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Abstract: As humans continue to alter Earth systems, conservationists look to remote sensing to
monitor, inventory, and understand ecosystems and ecosystem processes at large spatial scales.
Multispectral remote sensing data are commonly integrated into conservation decision-making
frameworks, yet imaging spectroscopy, or hyperspectral remote sensing, is underutilized in conserva-
tion. The high spectral resolution of imaging spectrometers captures the chemistry of Earth surfaces,
whereas multispectral satellites indirectly represent such surfaces through band ratios. Here, we
present case studies wherein imaging spectroscopy was used to inform and improve conservation
decision-making and discuss potential future applications. These case studies include a broad array
of conservation areas, including forest, dryland, and marine ecosystems, as well as urban applica-
tions and methane monitoring. Imaging spectroscopy technology is rapidly developing, especially
with regard to satellite-based spectrometers. Improving on and expanding existing applications
of imaging spectroscopy to conservation, developing imaging spectroscopy data products for use
by other researchers and decision-makers, and pioneering novel uses of imaging spectroscopy will
greatly expand the toolset for conservation decision-makers.
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1. Introduction

The Earth system is undergoing rapid change [1]. At the turn of the 21st century,
75% of ice-free terrestrial surfaces were used by humans in some fashion [2]. From 1982
to 2016, tropical regions experienced net forest loss. While temperate and boreal regions
experienced net forest gains during the same period [3], many temperate forests have
shifted in composition due to current and historic anthropogenic activities [4]. Remaining
unaltered forest regions are highly fragmented and at risk of deforestation and degradation.
Cropland expansion alone will remove an estimated 13.7% of the standing forest biomass
and convert 3.8% of biodiversity hotspots by 2050 [5]. Marine regions are similarly affected.
By 2070, over 70% of coral reefs will experience annual severe bleaching [6], and, in 2010,
10,000–40,000 tons of plastic floated in ocean surface waters [7]. Keystone species both
on land and in the ocean are threatened by habitat loss and overharvesting. Exacerbating
these direct anthropogenic impacts on ecosystems is human-induced climate change. Many
human and natural communities are already experiencing the consequences of changing
precipitation patterns and increasing temperatures, and these issues will continue to worsen
if human action continues as usual. As rates of deforestation and carbon dioxide levels rise,
decision-makers and conservationists look to science for solutions.

While nearly half of published conservation biology research has focused on docu-
menting threats to biodiversity [8], an increasingly large subset of practitioners in this
field is entrenched in conservation decision-making [9]. Remote sensing informs both
of these communities and is used to document land-use/land-cover changes [10] that
inform research and conservation decision-making [11–13]. The volume of remotely sensed
data from commercial and governmental organizations allows Earth system monitoring
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at unprecedented spatiotemporal scales, yet many Earth system dimensions cannot be
directly measured with multispectral satellites. Imaging spectroscopy offers a means to
more directly measure many of these dimensions by filling in the gaps in the electromag-
netic spectrum.

Imaging spectroscopy is a process of image formation from narrow wavelength in-
tervals, referred to as channels. These channels are arranged in a way that captures a
continuous portion of the electromagnetic spectrum from the visible (400 nm) to shortwave
infrared (2500 nm), in contrast to other passive remote sensing platforms, such as Land-
sat and Sentinel-2, that have wide and spectrally discontinuous bands (Figure 1). Akin
to laboratory spectroscopy, remote sensing based on imaging spectroscopy can directly
measure Earth system characteristics such as vegetation canopy chemical traits, atmo-
spheric methane, urban surface composition, and undersea coral reefs. These and other
measurements or indicators from imaging spectroscopy, unlike multispectral imagery, are
based on the molecular chemistry of Earth surfaces, which is becoming invaluable for
conservation issues.
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Figure 1. Bottom-of-atmosphere reflectance spectra (400 to 2500 nm) from (a) the airborne visi-
ble/infrared imaging spectrometer (AVIRIS) and (b) Sentinel-2. While AVIRIS data represent 224
contiguous, equally sized bands (channels), Sentinel-2 data are discrete representations of the electro-
magnetic spectrum with variable bandwidths.

