affect aquatic
health and pose risks to humans, wildlife, and vegetation.

Hydrology

Reclamation using impoundments to address common

flooding problems (for example, water quality and water exiting
adits with heavy metals or contaminants) that affect aquatic
health and pose risks to humans, wildlife, and vegetation.


https://www.osmre.gov/laws-and-regulations

Remote Sensing Supporting
Mine Land Recovery

Although field-based measurements at individual mine sites
are critical methods for assessing site conditions and recov-
ery needs, these methods cannot be applied retrospectively to
provide insight into previous site conditions and can be time- and
cost-prohibitive when applied across large geographic extents.
Remote sensing, however, can provide measurements of past
and present surface characteristics and can be applied across large
geographic extents, often for substantially smaller costs. During
the past two decades, the use and availability of remote sensing
data have increased considerably, providing numerous methods
for evaluating degradation and recovery of mine lands. These
data and methods offer a broad spatial and temporal scope (some
dating back half a century) that land managers can leverage for
site prioritization, recovery design, and long-term assessments of
recovery. However, mine lands occur in many ecosystem types
characterized by different minerals, geology, hydrology, and
vegetation; therefore, the use of remote sensing to address region-
wide recovery tasks requires technical expertise and some amount
of field data to inform analytical methods and provide evaluation
and validation of remote sensing data products.

Remote sensing is the activity of assessing surface
characteristics with data acquired by a sensor that is not in direct
contact with the surface (Lillesand and others, 2015). The concept

Surface Mining Recovery Goals
Topography

Return to approximate original contour.

Hydrology

Monitor surface water and groundwater before, during, and
after mining activities. Remediate any contaminants. Postreclamation
conditions should reflect characteristics of premining drainage area,
stream length, and elevation differences, allowing topography and
hydrology to tie into established drainages outside the mine.

Soil properties

Return soils to premining conditions (for example, soil series,
suitability [chemical and physical properties], and depth), salvage
overburden soils, and prepare seedbeds (for example, multiple
phases of tillage, mulching, and erosion control methods).

Vegetation

Restore native plants that stabilize soils and can
self-regenerate and support succession.

Wildlife

Establish native functioning communities.

Remote Sensing Supporting Mine Land Recovery 5

behind remote sensing is that different surface materials reflect
and absorb different regions of the electromagnetic spectrum
(fig. 3), enabling their surface properties to be assessed from a
sensor at a distance. Many remote sensing instruments (sensors)
are passive and measure electromagnetic radiation (for exam-
ple, visible light, radio waves, gamma rays, and X-rays) emitted
by the sun and reflected from an object’s surface. Conversely,
active sensors send pulses of electromagnetic radiation that reflect
off a surface and return back to the sensor. Sensors can be ground
based, such as instruments mounted on tripods or towers used
to measure surface properties of a single plant or a small patch
of grass, on aircraft (for example, balloons, remotely piloted
aircraft systems, helicopters, or airplanes), or on satellites orbit-
ing the Earth, such as Landsat Operational Land Imager and the
Moderate Resolution Imaging Spectroradiometer (MODIS) sen-
sors. Tradeoffs among spectral, temporal, and spatial resolutions
(Sidebar 2) generally depend on the type of sensor and platform;
for example, sensors that are ground- or aircraft-mounted often
have a higher spatial resolution, whereas satellite-based sensors
have a lower spatial resolution.

Understanding sensor types and wavelength properties
is crucial for selecting appropriate sensors for specified
applications. Each remote-sensing platform (ground, airborne,
or satellite) may include one or more sensors that capture
spectral data as point or gridded surfaces. Biotic and abiotic
features, such as dense forests, grasslands, or exposed rocks
absorb and reflect differently across the electromagnetic spectrum

Solution Mining Recovery Goals

Water and soil properties

Remediate groundwater affected by introduced
solvents and extraction methods. For example, nontarget
minerals that unintentionally dissolve can affect
groundwater, surface water, and surrounding vegetation.

Vegetation

Restore native plants that stabilize soils
and can self-regenerate and support succession.

SIDEBAR
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and exhibit different spectral curves that can be distinguished
separately (fig. 3). Passive sensors, such as photographic cameras,
spectroradiometers, and passive microwaveradiometers,
measure emitted and reflected radiation across differing
wavelengths and are commonly used to map land cover types

and vegetation. Active sensors can often function at night and are

less affected by clouds and weather—although some may work
in conjunction with passive sensors that require daylight. Sensors

detecting microwaves (wavelengths between 1 millimeter [mm]
and 1 meter [m]) may be affected less by atmospheric conditions
because microwaves more effectively penetrate water droplets
than visible wavelengths (380—780 nanometers [nm]) and
infrared wavelengths (780 nm—1 mm).

Microwave sensors are often used for meteorology (for
example, measuring surface winds), oceanography (for example,
mapping sea ice and currents), or measuring soil moisture.
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Figure 3. Spectral signatures (continuous measurements of reflectance by means of hyperspectral data) for multiple types of vegetation
by wavelength (microns) and corresponding bands (discrete bins of the electromagnetic spectrum) of Landsat 9 operational land imager
(OLI) and thermal infrared sensor (TIRS). Modified from U.S. Geological Survey (2023).

SIDEBAR Four Resolutions of Remote Sensing

Spatial resolution

The smallest distance between two objects that
can be distinguished by a sensor. Remote sensing
imagery obtained at coarse spatial resolutions (greater
than 500 m) may only be able to infer broad landscape
characteristics such as coarse estimates of vegetation
cover, land cover type and extent, snow cover extent, or
surface temperature. Remote sensing obtained at very high
spatial resolutions (for example, less than 5 m) are more
appropriate for measuring properties of vegetation at the
patch, stand, or individual plant level. Light Detection and
Ranging (lidar), aerial photography, and some multispectral
sensors (for example, Planet Labs Rapid Eye Satellite
and QuickBird) are examples of high spatial resolution
products (less than 30 m). Landsat platforms (30-60 m)
are generally considered as medium resolution, and
MODIS is considered as coarse or low resolution (500 m).
Considerations for using low- compared to high-resolution
data includes increased data volume, processing time,
and scale of acquired data. Similarly, the higher the spatial
resolution, the smaller the footprint (tiles) for data and
therefore high spatial resolution products are commonly
used for local studies and less so for regional studies.

Spectral resolution

Spectral resolution represents the range and
granularity of wavelength bins that a sensor can capture.
Sensors with low spectral resolution collect reflectance
values across fewer ranges of wavelengths and are
typically noncontiguous. Higher spectral resolution
sensors capture reflectance across narrow, contiguous
spectral bands with hundreds or thousands of spectra.
Multispectral sensors, such as those sensors found on the
Landsat 1-9 satellites, collect multiple reflectance values
across a range of wavelengths but with fewer bands.

Hyperspectral sensors can measure hundreds of
narrow ranges of wavelengths, such that each band may
only span 3 nm rather than 60 nm. Multispectral imagery is



Multispectral sensors provide spectral bands of varying band-
widths of the visible (380—780 nm), near-infrared (780—1,300 nm),
and short to midinfrared (1,300-3,000 nm) ranges, which can
help identify vegetation (fig. 3). Hyperspectral imaging captures
narrow, contiguous spectral bands with hundreds or thousands
of spectra, allowing for significantly greater discrimination of
features. Multispectral sensors are commonly used on satellites
and hyperspectral sensors are generally mounted on aircraft;
therefore, costs vary substantially.

