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Description: New spectroscopic measurements of the Earth’s exposed surface to derive mineralogy are
required to address key science and application targets. These measurements will advance
understanding of fundamental geological processes, natural and anthropogenic hazards, soil
geochemistry and evolution, and the location of energy and mineral resources.

Theme V: Earth Surface and Interior: Dynamics and Hazards
Core, mantle, lithosphere, and surface processes, system interactions, and the hazards they generate.



1. Science and Application targets

Fundamental questions about geologic processes, the natural resources that enable modern
society to persist, and the ability to characterize and predict natural and anthropogenic hazards are
closely tied to surface mineralogical composition and related physical properties. Yet the Earth’s
exposed rock and soil surface has been incompletely measured. Multiple community reports have
determined that global compositional measurements are required to determine the link between
surface-atmosphere interactions, biogeochemical cycles, and climate, tectonic, deep Earth, and surface
processes [USGS 2007; NRC, 2007; 2010; 2012; NASA, 2014]. New comprehensive high quality
measurements of the type successfully used for mapping the geochemistry and mineralogy of other
planetary surfaces (e.g., Mars, Murchie et al., 2009; the Moon, Pieters et al., 2011; asteroids, De
Sanctis et al., 2013) are urgently needed to close this gap. The science and applications targets
identified below also directly address the goals stated in the 2007 Decadal Survey (NRC 2007) for
understanding Earth surface changes, how the Earth supports life, and how human activities will
impact future sustainability. A key element of “Theme V. Earth Surface: Dynamics and Hazards” is
a suite of urgent science questions and applications that can be uniquely advanced with new
comprehensive global measurement of the Earth’s exposed surface mineralogy, geochemistry, and
soil properties. This RFI response directly addresses this key element of Theme V.

1.1 New insights and constraints on fundamental geological processes

The composition of the Earth’s surface preserves the fingerprint of coupled geodynamic,
surface processes, and climate interactions that build and modify continental structures over a range of
timescales. Plate margin evolution and dynamics, construction of continental scale stratigraphy,
accumulation of economic resources, and associated geologic hazards and environmental impacts and
sustainability derive from understanding these interactions. Some selected examples of the
transformative nature of local mineralogical mapping done to date demonstrate discoveries that will be
enabled with new accurate global surface mineral measurements of the Earth’s exposed surface.

Fundamental programs in the earth sciences (NSF’s GeoPRISMS, NASA’s Earth Surface and
Interior) are focused on the origin and evolution of continental crust, geochemical cycles, subsurface
fluids and magmas and their interactions. Many regions have seen great benefits from application of
remote mineral mapping (to date mostly from airborne instruments). For example, regional mineralogy
mapping has provided new compositional basemaps for the interpretation of structural geological
features, applied in reconstructing the fault offsets and lithologic controls on alluvial fan formation and
erosion rates in Death Valley, extending field data taken in limited areas (Kruse, 2012). In the Oman
ophiolite, orthopyroxene-rich cumulates, previously undocumented, were discovered using regional
imaging spectroscopy and led to the promulgation of a new model for diapirism and creation of magma
chambers in oceanic crust formation (Roy et al., 2008; Clenet et al., 2010). The spatial structure of
compositional variation of ultramafic and metamorphic rocks in hard-to-access ancient continental
cratons in Africa and Australia has also been mapped (e.g. Metelka et al., 2015; Rowan et al. 2005). In
volcanic studies, remote sensing of mineralogy has provided crucial information for mapping and
monitoring ash composition and flow history (e.g. Rocha-Lima et al., 2014; Wright et al. 2008;
Guerrieri et al. 2015). Key ongoing areas of research informed by maps of mineralogy include the
paleostructure of subduction zones and spreading ridges, and the mapping of fault zones to understand
plate movement. Global mineral mapping at the tens of meters scale extends and connects isolated field
measurements and vastly improves capabilities for differentiation of unit lithologies.

New comprehensive measurements to identify minerals and discriminate lithologies are
required with the capability to distinguish carbonate and sedimentary facies, including fine
variations in carbonate composition and clay mineralogy, map hydrothermal and metamorphic
indicator minerals, and distinguish basaltic, andesitic, and mafic compositional suites.



1.2 Assessment and response to natural and anthropogenic hazards

Modeling of natural and anthropogenic Earth surface hazards is a fundamental goal of remote
sensing, and as articulated in multiple community roadmaps compositional measurements are an
imperative (NRC, 2007; USGS 2007). More precise surface compositional information is required to
assess and mitigate hazards in advance of their occurrence, and to respond to hazards and disasters by
classifying regions of highest priority for intervention and remediation.

For example, the likelihood of landslide hazards is critically dependent on the type and quantity
of underlying bedrock and soils. Studies have previously used interferometry, textural analysis, or
thermophysical properties to identify existing slides as well as incipient slides where the ground
surface remains largely intact (e.g. Soeters and Van Westen, 1996; Whitworth et al., 2005; Metternicht
et al., 2005). However new, accurate surface mineralogy is required to advance these efforts and
distinguish dangerous swelling clays from similar phyllosilicates, which do not swell when wetted and
hence pose less danger. Existing soil maps used in landslide models (e.g. Hong et al., 2007) are coarse
scale and have to be interpolated to the finer scale of available topographic data. This results in a vast
simplification of the spatial scale of true variability (e.g. Hubbard, 2015), particularly in vulnerable
mountain environments where tectonically deformed geologic units vary over meters to hundreds of
meters scale. Additionally, zones of localized hydrothermal mineralization pose special threat of debris
flow creation because of their alteration to swelling clays (e.g. Ambers et al., 2001; Opfergelt et al.,
2006). Imaging spectroscopy measurements in the Cascades have demonstrated detection of mineral
zones with hazards not previously found in ground based surveys of the rugged, hard-to-access terrain
(e.g. Crowley et al., 2003).