Imaging spectroscopy data are currently collected using aircraft, such as the Jet Propul-
sion Lab’s airborne visible/infrared imaging spectrometer (AVIRIS), the National Ecologi-
cal Observatory Network (NEON)’s Airborne Observation Platform, and Arizona State
University’s Global Airborne Observatory (GAO). Such data, however, are part of the
next frontier in spaceborne Earth observations. To date, the only previous satellite-based
imaging spectrometer for civil societal use was the Hyperion instrument onboard the Na-
tional Aeronautics and Space Administration (NASA)’s Earth Observing-1 (EO-1) satellite.
EO-1 was a technology demonstration and has been deorbited. However, newer and more
advanced imaging spectrometers, such as AVIRIS and the GAO, are being redesigned for
Earth orbit. Once achieved, spaceborne imaging spectroscopy will bring a wealth of data
that expands the opportunities for actionable science, such as that directed to conservation
solution spaces. Here we describe how imaging spectroscopy data have thus far been
incorporated in conservation decision-making, illustrating new opportunities for future
airborne and satellite-based data to be incorporated into decision-making frameworks.

2. Forests
2.1. Biodiversity

Humans have accelerated species extinction rates 1000 times over background rates of
loss [14], an estimate projected to increase tenfold in the future [15]. With such rates mak-
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ing the earth more environmentally homogeneous, conservationists are racing to protect
biodiversity. Protected areas serve as strongholds for biodiversity, and delineating new
protected areas is an important conservation tool [16–18]. In some regions, protected areas
have alleviated poverty [19]; however, in others, they have burdened local communities
and resulted in competition for land and resources [20,21]. To achieve conservation goals,
staffing and financial resources are necessary continued inputs [22], resulting in tradeoffs
between the quantity of protected areas and the quality of their continued management.
Protected areas have the potential to curtail extinction rates, but sparse resources and
ecological–social tradeoffs necessitate careful consideration of protected area delineation.

Accurate, high-resolution spatially explicit biodiversity data are needed to empower
conservation decisions and assess tradeoffs, but biodiversity is difficult to map and quantify.
The spectral resolution of current satellite-based remote sensing platforms is too coarse to
measure biodiversity directly, and data gaps in species trait measurements limit correlative
models that upscale field-based biodiversity measurements to multispectral images [23].

Imaging spectroscopy offers the ability to measure biodiversity more directly at large
spatial scales [24,25], and, as a result, these data have been used to inform conservation
efforts to halt gold mining and delineate protected areas in the Peruvian Amazon. Across
the entirety of the forested regions of Peru, the canopy chemical traits derived from imaging
spectroscopy data were used to map 36 forest function classes [26]. Unique forest functional
classes with high rates of forest conversion where intervention was most needed were
identified. This map directly supported the decision to establish Yaguas National Park [27].
Furthermore, this mapping project highlighted the importance of indigenous lands, as
compared to government-based protected area, in protecting the functional and biological
diversity of Peruvian forests [28].

Capturing forest biodiversity using imaging spectroscopy takes advantage of the
unique chemical and spectral fingerprints of canopy species. In humid tropical forests,
leaf chemistry consistently shows greater interspecies than intraspecies variation, which
provides the foundational signal relating species to chemistry to biodiversity [29]. Chemical
bonds absorb, reflect, and refract light differently; thus, each molecule leaves a character-
istic spectral signature [30], which can be captured across landscape scales with imaging
spectroscopy. Species-specific leaf spectral fingerprints are largely a result of the leaf
chemical composition and morphology [29], and, as the unit of measurement scales up
from the leaf to the canopy, the canopy architecture and non-leaf structures contribute to
the spectral signature. Supervised machine learning techniques have been used to map
species in tropical [31] and temperate [32,33] forests, as well as discriminate genotypes
in Populus tremuloides [34] using imaging spectroscopy. Yet, species mapping using su-
pervised techniques is often not practical for diversity monitoring as it requires extensive
fieldwork, especially in highly diverse regions. To circumvent this challenge, either the
canopy chemical traits or the canopy spectral signature, derived from imaging spectroscopy
data, can be clustered to reveal biodiversity patterns across the landscape (Figure 2) [35,36]
in accordance with the spectral variation hypothesis. The spectral variation hypothesis
states that spectral heterogeneity and species richness are positively correlated [37]. In
practice, imaging spectroscopy has been used to map floristic gradients [38], plant compo-
sition [39], and species diversity [40] in a range of ecosystems using unsupervised learning,
reducing the fieldwork necessary to map and monitor biodiversity. One unsupervised
approach clusters overstory spectra into “spectral species” via k-means clustering [34].
When mapped over large regions, alpha, beta, and gamma biodiversity estimates from
spectral species correlated with field-sampled biodiversity estimates [25,40]. Not only has
this technology challenged theories of biodiversity developed at much smaller scales [41],
but it also provides the data with which conservation tradeoffs can be assessed.
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Figure 2. A cluster analysis of the unique spectral signatures of rainforest species in the Hawaiian
Islands. The colors represent spectral signatures or the reflected light of each species from 400 to
2500 nm. Yellows–reds and greens–blues show high and low reflectance, respectively [36].