Numerous satellites used for remote sensing have been
launched in the past 50 years (for example, Landsat 1 was
launched in 1972). The orbits of these satellite platforms and
the type of sensors used on any platform determine four types
of resolution that should be considered when using remote
sensing products—spatial, spectral, temporal, and radiometric
(Sidebar 2). Matching study objectives to these four resolutions
is important for identifying which satellites and sensors may be
most useful for the desired monitoring.

In mining applications, remote sensing provides a method
for assessing surface characteristics (such as vegetation type
and condition) or soil properties (such as texture, the presence
of minerals, or moisture content). Remote sensing is commonly
used to evaluate vegetation recovery on mine lands (refer to
McKenna and others, 2020) and to map the geographic extent
of mining operations and related disturbances (for example,
Hao and others, 2019; Gong and others, 2021). For example,

Remote Sensing Supporting Mine Land Recovery 1

remote sensing can monitor changes in the spatial footprint of
mining activities and vegetation recovery through time (fig. 4)
to document relations between mining activities and vegeta-
tion or soil conditions. Residual effects of mining, such as the
presence of toxic metals (for example, arsenic, chromium,
copper, lead, nickel, and zinc), can also be assessed using a
combination of field data and remote sensing imagery (Peng
and others, 2016). Remote sensing methods, such as lidar, can
also be used to measure changes in topographic relief caused
by excavation, deposition, and infilling that was done during
mining activities (for example, Banerjee and Raval, 2022).
Recent advances in computing capacity and the increased
availability of remote sensing data have led to a sharp increase
in the use of remote sensing to assess mine lands in the past
decade (McKenna and others, 2020).

Remote sensing alone may not provide enough information
to guide recovery efforts, or to thoroughly assess vegetation
recovery through time. For example, at sites where the onset
of mining activities occurred prior to the availability of remote
sensing data, premining conditions are nearly impossible to
determine. In nearly all reviewed studies, in situ field surveys
were conducted to measure vegetation or soil properties to use in
conjunction with remote sensing. Field surveys are important for
monitoring vegetation change; for example, one study evaluated
15 mines in southwestern Virginia solely using field surveys
and historical vegetation records to define vegetation recovery

Temporal resolution

useful for assessing vegetation communities, land cover

Temporal resolution describes the frequency with

types, and similar characteristics, and hyperspectral
imagery can identify detailed properties of vegetation
such as water stress, nutrient concentration, presence

of contaminants, and species identification. Studies that
have highlighted differences between multispectral and
hyperspectral data may be helpful when designing studies
(for example, Gendaram and Damdinsuren, 2021; Jarociska
and others, 2022). The higher the spectral resolution, the
easier itis to discern features from the electromagnetic
spectrum. The costs of using high compared to low
spectral resolution include greater data volumes and the
Hughes phenomenon (Hughes, 1968), where more bands
require more training data to achieve similar accuracy.

which areas are imaged. Satellites with high temporal
resolution image the same location more frequently
compared to satellites with low temporal resolution.
However, a higher temporal resolution results in an
increased spatial resolution and larger footprint relative
to lower temporal resolution. For example, MODIS returns
to the same location once a day, whereas Landsat returns
to the same location every 16 days. One benefit of a
higher temporal resolution is that cloud cover is easier to
mitigate by using multiday image composites.

Radiometric resolution

Radiometric resolution is the ability of a sensor
to discriminate between different values of a signal
intensity (in other words, amplitude). Radiometric
resolution affects the number of bits that the sensor
can record. High radiometric resolution can detect
small differences in reflected or emitted energy but may
come at the expense of spatial and spectral resolution.
Different sensors rely on different radiometric resolution,
although generally users pay less attention to radiometric
resolution when selecting imagery.

SIDEBAR
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success (Holl, 2002). However, field studies are usually labor
intensive, limiting the scope of their temporal and spatial extents
and precluding analyses of long-term or regional trends. Remote
sensing offers a method to complement field surveys by providing
surface characteristics for unsurveyed periods at low costs and
for back-in-time assessments. Thus, researchers frequently pair
field data with remote sensing data to train models to characterize
mine land conditions in areas other than those areas where field
data are collected. For example, field data from a single mine

or collected during a single time period can be used to estimate
surface conditions on other mine lands or at other time periods.
Doing so allows more efficient use of limited, and often expen-
sive, field sampling. Applications of remote sensing also often
incorporate ancillary data, such as topographic characteristics or
soil type, to provide additional information to characterize mine
lands. Combining remote sensing with ancillary data can signifi-
cantly increase the precision and accuracy of monitoring mine
land recovery. Sidebar 3 briefly summarizes key benefits of using
remote sensing to assess vegetation recovery.

Remotely sensed satellite data are often preprocessed to
increase their utility prior to use. Preprocessing is most often
done by data providers such as the National Aeronautics and
Space Administration (NASA). These providers apply radiomet-
ric and geometric corrections to their data to create multiple
data processing levels. Radiometric corrections often include
the use of calibration coefficients that are applied to raw,
unprocessed instrument observations to correct for variations
in lighting, sensor angle, atmospheric noise, sensor data storage
capacity, and transmission efficiency. Geometric processing may
also include the use of calibration coefficients to compensate for
geometric distortions across the viewing angle. Preprocessing
can also be performed using many different software applications

for some platforms, such as the Landsat Ecosystem Disturbance
Adaptive Processing System (LEDAPS), which produces
top-of-atmosphere reflectance for Landsat (Schmidt and oth-
ers, 2013). Active sensors, such as lidar and synthetic aperture
radar (SAR), require substantial preprocessing using different
methods and software applications. For example, point clouds
of lidar data can include outliers and generally require classifi-
cation and editing of errors, downsampling, filtering, trans-
forming, aligning, and other preprocessing. Different methods
are also necessary for preprocessing hyperspectral data (for
example, Sulaiman and others, 2022).

Analysis-ready imagery products (that is, imagery that has
been preprocessed using standard methods) significantly reduce
data preparation efforts, but they may not completely eliminate
the need for data manipulation prior to analyses. For example,
these products often do not address normalization of reflectance
between scenes (footprints) or temporal periods, which is cru-
cial for improving precision of results (for example, Canty and
others, 2004; Chen and others, 2023). Some preprocessed data
products have included errors and may require additional
steps to ensure accuracy (for example, Qiu and others, 2019;
Teixeira Pinto and others, 2020). Although many off-the-shelf
remote sensing data are already preprocessed (for example,
Landsat analysis-ready data, https://www.usgs.gov/landsat
-missions/landsat-us-analysis-ready-data), preprocessing often
remains a necessary step if, for example, (1) multiple scenes are
required (for example, Landsat paths and rows), (2) high tempo-
ral frequency is required (for example, 30 years of data acquired
during peak vegetation productivity [green-up]), (3) multiple
data types are required (for example, a mixture of Landsat
sensors on platforms 1-9), or (4) lidar and hyperspectral data
are used.