Biodiversity metrics derived from imaging spectroscopy can be used to improve
decision-making frameworks. Landscape-scale biodiversity estimates aid in assessing the
efficacy of protected areas and biological corridors. Furthermore, these data improve our
understanding of the effect of land-use change and edge effects on biodiversity. Another
application of landscape-scale biodiversity estimates is balancing the tradeoffs between
protecting areas for their biodiversity and for aboveground carbon biomass [42]. These
tradeoffs using imaging spectroscopy and light detection and ranging (LiDAR), respec-
tively, were assessed in Borneo [43], and the study is being expanded to Peru. Imaging
spectroscopy-based biodiversity estimates are valuable for inventorying biodiversity and
developing conservation decisions on the basis of an understanding of how that diversity
varies across the landscape and for different management strategies.

As more data become available via spaceborne imaging spectroscopy, the temporal
and spatial scales at which biodiversity can be monitored and studied will expand. Air-
borne imaging spectroscopy limits the timescale of analysis. While many Earth system
processes directly measured using imaging spectroscopy have been upscaled to spaceborne
multispectral satellites [44,45], continuous monitoring via imaging spectroscopy would
provide more accurate assessments of conservation outcomes on biodiversity.

Monitoring is built into many conservation decision support frameworks [46] as it
is important for improving existing management plans, adapting to evolving risk, and
determining which decision framework will be most effective for other regions. Monitoring
systems and global biodiversity mapping may not only identify protected areas that do not
have adequate management and enforcement, but also contribute to tradeoff assessments
between protected area expansion and increased enforcement [47]. By expanding our
capacity to inventory and monitor forest biodiversity, imaging spectroscopy can help
power conservation decision-making frameworks.
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2.2. Forest Health

Worldwide forests are changing as stressors, such as drought and disease, alter the
functioning of common and overstory species [48–50], and invasive species outcompete
native species [51,52]. While preserving large tracts of intact forest can fortify forest com-
munities to these stressors, additional intervention, such as prescribed fire, erecting fencing,
and selective logging, is often necessary to ensure the health of forest communities. Yet,
monitoring the vast tracts of forested land is time-consuming and burdensome, especially
in difficult-to-access areas.

To monitor large, forested regions efficiently and to develop spatially explicit manage-
ment decisions, forest managers are increasingly relying on remote sensing technologies.
For example, LiDAR supports biomass estimates for carbon sequestration programs [53]
and other routine forest monitoring efforts. Multispectral optical remote sensing from
drones to satellites have been used to monitor deforestation and illegal logging and map
and classify forests globally [11]. While remote sensing has long been a tool used by
forest managers, imaging spectroscopy is less commonly used in forest health applications.
Imaging spectroscopy complements other remote sensing technologies by providing more
detailed information on forest health, such as tree pathogen detection, estimating nutrient
status, monitoring drought impacts on tree water content, and mapping invasive species.