Benefits of Using Remote Sensing to
Monitor Vegetation Recovery

e Suitable imagery for assessing vegetation
attributes (for example, primary productivity) has
been acquired daily since the early 1980s for much
of the Earth, enabling remote sensing users to
measure vegetation conditions for time periods
for which field data may not have been collected.
New remote sensing platforms are continually
being developed and may provide opportunities to
measure vegetation attributes more frequently or
with improved capabilities in the future.

e The global coverage of many imagery
sources enables analyses to span regions much
larger than possible with in situ measurements
alone and facilitates data collection in remote areas.

e Certain remote sensing archives (for example,
U.S. Geological Survey Landsat, https://www.usgs.gov/
landsat-missions/landsat-data-access) offer open
access to imagery for all users, thereby reducing the
cost of monitoring activities.

e Depending on the imagery source, an abundant
amount of information is available to assess recovery
success, which may be difficult to obtain from field
surveys alone.

¢ Remote sensing costs may be far less than
that of field observations; however, computing and
analytical costs may vary depending on the geographic
or temporal extent and the complexity of measured
vegetation characteristics.


https://www.usgs.gov/landsat-missions/landsat-us-analysis-ready-data
https://www.usgs.gov/landsat-missions/landsat-us-analysis-ready-data
https://www.usgs.gov/landsat-missions/landsat-data-access
https://www.usgs.gov/landsat-missions/landsat-data-access

Figure 4. The Hobet-21 coal mine in the Appalachian
Mountains of southern West Virginia was one of the
State’s largest mountaintop removal mines. This figure
illustrates how mine footprints can be visible with remote
sensing and may change through time as mining activities
progress. Revegetation may also be discernable, but
identification of vegetation types or community properties
may be difficult to assess. Images from Landsat 5, 7,

and 8 (A-C) illustrate how the disturbed area of this
mine increased to about 10,000 acres in 31 years.

A, The Hobet-21 mine in 1984 when the total disturbed
area was small [Satellite image by National Aeronautics
and Space Administration]. B, By 1998, the Hobet-21
mine had grown westward [Satellite image by National
Aeronautics and Space Administration]. C, Mining ended
in 2015 when some vegetation recovery was visible from
Landsat imagery as light green [Satellite image

by National Aeronautics and Space Administration].

D, Photograph of the Hobet-21 mine in 2018 [Photograph
by Edwin L. “Bo” Wriston courtesy of West Virginia
National Guard]. For additional information, two studies
(Wickham and others, 2013; Pericak and others, 2018)
used remote sensing to explore the changes and effects
of mining activity on the landscape at the Hobet-21
mining site.

Remote Sensing Supporting Mine Land Recovery
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Recovery Targets and
Performance Indicators

Vegetation recovery is a key component of recovering mine
lands to achieve agreed-upon management targets. Operational
targets can be used by project managers to guide recovery efforts
during or after cessation of mining activities and can range from
vague statements such as “return to pre-existing landcover”
to detailed statements such as “by 2040, restore 70% of the
abundance of native perennial plants found in reference sites”
(Young and others, 2022, p. 24). Targets may include restor-
ing structural or functional aspects of vegetation communities,
such as landscape connectivity of habitat for key wildlife spe-
cies (for example, large areas of connected habitats are required
for Ursus arctos [grizzly bears]; Proctor and others, 2015) or
vegetation structure that is necessary for specific life stages of
wildlife (for example, large shrubs and tall grasses for nesting
Centrocercus spp. [sage-grouse]; Connelly and others, 2000).
Recovery target dates may need to incorporate lag periods for
extirpated species to repopulate mine lands after recovery activi-
ties have begun. Recovery targets can also specify a geographic
extent across which the target is intended to be achieved (for
instance, a single site or multiple watersheds).

Remote sensing can be used to monitor progress toward
meeting recovery targets. Performance indicators of site condi-
tion that can be monitored range from simple descriptors of
whether surface vegetation is present to complex indicators
describing biological interactions such as herbivory and nutrient
cycling (table 1). Indicators can be used to assess incremental
changes in vegetation conditions across time, often to assess
how well the recovery targets have been met. For example,

Han and others (2021) assess recovery efforts by categorizing
areas based on evidence for recovery, degradation, degradation—
recovery, and no change in conjunction with the Landsat-based
detection of Trends in Disturbance and Recovery (LandTrendr)
method (Kennedy and others, 2010). Sometimes, categories

of recovery success (such as recovery and degradation) may
provide more useful measures to land managers than continuous
indices of vegetation change (for example, normalized differ-
ence vegetation index). Sidebar 4 provides some examples of
vegetation change indicators that can be assessed with remote
sensing and how these relate to spectral properties.

Remote sensing techniques can be used to determine
many vegetation indices that are of value for mapping
landcover and vegetation characteristics. For example,

Xue and Su (2017) provide information on more than
100 vegetation indices. The choice of which index to use


https://www.mrlc.gov/data
https://landfire.gov/

Recovery Targets and Performance Indicators

Table 1. Example approaches (performance indicators) for measuring success of vegetation recovery.

Vegetation presence
Presence or proportion of vegetation compared to exposed soils
Vegetation health or stress
Phenology—timing of green-up(s)
Functional groups
Presence or proportion of functional groups for long-term stability
Phenology—timing of green-up(s)
Vegetation structure—fractional cover, biomass, height, and density
Species
Species composition or community metrics
Presence or proportion of native species
Presence or proportion of invasive species
Vegetation structure—fractional cover and biomass
Vegetation structure—height and density

Ecosystem function
The ability of abiotic conditions to sustain reproducing populations and recruitment

Diversity—richness and abundance of species and functional groups

Biological interactions (for example, mycorrhizae, herbivory), root growth,
organic matter, nutrient cycling

Multispectral
Multispectral
Multispectral

Multispectral
Multispectral
Multispectral

Hyperspectral
Multispectral
Multispectral
Multispectral and hyperspectral

Synthetic aperture radar and
light detection and ranging

Primarily hyperspectral and
synthetic aperture radar

Primarily hyperspectral and
synthetic aperture radar

Active research needed

1"


https://www.usgs.gov/3d-elevation-program
https://gedi.umd.edu/
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often depends on location (for example, soil conditions often
affect vegetation indices) and the target recovery objectives.
When simple indices are used, remote sensing imagery can
quickly provide information about the presence or greenness
(productivity) of vegetation. Other indices, however, may
require complex methods to identify functional groups or
land cover types at a mine site (table 1). For example, simple
vegetation indicators, such as NDVI, measure vegetation
productivity but are inefficient at measuring species richness
or endemism. Li and others (2021) highlight some of the
complexities of using NDVI for time-series analyses of
vegetation cover, such as contradicting trends in greenness
during the temporal period of the assessment. In contrast to
NDVI and other vegetation indices that measure vegetation
greenness, more complex methods can be used to, for
example, model discrete vegetation classes and calculate
fractional cover estimates.

Potential gradients of targets can be defined very broadly
or finely, which can affect the level of effort and complexity of
monitoring efforts (for example, types and frequency of field
surveys, remotely sensed hyperspectral or multispectral data
accompanied by field surveys). For targets assessing ecosys-
tem function, combining multiple data sources and methods
may be necessary. For instance, multispectral imagery can
often differentiate among functional vegetative types, but
hyperspectral imagery and field surveys are commonly needed
to distinguish species (for example, Asner and Martin, 2016).
Because of the breadth of approaches used for each objective,
we provide only a list of key methods in table 2; however,
many of these approaches are mentioned or briefly described
in various sections of this report.