Tree pathogens and pests can be problematic when introduced from different regions
of the world or when environmental or biological shifts increase the potency of pathogens
and pests [50]. Monitoring and determining the source of the spread of pests and pathogens
has resulted in successful campaigns to slow and contain their spread. In Hawai’i, imaging
spectroscopy data have been used to detect and map a relatively new tree pathogen,
Rapid Ohi’a Death (ROD) (Figure 3) [54]. ROD affects the vasculature of the native
ohi’a (Metrosideros polymorpha), the most abundant tree across the Hawai’ian islands, and
the spectral signature of infected ohi’a trees is consistently different than their healthy
counterparts [55]. Other case studies using imaging spectroscopy to monitor tree health
successfully identified declining floodplain eucalyptus trees [56] and basal stem rot in oil
palm plantations [57].
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Figure 3. In order to map and monitor Rapid Ohi’a Death (ROD) across the landscape, (a) the
brightness-normalized mean spectra of live, brown, and leafless ohi’a trees were extracted from
Global Airborne Observatory (GAO) data. (b) The mean and standard deviation spectra of brown
(potential ROD infestations) ohi’a were used to (c) map and quantify brown ohi’a crowns [54].

In addition to mapping pathogen spread, imaging spectroscopy has been used to map
invasive plants. Invasive plants outcompete native flora and can alter the biogeochemistry
and/or disturbance regimes of a region, creating positive feedbacks that can result in
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monocultures of the invading plant [51]. Annually, invasive species cost the United States
an estimated $120 billion [52]. Identifying regions where invasive species establish in order
to remove the invading plants and prevent their spread is a means of containing these
plants and curbing their competitive advantage over native species. Imaging spectroscopy
has been used to locate regions where invasive grasses [58,59], wetland species [60], and
trees [61] have established. Furthermore, in Hawai’i, highly invasive tree species were sep-
arable spectrally from native species [61], which would allow for more effective monitoring
of invasive trees across the state.

Compounding many of the challenges driven by disease, pests, and invasive plants is
drought. Drought is a major concern globally, especially as climate change [1] and land-use
change [62–64] continue to alter hydrologic cycles. Forest cover both influences [63–65]
and is influenced by [48,49] water availability. Imaging spectroscopy can link leaf-level
biogeochemical responses to drought to whole canopies [66] at landscape scales [45,67] and
in urban environments [68]. During periods of drought, canopy water content is predictive
of tree mortality [45], and the spatial distribution of trees with low canopy water content can
inform management solutions [66]. Canopy water content can also help managers predict
wildfire, and the potential for both airborne and spaceborne imaging spectrometers to
estimate fuel moisture has been demonstrated in California [69]. Estimating canopy water
content using imaging spectroscopy is more accurate than using multispectral satellites [70].
In urban environments, these data can inform optimal watering schedules that conserve
water and promote tree growth [68]. At the landscape scale, monitoring canopy water
content can improve the modeling and assessment of forest carbon dynamics, wildfire risk,
forest susceptibility to bark beetle mortality, and long-term forest cover shifts [67].

Imaging spectroscopy can provide valuable baselines for forest health metrics, es-
pecially when it is available for large areas of diverse landscapes with strong temporal
regularity. Both spectroscopy measurements collected in the field and airborne imaging
spectroscopy have been used to train algorithms that detect invasive grasses [44] and
estimate canopy water content [45], respectively, in Landsat imagery. While the Landsat
data provided greater spatial coverage, these data were less accurate than the imaging
spectroscopy data. Furthermore, most of the abovementioned studies wherein imaging
spectroscopy was used to measure and understand forest stressors and dynamics have
not yet been expanded across many landscapes or extended time periods so as to be
incorporated into routine forest health monitoring.

Spaceborne imaging spectroscopy data will allow for the early detection and map-
ping of forest pests, pathogens, and invasive plants, as well as stressors such as drought.
This technology will expand the ability to monitor forest health, as field sampling is
time-consuming and expensive. Furthermore, repeated data acquisitions will allow for
phenological considerations, improving classification accuracy and the understanding of
temporal patterns, as demonstrated on invasive species in Hawai’i using EO-1 Hyper-
ion [71]. Beyond routine monitoring, the expansion of these data will allow researchers to
study the biogeochemical changes and mechanisms for invasion associated with invasive
species, as demonstrated on Myrica faya in Hawai’i [72,73]. The forest health metric maps
and advances in understanding the biogeochemistry of forest health can be used to inform
forest health models, predicting the rate and direction of disease or invasive species spread
or assessing fire risk. The incorporation of imaging spectroscopy in monitoring and man-
aging forest health can complement existing remote sensing technologies by providing a
biochemical basis for understanding forest dynamics.