Sometimes recovery targets may reference baseline
environmental conditions observed prior to the onset of mining
operations. However, baseline vegetation conditions may be
unknown, or difficult to obtain for sites where mining activity
occurred before SMCRA was enacted in 1977 or the widespread
availability of remote sensing imagery. In such situations, addi-
tional information may be needed to establish recovery targets.
Nearby sites containing undisturbed vegetation are often used as
reference sites to define recovery targets (for example, Nauman
and Duniway, 2016; Monroe and others, 2022). Reference sites
may be selected to reflect natural conditions with similar terrain,
soils, climate, vegetation, and wildlife (in other words, ecologi-
cal potential) that are desired for recovery at a target site. In the
United States, a comprehensive set of vegetation reference con-
ditions for terrestrial ecosystems has been developed to describe
the dynamics, structure, composition, and disturbance regimes
before European-American settlement (Blankenship and others,
2021; Comer and others, 2022). These reference conditions
were developed using more than 900 quantitative vegetation
dynamic models through LANDFIRE. Reference conditions
may also be identified using soil and climate characteristics
(Brown, 2010), which can identify recovery targets for vegeta-
tion restoration, because soil, climate, topography, and similar
abiotic properties affect vegetation recovery rates.

In addition to monitoring the current progress of
vegetation recovery, understanding the trajectories of
vegetation change can inform expectations for setting realistic
recovery targets. For example, remote sensing and statistical
analysis of reference site characteristics can estimate the
time to recovery based on observed recovery rates within a
given ecosystem (Monroe and others, 2022). Understanding

Table 2. Example model approaches to produce desired remotely sensed

vegetative indicators.

[Discrete vegetation classes include land cover, land use, taxa, or community groupings. Continuous
estimates of fractional cover include percentage of areal cover of a species canopy within a pixel]

Desired vegetative metric

Discrete classes of vegetation
or mining disturbances

Example model approaches

Random forest boosted or bagged regression trees

Support vector machine

Geographic object-based image analysis

Convolutional neural network

Trends in vegetation indices

LandTrendr

Detecting breakpoints and estimating segments in trend

Modified continuous change detection and classification

Theil-Sen estimator

Ordinary least squares regression

Principal component analysis

Continuous estimates of
fractional cover

Support vector machine
Random forest boosted or bagged regression trees

Neural networks and other machine learning models

End-member spectral mixture analysis
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the time to recovery under different abiotic conditions, such

as differences in fire frequency, or persistence of drought or
flooding, may help prioritize restoration by focusing on areas
where success is expected or time to recovery is quicker.
Conversely, these methods can be used to identify sensitive
areas to direct disturbance away from those sites and to establish
reasonable expectations.

Many methods exist for modeling vegetation communities
and temporal trends using remote sensing data. No single
method is likely to work best under all environmental condi-
tions or with all remote sensing data. For example, modeling
of fractional vegetation cover has been demonstrated using
hyperspectral (Dennison and others, 2019) and multispectral
(Gao and others, 2020) remote sensing data, and other meth-
ods have combined radiative transfer and dynamic vegeta-
tion models (Tu and others, 2020). Methods of vegetation
classification using deep learning and machine learning of
aerial photogrammetric imagery have also been demonstrated
(Drobnjak and others, 2022), indicating that no single best
approach exists. Researchers have also highlighted the impor-
tance of measuring nonlinear vegetation trends (PolyTrend
algorithm) because vegetation changes often follow nonlinear
dynamics (Ghorbanian and others, 2022). Selecting the best
modeling approach will depend on the desired indicators,
data availability, ecosystems, and funding availability. The
approach may not necessarily matter if the results inform the
recovery targets within the precision and accuracy specified by
the recovery targets.

Altogether, methods using remote sensing data can benefit
evaluations of progress toward recovery targets and refine
monitoring workflows (fig. 5). A combined understanding of
the type of mining activity, extent of environmental effects,
environmental settings (topography and hydrography), and
local ecology will help identify mines that present the greatest
risk to humans and ecosystems. Through an iterative process of
refining recovery targets and adjusting input data, practitioners
can successfully track recovery success (fig. 5B).

Lidar point cloud for a restoration site on the Vermilion River in Montana. Data and

Methods for Literature Review
and Examples of Studies Using
Remote Sensing for Monitoring
Mine Land Recovery

The information provided in this report was informed
by a review of recent remote sensing studies on mine
lands (app. 1). Specifically, we used the BiblioSearch tool
(Kleist and Enns, 2022) to search the Scopus database for
recent (from 2005 to 2022) studies of mine lands that used
remote sensing to broadly measure recovery success (including
reclamation, restoration, rehabilitation, or remediation) or spe-
cifically measure vegetation indices. We also used the Google
search engine to gain a broader understanding of mine land
monitoring and find relevant government articles, regulatory
documentation, and general mine land monitoring literature. We
found 102 articles describing the use of remote sensing to assess
mine land recovery and we retained 85 because of accessibility
and peer-review status. We selected a subset (eight case studies)
of recently published papers to demonstrate the diversity of plat-
forms and sensors, performance indicators, vegetation indices,
and modeling procedures available for evaluating mine land
recovery (app. 1). These case studies align with the following
topics: multispectral, moderate spatial resolution at multiple
sites (case study 1); multispectral, high spatial resolution at a
single site (case study 2); multispectral, high spatial resolution
at multiple sites (case study 3); multispectral, very high spatial
resolution at a single site (case study 4); multispectral, high
spatial resolution with radar at a single site (case study 5); mul-
tispectral, very high spatial resolution with radar at a single site
(case study 6); hyperspectral at a single site (case study 7); and
radar only at a single site (case study 8). These studies highlight
the diversity of potential approaches for assessing single mine
sites, multiple sites, data processing (including preprocessing),
postmodeling, and degrees of complexity.

graphic by Chris Holmquist-Johnson, U.S. Geological Survey, used with permission.
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Figure 5. A, The three main mining types and associated hazards (groundwater contamination, potential effects on surface water
from runoff, open adits, and open pits), mitigation efforts (bat bars, fences, evaporation ponds, soil remediation), and monitoring
methods (groundwater monitoring wells, remote sensing monitoring, field monitoring). B, An example workflow for prioritizing recovery
targets of mine lands using remote sensing, from left to right: (1) identify the mining activity by gathering mine characteristics; (2)
select recovery targets and performance indicators; (3) select appropriate remote sensing data, vegetation indices (VIs), and modeling
methods to inform performance indicators; (4) select ancillary data to inform models; (5) acquire and apply data (remote and ancillary)
to model Vs (for example, discrete vegetation classification, VIs change in time); and (6) evaluate and validate derived VIs and

ascertain if methods appropriately evaluate progress towards recovery. Update performance indicators as needed and repeat steps
2-6 until recovery targets are met.
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Summary

A variety of remote sensing platforms, sensors, and
derived vegetation indices exist to account for variability
in spectral reflectance characteristics that differ among
ecosystems. These indices, and their use in predictive
models, are useful for assessing and monitoring restoration
efforts. Successful monitoring and evaluation of mine land
recovery requires careful selection of tools that can capture
the appropriate indicators of vegetation recovery while also
considering the level of effort and expertise needed to use the
selected tools. This report highlighted differences in efforts
to obtain information about performance indicators, such as
vegetation presence or absence and ecosystem function, that
are affected by species diversity and biological interactions.
For example, determining if vegetation is present for soil
stabilization requires significantly less modeling and data
than determining if mines have been restored to natural and
functioning ecosystems.

Although there are many benefits to using remote sensing
for monitoring vegetation recovery, there are also numerous
constraints to consider. For example, many remotely sensed
indices may be available, but they cannot always be extrapo-
lated to areas with dissimilar spectral reflectances. Often indi-
ces must be modified for different ecosystems and may require
ancillary inputs and modeling, especially when evaluating
mines across time and space. When temporal and geographic
extents are large, substantial computing resources and model-
ing expertise may be required. Specifically, environmental
context becomes a critical consideration when evaluating
multiple mines in different areas because different abiotic and
biotic conditions add complexity when assessing progress

toward recovery targets. For example, abiotic conditions such
as precipitation affect spectral signatures of soil and vegetation
(near infrared reflects more strongly from vegetation with high
water content). Substantial preprocessing of remote sensing
imagery may be required, especially when long time periods or
large spatial extents are considered. Additionally, as advances
in remote sensing continue to evolve and more data become
available at finer spatial and spectral resolutions, computational
costs may also increase. A balance between spatial and spectral
resolutions may be advantageous depending on the objective.

The breadth of knowledge captured in the literature
searches, and the case studies highlighted here, provide
examples of how remote sensing data can be used for monitor-
ing mine lands. Although field observations are often needed,
they can be cost- and labor-intensive to acquire. Remote sens-
ing platforms offer another approach for collecting data across
longer time periods and larger areas with less effort that can
often be used to augment and improve assessments of mine
recovery. For example, active sensors like Light Detection
and Ranging (lidar) fitted to aircraft or satellites can collect
data on topography and vegetation structure (for example, to
assess height or biomass), and may be able to help discern
plant communities or individual plant species across large
swaths of land. The possibilities of remote sensing to monitor
mine lands appear endless, and carefully considering recovery
objectives, mine type, and ecosystem will help users deter-
mine the best methods to use to gain the most benefit. Overall,
applications of remote sensing to mine recovery will be most
effective when recovery targets are clearly defined and quanti-
fiable from data collected before mining activity. Additionally,
these collected data would need to be accessible and main-
tained in databases for baseline references used to establish
the recovery targets.
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Glossary
adit Horizontal entrance to a mine.
computing capacity The storage and
transaction processing capability of
computer systems.

deposition Geological process that adds
soil, sediments, and (or) rocks to a landform or
landmass.

downsampling Process to reduce the
number of samples in a dataset.

dredging Removing material from a water
environment.

electromagnetic radiation Energy transfer
in the form of the electric and magnetic fields
that make up electromagnetic waves such as
radio waves, visible light, and gamma rays.

endemism A condition in which a species is
restricted to a single area.

functional groups A group of species
that share similar characteristics within a
community.

functional vegetative types A group
of vegetation types that share similar
characteristics within a community.

gamma rays Type of electromagnetic
radiation with wavelengths generally smaller
than 10-10 meters.

geometric correction Data manipulation that
improves the spatial accuracy of the spectral
observations by removing or reducing the
effects of viewing angle and altitude.

hardrock mine An excavation in the earth to
remove “hard” minerals or metals such as gold,
copper, or tin.

in situ measurements Measurements
collected in the field.

land cover type Categories of physical
materials that cover the Earth’s surface, for
example, trees, shrubs, or wetland.

microwave Type of electromagnetic radiation
with wavelengths generally ranging from 30
centimeters to 1 millimeter.

mountaintop removal A surface mining
practice that alters topography and commonly
removes a summit, hill, or ridge to access coal.

mulching Adding a protective layer of
material to the top of soil.

Normalized Difference Vegetation Index
(NDVI) A measurement of vegetation
greenness, which is calculated as the ratio
between the red and near-infrared values of
the light spectrum that are reflected by land
surfaces.

ore Natural rock or sediment that contains
valuable metals or minerals.

overburden soils Soils that are mechanically
displaced and unprocessed and that overly
material that will be extracted.

platferms The structures on which remote
sensing instruments are mounted, which can
be terrestrial, airborne, or space based.



primary productivity The rate at which
energy is converted to organic substances by
photosynthetic producers (obtain energy and
nutrients from sunlight) and chemosynthetic
producers (obtain energy through oxidation).

radio waves Type of electromagnetic
radiation with wavelengths generally greater
than 1 millimeter.

radiometer A device that detects and
measures electromagnetic radiation.

radiometric correction Data manipulation
that improves the accuracy of the spectral
observations by removing or reducing

the effects of atmospheric, sensor, and
illumination factors.

reclamation The geotechnical stabilization
of land (for example, soils and topography),
allowing for the return of flora and fauna or
species that are endemic to the area but not
necessarily the same composition or exact
condition as predisturbance.

rehabilitation Activities focused on
reinstating ecosystem services that benefit
human communities and livelihoods (such as
farming or development).

remediation Activities focused on removing
contaminants from the environment (soils,
water, air) and managing risks to humans and
wildlife.

Glossary

restoration Actions resulting in the recovery
of an ecosystem to its original state prior to
disturbance.

seedbed Soil prepared for planting seeds.

shaft A long, often vertical, passage
that gives access or ventilation to an
underground mine.

soil The uppermost layer of the Earth’s crust.

stope Excavation of ground in layers
or steps.

strip mining  Type of surface mining that
removes a long line of soil or rock above a
layer of valuable material.

tailings Soil or rock left over after
separating out the valuable material.

target Desired goal or outcome.

tillage To prepare soil for planting by
digging, stirring, and (or) overturning soil using
mechanical processes.

topography The configuration of the
Earth's surface.

topographic relief The difference in
elevation between the lowest and highest
points of the surface.

X-ray Type of electromagnetic radiation with
wavelengths generally ranging from 10-8 to
10-'2 meters.
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Appendix 1.

Eight Example Studies and Literature Review References

Of the 85 articles from the literature review, we present eight articles as case studies of recently published papers to dem-
onstrate the diversity of platforms and sensors, performance indicators, vegetation indices, and modeling procedures available
for evaluating mine land recovery. These studies highlight the diversity of potential approaches for assessing single mine sites,
multiple sites, data processing (including preprocessing), postmodeling, and degrees of complexity. We also provide citations for
the remaining 77 articles from our literature review (refer to the “Bibliography” section).

Case Study 1—Multispectral, Moderate
Spatial Resolution at Multiple Sites

Title—Mines to forests? Analyzing long-term recovery
trends for surface coal mines in Central Appalachia
(Thomas and others, 2023)

Subject.—Vegetation trends and rate of recovery of mines
using mountaintop removal in forests of Central Appalachia
in the United States. Used footprints of 71,140 mines in West
Virginia, Tennessee, Virginia, and Kentucky.

Platforms, sensors, or both.—Landsat.

Preprocessing.—Annual Landsat imagery spanning the
years from 1985 to 2015 were filtered to the growing season
period from April through October. Landsat data were harmo-
nized to account for differences in band wavelengths between
different Landsat satellites.

Performance indicators, vegetation indicators, or both.—
Normalized burn ratio, normalized difference moisture index,
and Normalized Difference Vegetation Index (NDVI).

Modeling procedures.—Authors used Google Earth Engine
(GEE) to compile imagery and measure vegetation trends.

To compare vegetation trends, the authors visually selected 5
reference sites for each of the 24 U.S. Environmental Protection
Agency Level 4 Ecoregions found within the study area. These
reference sites provided a baseline to compare undisturbed veg-
etation trends to vegetation trends on disturbed mine footprints.
After estimating each index, the authors estimated the rate of
recovery and long-term mean conditions based on first-order
autoregressive models (“rstanarm” package in program R,
https://mc-stan.org/rstanarm/). Long-term mean conditions were
used to quantify the equilibrium of each site, which could be
compared to surrounding reference sites to estimate the percent
recovery of each site.