3. Drylands

Dryland ecosystems cover nearly half of the global land area [74], and approximately
three billion people, or nearly 40% of the global population, live in dryland ecosystems [75].
Many communities that rely on drylands are marginalized and impoverished [76], and
current social structures leave disadvantaged populations, such as women, less resilient to
the consequences of arid landscapes [77]. Desertification causes a net expansion of bare
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soil and a decline in vegetation globally, in part due to agriculture practices and rainfall
reductions [3]. While much work has been done to measure and predict these processes,
there is no universal means of quantifying desertification, and attributing causal factors
to the drying of these regions varies on the basis of social context and regional feedback
mechanisms [76].

In drylands, both the vegetation and the soil can be studied using imaging spec-
troscopy. Efforts to monitor desertification in drylands using multispectral remote sensing
often rely on the normalized difference vegetation index (NDVI), but the NDVI is largely
driven by precipitation trends and does not account for vegetation composition change [76].
The high spectral resolution of imaging spectroscopy can capture vegetation composition
change, and a prior study used imaging spectroscopy to quantify these changes to examine
the effect of grazing on desertification [78]. Imaging spectroscopy has also been used to
characterize how foliar nitrogen content varies with water availability across space [79]
and to identify invasive plants in dryland ecosystems [58]. In drylands with bare ground,
surface minerology can be mapped. Soil organic carbon [80], cation exchange capacity [81],
and salinity [82] are a few examples of soil properties that have been measured using
airborne imaging spectroscopy. In India, EO-1 Hyperion imaging spectroscopy data were
used to map soil sand, clay, and organic matter with the intent of monitoring desertification
over time (Figure 4) [83].
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Figure 4. Soil (a) sand and (b) clay content in northwestern India as estimated from Earth Observing-1
(EO-1) Hyperion. These spatial data demonstrate the potential for dryland soil monitoring over time
using spaceborne imaging spectrometers [83].

Quantifying and identifying the drivers of desertification are challenging problems
that have not been resolved [76]. The process of dryland degradation is multifaceted, and,
as attempts to quantify desertification often use only one metric, there is no universal
means of measuring the many forms of desertification [76]. Furthermore, drivers of
desertification are related to both biophysical processes and local social and political factors;
thus, disentangling the causal factors and feedback mechanisms behind desertification
is often complex and region-specific. While case studies have demonstrated the proof
of concept in mapping vegetation composition and soil characteristics using imaging
spectroscopy, attempts to study vegetation–soil feedbacks or the process of desertification
are largely lacking.
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Imaging spectroscopy data can help address unanswered questions in dryland re-
search. For example, NASA’s Earth Surface Mineral Dust Source Investigation (EMIT),
scheduled to launch in 2022, will map surface mineral composition and investigate dust
sources [84]. These data will provide a baseline of surface minerology and inform models
investigating the role of aerosols in driving precipitation, allowing researchers to tackle
climate feedback mechanisms and better predict precipitation patterns. Other potential
applications of spaceborne imaging spectroscopy data include routine monitoring of vegeta-
tion composition shifts and invasive species. By combining vegetation and soil information
derived from imaging spectroscopy data, landscape-level biophysical changes associated
with desertification can be studied and linked to regional land management decisions and
social contexts. Imaging spectroscopy can contribute much to the monitoring, studying,
and predicting of desertification and management of dryland ecosystems in the face of
climate change and continued human use of these ecosystems.