Results.—The study’s results indicate that, although
mines in the study area recovered, such sites are still well
below the conditions of surrounding reference forests as only
0.10 percent of sites have a 95-percent probability of reaching
or exceeding the conditions of reference forests, based on the
three vegetation indices. Recovery rates were not affected by
the area, slope, or elevation of, or precipitation at the mine.
Although this study only used three vegetation indices, the
authors compiled other indices (Enhanced Vegetation Index
[EVI], Soil-Adjusted Vegetation Index [SAVI], and modified
SAVI), all of which are available from their publicly available
dataset (Thomas and others, 2022).

Case Study 2—Multispectral, High
Spatial Resolution at a Single Site

Title—Multi-year mapping of disturbance and reclama-
tion patterns over Tronox’s Hillendale mine, South Africa with
DBEST and Google Earth Engine (Xulu and others, 2021)

Subject.—Detection of changes at a zirconium and
titanium mine in a subtropical to tropical coastal area of
South Africa.

Platforms, sensors, or both.—Landsat (Landsat 5, 7, and
8 images [Level-1 precision terrain-corrected]).

Preprocessing.—Landsat images from 2001 to 2019 were
filtered and cloud masked.

Performance indicators, vegetation indicators, or both.—
Trend analysis of changes in NDVI.

Modeling procedures—The authors used GEE to
access Landsat imagery and calculate NDVI. The Detecting
Breakpoints and Estimating Segments in Trend (DBEST;
Jamali and others, 2015) program was used for segmenting
and analyzing trend changes in the time series of NDVI (from
2001 to 2019). They used spline interpolation to fit a cubic
spline to each missing NDVI value resulting from cloud mask-
ing. The DBEST approach is believed to handle discontinuous
time-series data better than other more widely applied meth-
ods such as Landsat-based detection of Trends in Disturbance
and Recovery (LandTrendr; Kennedy and others, 2010). The
algorithm within DBEST has two parts. The first detects trends
in the time-series data; determines the behavior of the change
(abrupt or gradual); and estimates the timing, magnitude, num-
ber, and direction of change. The second part of the algorithm
then simplifies the change features into an overall main trend.

Results—The authors found that DBEST could estimate
the breaking points of NDVI values through time and that
the breaking points aligned well with the known dates of
disturbance and rehabilitation at their mine site of interest. The
authors caution against using trends in NDVI values alone
to determine rehabilitation success without evaluating the
vegetation type associated with the values because NDVI does
not distinguish between native or invasive species. They used
random forests to classify vegetated and nonvegetated areas
(78 percent overall accuracy) to evaluate the results where they
observed recovery after mining stopped in 2013. This study
provides an example of an affordable approach to tracking
vegetation change by leveraging publicly available Landsat data
and the high computing power of the GEE platform.
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Case Study 3—Multispectral,
High Spatial Resolution at
Multiple Sites

Title—Mining and restoration monitoring of rare earth
element (REE) exploitation by new remote sensing indicators
in Southern Jiangxi, China (Xie and others, 2020)

Subject.—Detection of changes at open-pit mines that
extract REE in a subtropical (forested) monsoon ecosystem
in southern Jiangxi, China and used footprints of more than
1,281 mines.

Platforms, sensors, or both.—Landsat Thematic
Mapper (TM), Enhanced Thematic Mapper Plus (ETM+)
and Operational Land Imager (OLI) images were used to
develop indices. Mine boundaries were defined using high
resolution imagery, such as QuickBird, GeoEye, and
SPOT, available on GEE.

Preprocessing.—Preprocessing of Landsat imagery from
1988 to 2019 included selecting cloud-free dates, atmospheric
correction, and dark object subtraction (temporal normaliza-
tion technique).

Performance indicators, vegetation indicators, or both.—
The authors used Landsat imagery from 1988 to 2019 to
develop mining and restoration assessment indicators (MRAIs)
based on spectral reflectance, albedo, land-surface temperature,
and tasseled cap brightness. The authors compared their index
to more common indices, including NDVI, EVI, SAVI, and
Generalized Difference Vegetation Index (GDVI) at six typical
open-pit mines at varying restoration stages.

Modeling procedures.—Landsat images were obtained
from the U.S. Geological Survey Global Visualization Viewer
(https://glovis.usgs.gov). High-resolution imagery (for exam-
ple, Quickbird, GeoEye, and SPOT) was processed on GEE to
define mining boundaries. Indices were compared by measur-
ing the relative sensitivity of MRAI to each standard vegeta-
tion index (NDVI, EVI, SAVI, and GDVI). When MRAI
sensitivity is greater than one, MRALI is more sensitive than
the standard vegetation index (VI), when it is equal to one, the
indices have the same sensitivity; and when it is less than one,
MRALI is less sensitive than the standard VI.

Results—The authors found MRAISs provided greater
sensitivity and were more informative than more common
indices (NDVI, EVI, SAVI, and GDVI) at six typical REE
open-pit mines. This study demonstrates the challenges of
using standard VIs to assess revegetation success of numerous
mining sites (n=1,281), resulting in a new index (MRAI) that
could better inform monitoring for sites with heterogeneous
revegetation stages.
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Case Study 4—Multispectral, Very
High Spatial Resolution at a Single Site

Title—Mining land subsidence monitoring using
Sentinel-1 SAR data (Yuan and others, 2017)

Subject—Detection of surface change caused by
underground mines (coal mining) for midlatitude steppe
climate in Yuanbaoshan District, Chifeng City, China.

Platforms, sensors, or both.—Differential Interferometry
Synthetic Aperture Radar (DInSAR) of the Sentinel-1 satellite

Preprocessing—Preprocessing procedures were not
explained.

Performance indicators, vegetation indicators, or both.—
Surface deformation (from 2015 to 2016).

Modeling procedures.—Interferometry, or InNSAR, uses the
phase information recorded by synthetic aperture radar (SAR)
to measure the distance from the sensor to the Earth’s ground
to assess terrain. By comparing two InSAR measurements of
the same area taken at different times, a methodology called
DInSAR, surface deformation patterns can be accessed.

Yuan and others (2017) used DInSAR techniques to generate
interferograms for pairs (phase information) of short time inter-
vals and small spatial perpendicular baseline images to achieve
smaller spectral offsets to evaluate deformation.

Results—The effects of subsidence were detected in
mining areas and surrounding urban areas using DInSAR. The
methods used in this study demonstrate how remote sensing
using radar can provide insight into the effect of underground
mining, which might not otherwise be discernable using other
remote sensing methods.

Case Study 5—Multispectral, High
Spatial Resolution with Radar at a
Single Site

Title—Mountaintop mining legacies constrain ecological,
hydrological and biogeochemical recovery trajectories
(Ross and others, 2021)

Subject—Reference site characterization of mines using
mountaintop removal in forests of West Virginia, United States

Platforms, sensors, or both—Landsat and aerial Light
Detection and Ranging (lidar) sensor.

Preprocessing.—Landsat data required the standard
preprocessing and harmonization (temporal normalization)
of the data before generating NDVI from 1984 to 2019. The
study’s area of interest had previously been processed and had
available lidar data.