4. Urban

Fifty-five percent of the global population lives in urban areas, and 2.5 billion more
people are expected to reside in urban areas by 2050. Balancing the growth of cities with
environmental sustainability is a challenge faced by city governments globally, especially as
urban growth exacerbates health-related environmental issues, such as the heat island effect,
air pollution, and access to green spaces. Furthermore, communities of low socioeconomic
status tend to be disproportionately burdened by the negative effects associated with poor
air quality and heat [85,86]. For example, minority and impoverished neighborhoods in
southern California were exposed to higher traffic density, placing residents at greater risk
of exposure to vehicle-related air pollutants [87].

Governments at all levels are working to reform cities to be more equitable and
sustainable through policy changes and green initiatives. Over 160 cities across the world
have committed to 100% renewable energy by 2050 [88], and 35 cities have united to
reduce particulate matter (PM)2.5 levels [89], an air pollutant associated with many health
disorders that can lead to mortality. City governments attempt to cool cities by planting
trees, erecting shade structures, and developing green and white roof initiatives. Land
surface temperature, PM2.5 estimates, and NDVI derived from multispectral satellites are
commonly used to assess health-related environmental issues, and these data are often
integrated with census data to evaluate environmental injustices within cities. While these
data provide a coarse representation of the city landscape, they could be refined using
imaging spectroscopy data. Imaging spectroscopy can provide information on the surface
material of cities which can inform urban process models, such as heat, groundwater
recharge, and air purification [90,91]. Furthermore, urban canopy characteristics have been
mapped [92] and urban tree health has been assessed [93] using imaging spectroscopy.
Cities located in dryer regions need to balance water use and heat reduction. Imaging
spectroscopy data collected over Los Angeles, California, revealed that watering trees in
the early morning to reduce water loss resulted in water-stressed trees by midday [68].
Imaging spectroscopy data can improve the understanding of urban biophysical processes.

Imaging spectroscopy is underutilized by urban decision-makers, yet information
gained by integrating imaging spectroscopy into urban research and decision-making pro-
cesses can aid city governments in their efforts to improve the livelihood of their citizens.
Potential future applications of these data include incorporating surface material informa-
tion derived from imaging spectroscopy into urban process models to better understand the
impact of different materials on the urban heat island effect. Another potential application
is the creation of databases, developed and maintained using imaging spectroscopy data,
specifying the location, species, and health of trees within the city. As the world becomes
more urban, it will become increasingly important to address environmental challenges
facing the urban environment, and imaging spectroscopy is one tool in understanding
these challenges.
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5. Marine

Oceans support and sustain life via climate regulation, via oxygen production, and as
a food source, but they face many anthropogenic threats. Over 75% of coral reefs globally
are threatened by direct (e.g., overfishing, pollution, coastal development) and/or indirect
(rising sea temperatures and levels) human activities [94]. In the absence of management,
the ecosystem services provided by reefs such as tourism, fish, and shoreline protection
will continue to decline [95]. The information available to manage and monitor reefs is
limited by the time and expense of diver-based field work, and the low spectral resolution
of multispectral satellites restricts reef mapping to shallower depths with less detail. These
challenges in mapping coral reefs leave many governments and conservation organizations
with limited and/or outdated reef maps.

Marine protected areas (MPAs) are often established to protect reef ecosystems, but not
all MPAs are equally effective [22]. Prioritizing continued support for MPAs, designating
new MPAs, and managing reefs require accurate spatial and temporal information. Yet,
only a fraction of the photons available in terrestrial environments are available to resolve
benthic (seafloor) characteristics due to light attenuation by the water column. Large
portions of the electromagnetic spectrum are absorbed by water and cannot be used for
marine applications. Imaging spectroscopy increases the spectral resolution of the green
and blue regions of the electromagnetic spectrum, improving the resolution of benthic
features, including coral reefs [96,97]. In 2018, coral reefs in the Southeast Marine Sanctuary
in the Dominican Republic were mapped using imaging spectroscopy data. This Sanctuary
was established in response to the pressures of tourism on the reefs, and, as the Sanctuary
is being expanded, these spatial reef data are being used to aid in the spatial planning of
the Sanctuary expansion [98]. In addition to coral reef extent maps (Figure 5), spatial data
of reef habitat complexity [96] and progressive reef degradation [99] have been successfully
created using airborne imaging spectroscopy data.
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Marine imaging spectroscopy has the potential to support marine conservation beyond
coral reef mapping. Currently, much of marine imaging spectroscopy has focused on
mapping benthic characteristics, such as the location of live corals. While live coral maps
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developed from imaging spectroscopy provide baseline data, insufficient temporal data
limit the ability to assess management decisions on reefs or monitor the impact of bleaching
events. As marine imaging spectroscopy advances, process-level information may be
gained from these data.