Performance indicators, vegetation indicators, or both.—
The authors used Landsat-derived NDVI and aerial lidar-derived
canopy height data to map vegetation cover and structural change
from 1984 to 2019. The authors also collected field data to
link remotely sensed vegetation change with on-the-ground
hydrologic and biogeochemical effects of mining.
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Modeling procedures—The authors compared mine land
recovery (measured by NDVI and canopy height) to reference
forests and forests that were disturbed but not in their mining
dataset or within mining permit boundaries.

Results—Since 1977, the United States requires mined
areas to be restored to equal or greater value than the ones they
replace. However, this study found that vegetation at sites that
were previously mined were shorter and sparser than vegetation
at reference sites because of substantial changes to the envi-
ronment's topography, hydrology (water moves more slowly
through exploded bedrock), and soil chemistry.

Case Study 6—Multispectral, Very
High Spatial Resolution with Radar at
a Single Site

Title—Land cover changes in open-cast mining
complexes based on high-resolution remote sensing data
(Nascimento and others, 2020)

Subject—Change detection, disturbance mapping, and
land cover classification for open-cast (also called open-pit)
iron ore mines in tropical forests and savanna ecosystems in
the eastern Amazon Basin in Brazil.

Platforms, sensors, or both—GeoEye, WorldView-3,
IKONOS, and lidar.

Preprocessing—Preprocessing of optical data (from
2011 to 2015) included atmospheric correction, resampling,
orthorectification, mosaicing, and creation of vegetation indi-
ces. Processing of lidar data included ground filtering before
creating elevation and slope products.

Performance indicators, vegetation indicators, or both.—
This study used spectral indices to create NDVI and normal-
ized difference water index from high-resolution commercial
satellite imagery. An aerial lidar sensor was flown in 2012 to
derive elevation and slope characteristics.

Modeling procedures.—The authors used geographic
object-based image analysis (GEOBIA) by means of Trimble
eCognition software to map forests, cangas (natural metal-
liferous savanna ecosystems), mine land, revegetated areas,
and water bodies at open-cast iron ore mines. GEOBIA is a
method commonly applied to classify pixels into homoge-
neous clusters that aid with identifying objects in images. It is
an alternative software to LandTrendr, which works explicitly
with Landsat data. They identified 35 ground-control points
per class to inform classification thresholds.

Results—The author’s methods using GEOBIA by means
of Trimble eCognition software to map land cover, mine lands,
and water bodies achieved an overall accuracy of greater than
90 percent and kappa indices ranging from 0.82 to 0.88. By
combining high-resolution satellite imagery (spectral and lidar)
with modeling approaches, the authors were able to map land
cover classes and temporal transitions on mine sites.

Case Study 7—Hyperspectral ata
Single Site

Title—Analysis and discrimination of hyperspectral
characteristics of typical vegetation leaves in a rare earth rec-
lamation mining area (Zhou and others, 2022)

Subject.—Change detection on a solution mine to extract
REEs in subtropical forests in Dingnan County, Jiangxi
Province, China.

Platforms, sensors, or both.—This study used an analyti-
cal spectral devices (ASD) Field Spec4 spectrometer to record
the reflectance of vegetation.

Preprocessing.—The original spectral data was log-
transformed and underwent derivative and continuum removal.

Performance indicators, vegetation indicators, or both.—
The authors aimed to assess environmental stress of vegetation
caused by contamination and how well the reclamation suc-
ceeded by evaluating spectral signatures of six species, includ-
ing wetland pine, eucalyptus, Taiwanese photinia, bamboo
willow, camellia, and tungoil tree.

Modeling procedures.—The authors used reflectance
of vegetation at a mining site for selected species and three
discrimination models (Fisher, stepwise discrimination, and
multilayer perception) to determine vegetation types based on
the electromagnetic spectrum.

Results.—The results demonstrated that stepwise dis-
crimination with data transformation was the best method for
identifying reclaimed vegetation at this site. Additionally, the
results provide a theoretical basis for physiological parameters
for reclaimed REE mining and monitoring efforts and add to
the spectral library of reclaimed vegetation.

Case Study 8—Radar Only ata
Single Site

Title—Rapid assessment of mine rehabilitation areas
with airborne lidar and deep learning—Bauxite strip mining in
Queensland, Australia (Murray and others, 2022)

Subject—Land cover classification and reference site
characterization of bauxite mining (aluminum) operations
in tropical ecosystems of Cape York Peninsula, Queensland,
Australia.

Platforms, sensors, or both.—Airborne lidar sensor.

Preprocessing.—Lidar data were delivered as a collection
of classified lidar (.LAS) datasets in 1 square-kilometer (km?)
tiles. The authors used Esri ArcGIS Pro to process the raw
lidar data, which included formatting merged tiles
(“.LAS” file format for point clouds) into a scene layer
package file that was then colorized by point class (for
example, ground, low vegetation, medium vegetation, high
vegetation, buildings and structures).
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Performance indicators, vegetation indicators, or
both.—The authors used lidar point clouds and an intensity
image (ratio of the strength of reflected light to that of emitted
light) to evaluate vegetation structure on mined compared to
“natural” sites.

Modeling procedures—A convolutional neural network
algorithm was trained to classify reference sites (natural
ecosystems). The study used airborne lidar data to train a
support vector machine (SVM) and a neural network model to
identify active rehabilitation sites and natural ecosystems. The
result of the neural network is a binary category of whether
or not there was active rehabilitation. The SVM generated a
predictive surface of rehabilitation status (zero for bare ground
and one for natural landscape).

Results—The authors evaluated the SVM and model
results using ground-truthed data, an ordinary least squares
regression, and an expert panel of scientists. They found
high predictive performance of their methods. Estimates
of vegetation structure and canopy height were the most
important indices to identify rehabilitated land. Lidar can
assess vegetation structural attributes, such as canopy height
and basal area; moreover, lidar data used in machine learning
can produce additional attributes, such as stem direction
and trunk thickness, and density can be derived. The study
highlights the importance of remote sensing for monitoring
mines, using a quasi-automated approach, and importantly
suggests that rehabilitation of mine sites requires continuous
monitoring and assessment.
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Appendix 2 provides a list of references for the following topics that support this report: (1) regulatory documentation,
(2) mining data inventories, (3) literature reviews that evaluate mine land recovery using remote sensing and remote sensing
vegetation indices, (4) guidelines for ecological restoration, (5) pilot studies of mine land restoration, (6) mining effects on
abiotic and biotic conditions, (7) sources of publicly available remote sensing data, (8) publicly available browsing tools with
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Sources of Publicly Available
Remotely Sensed Data

National Aeronautics and Space Administration (NASA)
Earth Observations (NEO) website.—Provides access to
more than 50 different global datasets represented with daily,
weekly, and monthly snapshots, and images that are available
in a variety of formats, including joint photographic experts
group (JPEG), portable network graphics (PNG), Google
Earth, and geographic tag image file format (GeoTIFF;
https://neo.gsfc.nasa.gov/about/).

National Oceanic and Atmospheric Administration
(NOAA).—Provides access to Geostationary Operational
Environmental Satellites (GEOS)-R Series and NOAA-20
data for tracking weather. GOES-R data are refreshed approxi-
mately every 15 minutes (such geostationary satellites have
high orbits and low resolution of 250 meters and above).

Sentinel Hub.—Provides access to all Sentinel products,
including historical (archive) satellite images. Sentinel Hub
also gives users access to Landsat and Moderate Resolution
Imaging Spectroradiometer (MODIS) products
(https://www.sentinel-hub.com/).

U.S. Geological Survey EarthExplorer—Provides
access to aerial photographs, Landsat, Advanced Very High
Resolution Radiometer, commercial satellites (Satellite Pour
I'Observation de la Terre [SPOT], IKONOS, and OrbView 3,
some Sentinel-2B), declassified data, elevation (Shuttle Radar
Topography Mission and Advanced Spaceborne Thermal
Emission and Reflection Radiometer), MODIS, hyperspectral
(Hyperion), digital line graphs, Landsat, and other data
(https://earthexplorer.usgs.gov/).

Publicly Available Browsing
Tools with Access to Remote
Sensing Data

NASA Worldview.—An open platform for browsing
recently updated and historical satellite remotely sensed data.
The site allows users to visually track wildfires, night lights,
floodwaters, icebergs, and earthquakes (https://worldview
.earthdata.nasa.gov/).

Zoom Earth.—Shows the most recent satellite images and
aerial views in a fast, zoomable map. The platform pulls in
refreshed data every 10 minutes from NOAA’s Geostationary
Operational Environmental Satellite Network [GOES] and
Japan Meteorological Agency Himawari-8 satellites, and
every 15 minutes by means of European Organisation for the
Exploitation of Meteorological Satellites (https://zoom.earth/).

Global Imagery Browse Services.—Provides quick access
to more than 1,000 satellite imagery products, covering every
part of the world. Most imagery is updated daily and is avail-
able within a few hours after satellite observation, and some
products span almost 30 years. The satellite imagery can be
rendered in your web client or geographic information system
(GIS) application (https://www.carthdata.nasa.gov/cosdis/
science-system-description/eosdis-components/gibs).

EarthNow.—Displays near real-time imagery of Landsat
8 and Landsat 9 data being collected by the U.S. Geological
Survey as the satellites cross over the Earth. Along with live
stream video, the tool replays image loops from recent over-
pass recordings (https://earthnow.usgs.gov/observer/).

Google Earth Timelapse.—Provides timelapses of the
Earth and how it has changed over the past 37 years
(https://earthengine.google.com/timelapse/).
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Cloud Computing Tools with Access
to Remote Sensing Data

Earth on Amazon Web Services (AWS).—Available
datasets (open data) currently include Sentinel-2, Landsat-8,
GEOS, NOAA, Sentinel-1, and data acquired by the China-
Brazil Earth Resources Satellite and processed by Instituto
Nacional de Pesquisa Espaciais. There is a cost for using AWS
cloud for processing, but AWS offers Cloud Credits to students,
researchers, and developers (https://aws.amazon.com/earth/).

Google Earth—Provides browsing capabilities for some
of the highest-resolution satellite imagery. Most of the data on
Google Earth was taken in the last 3—4 years
(https://earth.google.com/).

Google Earth Engine—This tool combines a multipetabyte
catalog of satellite imagery and geospatial datasets with planetary-
scale analysis capabilities (https:/earthengine.google.com/).

Data Available from Google Earth Engine

Surface temperature.—MODIS, Advanced Spaceborne
Thermal Emission and Reflection Radiometer, Advanced Very
High Resolution Radiometer, and Landsat thermal data.

Climate.—North American Land Data Assimilation
System, Gridded Surface Meteorological, climate model
outputs like the University of Idaho Multivariate Adaptive
Constructed Analogs (MACAv2-METDATA), and the NASA
Earth Exchange’s Downscaled Climate Projections.

Atmosphere.—NASA's Total Ozone Mapping
Spectrometer and Ozone Monitoring Instrument, and the
MODIS Monthly Gridded Atmospheric Product.

Weather—NOAA's Global Forecast System and the
National Centers for Environmental Prediction Climate
Forecast System.

Sensor data.—For example, the Tropical Rainfall
Measuring Mission, Landsat since 1972, Sentinel (includes
all-weather radar images from Sentinel-1A and -1B, high-
resolution optical images from Sentinel-2A and -2B, and ocean
and land data suitable for environmental and climate monitor-
ing from Sentinel-3), and MODIS (NASA's Terra and Aqua
satellites have been acquiring images of the Earth daily since
1999, including daily imagery, 16-day bidirectional reflectance
distribution function-adjusted surface reflectance, and derived
products such as vegetation indices and snow cover).

Aerial imagery—U.S. National Agriculture Imagery
Program offers aerial image data of the United States at
1-meter resolution, including nearly complete coverage every
several years since 2003.

Elevation.—Shuttle Radar Topography Mission data
at 30-meter resolution, regional Digital Elevation Models at
higher resolutions, and derived products such as the World
Wildlife Fund’s HydroSHEDS hydrology database.

Landcover—A variety of land cover datasets, from near
real-time Dynamic World to global products such as European
Space Agency World Cover.

Cropland—U.S. Department of Agriculture, National
Agricultural Statistical Service Cropland Data Layers, and layers
from the Global Food Security-Support Analysis Data including
cropland extent, crop dominance, and watering sources.

Nighttime data.—Nighttime imagery from the Defense
Meteorological Satellite Program's Operational Linescan
System, which has collected imagery of nighttime lights at
approximately 1-kilometer resolution continuously since 1992.


https://aws.amazon.com/earth/
https://earth.google.com/
https://earthengine.google.com/

Publishing support provided by the Science Publishing Network,
Denver, Moffett Field, and Reston Publishing Service Centers

For more information concerning the research in this report, contact the
Director, USGS Fort Collins Science Center

2150 Centre Ave., Bldg. C

Fort Collins, CO 80526-8118

(970) 226-9100

Or visit the Fort Collins Science Center website at:
https://www.usgs.gov/centers/fort


https://www.usgs.gov/centers/fort

https://doi.org/10.3133/cir1525


https://doi.org/10.3133/cir1525

	Contents
	Abstract
	Introduction
	Mining Background
	Remote Sensing Supporting Mine Land Recovery
	Recovery Targets and Performance Indicators
	Methods for Literature Review and Examples of Studies Using Remote Sensing for Monitoring Mine Land Recovery
	Summary
	References Cited
	Glossary
	Figure 1. Map showing mine-related surface disturbances in the continental United States
	Figure 2. Photographs of the Akron Mine and Mill Site showing waste rock and tailings
	Figure 3. Graph showing spectral signatures for multiple types of vegetation and corresponding bands
	Figure 4. The Hobet-21 coal mine in the Appalachian Mountains of southern West Virginia in 1984 when the total disturbed area was relatively small, 1998 when the Hobet-21 mine had grown westward, 2015 when some vegetation recovery was visible from Landsat
	Figure 5. Diagram showing associated hazards, mitigation efforts, and monitoring methods for three main mining types, and an example workflow for prioritizing recovery targets of mine lands using remote sensing
	Sidebar 1. Goals of the Recovery Process by Mine Type
	Sidebar 2. Four Resolutions of Remote Sensing
	Sidebar 3. Benefits of Using Remote Sensing to Monitor Vegetation Recovery
	Sidebar 4. A Subset of Vegetation Change Indicators Assessed with Remote Sensing
	Table 1. Example approaches for measuring success of vegetation recovery
	Table 2. Example model approaches to produce desired remotely sensed vegetative indicators
	Appendix 1. Eight Example Studies and Literature Review References
	Appendix 2. Selected References and Remote Sensing Tools and Data for Monitoring Mine Lands