Expanding the spatial and temporal extent of imaging spectroscopy is also useful
for reef-to-ridge applications. Terrestrial processes affect the marine environment and
vice versa, and there is a need to understand and develop conservation decisions on the
basis of the bidirectional interactions between terrestrial and marine environments [100].
Integrating terrestrial and marine research via imaging spectroscopy is a gap in existing
research. Beyond coral reef mapping and monitoring, spaceborne imaging spectroscopy
will be an important addition to the ocean remote sensing toolset as it will expand the
opportunities for monitoring and studying ocean ecosystems and pollution. Case studies
have demonstrated the ability of imaging spectroscopy to monitor red tides [101] and
ocean plastics [102], as well as map oil spills [103,104]. Furthermore, the potential of
spaceborne imaging spectroscopy to monitor marine environments has been confirmed
for kelp forests [105]. Imaging spectroscopy applications in marine environments are in
their infancy compared to terrestrial applications, but there exists a lot of potential to map,
monitor, and study ocean pollutants and environments.

6. Methane

From inducing phenological shifts to altering species biogeography, climate change
threatens many biological systems. Sea level rise will drown some regions, while drought
will leave others parched. Conservation decisions must not only account for direct threats
to biodiversity and land change, but it must also account for the indirect consequences
of rising levels of atmospheric carbon. The criticality of carbon dioxide emissions for
climate change notwithstanding, attention to the suite of greenhouse gasses demands
attention. Methane has over 20 times the global warming potential of carbon dioxide [106]
and can be geolocated and quantified using imaging spectroscopy [107–110]. Methane
can be detected in the thermal-infrared, mid-infrared, and shortwave infrared (SWIR)
(1400–2500 nm) regions of the electromagnetic spectrum. Spaceborne thermal-infrared and
imaging spectroscopy sensors can detect methane at kilometer scales, but these sensors are
too coarse to detect point-source emission. The Scanning Imaging Absorption Spectrometer
for Atmospheric Chartography (SCIAMACHY), a NASA spaceborne SWIR sensor, was able
to identify abnormally high methane levels in the San Juan Basin located in the four corners
region of the United States [111]; however, prior to the NASA AVIRIS-NG campaign, the
source of the methane was unconfirmed.

AVIRIS-NG detected and geolocated 0.23–0.39 Tg/year of methane emissions from
leaking storage units and pipelines, coal mine vents, and natural seeps in the San Juan Basin,
all of which were reported to state authorities [109]. The Environmental Defense Fund
featured the imaging spectroscopy results as evidence for the necessity of strengthened
methane regulations in a recent report [112], and this organization has a representative on
the New Mexico Methane Advisory Panel. The Panel released a technical report [113] that
will inform the forthcoming methane legislature in the state. SCIAMACHY and AVIRIS-NG
inspired recent and forthcoming methane regulations that protect public health and reduce
carbon emissions.

Strict methane regulations alone do not ensure reduced methane emission [114].
Monitoring challenges, such as undetected leaks, technological and economic barriers,
and incentives to underestimate self-reported data, among others, introduce enforcement
challenges. In 2017, the California Air Resources Board responded to relaxed federal
methane regulations by adopting state-level regulations, but these regulations hinge on
self-reported data [115]. The cap-and-trade program likewise relies on self-reporting.
The cap-and-trade program, adopted by 12 states including California, is a market-based
approach to limit the total greenhouse gas emissions in participating states by placing a
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cap on emissions. These programs hinge on monitoring, and imaging spectroscopy offers a
means of objectively monitoring point-source methane.

The California Methane Survey [110], developed in partnership with the California Air
Resources Board, retrieved 2016 to 2017 point-source methane emissions from AVIRIS-NG,
the results of which are publicly available via an interactive methane map (Figure 6) [107].
This survey identified the top methane emitters in California, and these super-emitters
accounted for 60% of the point-source methane detected in the state while comprising only
10% of the sources. Industrial sectors were ranked according to their relative contribution
of point-source methane, confirming speculations that waste management was the top
methane emitter in the state; prior to this survey, sufficient data to understand methane
emission were lacking. Dairy and concentrated animal feeding operations emissions are
not available from the Environmental Protection Agency, yet the California Methane Survey
identified this sector as the second-largest point-source methane emission in California.
Interestingly but perhaps not surprisingly, this survey indicated that the self-reporting led
to significant underestimates of methane emissions [110]. While the abovementioned recent
advances in imaging spectroscopy have fueled stricter policies regarding and improved
regulation of point-source methane emissions in the United States, the second-largest
emitter of greenhouse gasses globally [116], continuous monitoring across the United
States and other high methane-emitting regions could result in further policy reform and
overall reduced methane emissions.
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While precise methane geolocation and quantification via imaging spectroscopy are
restricted to airborne campaigns, simulations of satellite methane detection indicate that
the next generation of satellite imaging spectrometers will be able to monitor point-source
methane emissions [106]. These data will not only allow better monitoring for regulating
point-source emissions, but they also have the potential to refine the global methane budget.
Continuous monitoring will allow both anthropogenic and natural sources of methane to
be tracked over time. Natural methane sources, such as those from wetlands in Alaska,
have been mapped by AVIRIS-NG [117], but melting permafrost will continue to accelerate
methane release [118]. Imaging spectroscopy is a means to track and quantify the global
methane budget, as well as monitor and regulate anthropogenic emissions.

7. Conclusions

Imaging spectroscopy is a powerful tool that can aid in conservation decision-making.
These data can be applied to diverse ecosystems, such as forests, oceans, drylands, and ur-
ban areas, as well as detecting greenhouse gasses in the atmosphere. Imaging spectroscopy
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can provide information beyond traditional multispectral remote sensing instruments
because it directly measures the chemistry of Earth surfaces. Measuring this chemistry
allows conservationists and land managers to incorporate biodiversity metrics, processes
such a canopy health decline, and more accurate maps, such as those of live coral reefs,
into their decision-making frameworks. Furthermore, these data are not bounded to one
ecosystem; connections between ecosystems such as reef to ridge or urban–forest interfaces
can be investigated.

While more research into inter- and intra-ecosystem processes can help inform conser-
vation decision-making, there is also a need to develop products from imaging spectroscopy
data to bridge the gap between the researchers and decision-makers. The computational
requirements of imaging spectroscopy data and required domain-specific knowledge in
working with these data can be a barrier to organizations, governments, and individuals
that could benefit from these data. Thus, collaborations between imaging spectroscopy
researchers and decision-makers would address and reduce these barriers.

As imaging spectroscopy data become more widely available through the launch
of spaceborne imaging spectroscopy sensors, the potential for continuous monitoring of
biochemical processes will greatly expand. In recent years, numerous spaceborne imaging
spectroscopy missions were launched, and more are in development. In 2018 and 2020,
two imaging spectrometers, DESIS (German Aerospace Center Earth Sensing Imaging
Spectrometer) [119] and HISUI (Hyperspectral Imager Suite) [120], respectively, launched.
While these initial missions are important stepping stones, global monitoring via these
instruments is not possible as both sensors orbit on the International Space Station (ISS),
which does not provide global coverage. The Italian Space Agency launched PRISMA
(Hyperspectral Precursor of the Application Mission) in 2019, and, while it is not bound
to the ISS, the primary focus of PRISMA is monitoring and managing land degradation,
agricultural, and natural hazards in the Euro-Mediterranean Regions [121]. As of 2020,
global spaceborne hyperspectral missions such as SBG (Surface Biology and Geology) [122]
and CHIME (Copernicus Hyperspectral Imaging Mission for the Environment), [123] have
been proposed. While the usefulness of airborne imaging spectroscopy in conservation
decision-making has been demonstrated through the many case studies presented here,
this new wave of information can expand the use of these data in the conservation realm
across space and time.
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