Additional hazard tracking and monitoring efforts have employed spectral mineral mapping to
detect iron sulfates diagnostic of acid mine drainage and to map their extent in river catchments
(Swayze et al., 2000; Choe et al., 2008; Riaza et al., 2011). The problems presented by the presence of
asbestos, whether naturally occurring (Swayze et al., 2009) or in manmade construction materials on
rooftops (Bassani, et al., 2007; Frassy et al., 2014) has been spatially mapped using imaging
spectroscopy. Collection of high spectral resolution datasets have also been proposed for guiding
remediation of residual contamination at brownfield sites (Slonecker and Fisher, 2014).

Advancing the science of Earth surface hazard monitoring requires the ability to accurately
identify surface mineral constituents, map their distribution, and estimate their abundance. Key
mineralogies are the smectite clays related to landslides and weak zones in volcanic terrain. Iron
oxides and sulfates are important for natural and mine-related acid drainage hazards. Serpentine
and dust source region mineral mapping can be used to assess and mitigate dust-related hazards.
Space-based, accurate, uniform mineral maps would enable high-resolution inputs to hazard models
to be applied globally, serving developing and advanced countries in a rapid and cost effective way.

1.3 Advance soil composition and process knowledge

Soil is a key element of the Earth’s Critical Zone (NSF 2005). At present, global soil properties
and mineral composition are poorly characterized. Earth system models rely on extrapolations from a
database of fewer than 5000 samples globally (e.g., Claquin et al., 1999). Yet, soil properties revealed
at the surface are fully accessible to assessment by remote sensing and indicate the processes that form
soil as well as important underlying components (Whiting et al. 2006). The soil surface is exposed for
observation in arid regions, tilled agricultural regions, and other zones where vegetation has been
temporarily cleared. Comprehensive measurements of the Earth’s exposed soil properties are needed as
a baseline now and to initialize models to predict future trends in soil fertility and degradation.

The surface reflectance spectrum of soil is strongly tied to its mineralogy and particle size
(Whiting et al. 2006; DeTar et al. 2008). These properties influence soil cation exchange capacity,
which is an index of nutrient availability in soils, specific surface area, water holding capacity, and



response to mechanical disturbance, e.g., tillage, compaction from heavy machinery, grazing (Ben-Dor
and Banin 1995). Key geochemical components of soil that influence surface reflectance include
nutrients, e.g., Mg+2, Cat, K',N (Boggs et al. 2003), iron oxide and carbonate concentration, (e.g.,
Lagacherie et al. 2010), and also components related to salinity (Ben-Dor et al. 2002). The organic and
clay components of soils influence cation exchange and water holding capacity and the formation of
soil crusts (De Jong et al. 2009) that in turn influence soils' potential to act as a source or sink of
atmospheric CO; (Bartholomeus et al. 2008; Gomez et al. 2008; Stevens et al. 2008; Stevens et al.
2010). Measurement of surface properties, e.g., mineralogy, moisture, organic carbon content can
provide information on the formation and erosion of soils (Goldshleger et al. 2001; Lobell and Asner,
2001; Dematté and Nanni 2003; Ben-dor et al. 2004; Ben-Dor et al. 2006; Galvao et al. 2008). Among
the important large-scale changes that humans make to soils is salinization, a major form of soil
degradation worldwide. Surface geochemical and reflectance signatures can reveal levels of soil
salinization (Dehaan and Taylor 2002; Dehaan and Taylor 2003).

To advance soil science, new measurement of the surface composition of arid lands, fallow
fields, sparsely vegetated, and temporarily cleared areas are required to update global
soil databases with uniformly measured mineralogical information and to provide estimate of iron
oxide, clay, organic carbon, carbonate, and salinity metrics for input into geochemical, vegetation,
carbon cycling, and radiative forcing models.

1.4 Surface Resource Ildentification and Policy Support

Increased demand for limited resources requires an immediate and comprehensive assessment
of the exposed surface mineralogy of the Earth, which provides a key window into the potential
available new resources as well as a baseline for resources currently being extracted (Rowan et al.,
1995, Sabins 1999, Kruse 2012, Kruse et al., 2012, Swayze et al., 2014, Calvin and Pace, 2016).
However, a global inventory of resources using surface mineral composition as a key indicator of
available resources does not yet exist. In this context, resources include both mineral resources, e.g.,
precious and base metals, aggregates, and building materials, energy resources in conventional and
unconventional hydrocarbons, and renewable geothermal energy. Global strategic areas include
development of raw material inventories, monitoring development, assessment of future resource
demand, and balancing development with environmental impacts and human health hazards associated
with resource extraction. This requires accurate and comprehensive measurement of mineralogy
exposed at the surface. Despite potential for mineral development, many remote areas remain largely
under-explored. Mineral mapping, primarily with airborne measurements, has occurred in remote and
vegetated regions such as Greenland and Alaska (Bedini, 2011; Hoefen et al. 2015), over large regional
areas such as Afghanistan and the Western USA (Kokaly et al. 2011, 2013; Mars, 2011; Rockwell and
Hofstra, 2008). Remotely sensed imaging enabled mineral resource assessment in war-torn
Afghanistan where traditional field mapping was a potentially deadly undertaking (King et al., 2012).

New global measurements of the exposed surface that allow detail characterization of
hydrothermal alteration suites, temperature dependent mineralogy, and features associated with
hydrocarbons are required.

2. Utility of the measured variables.

The targets identified in the previous sections can be addressed with new comprehensive
measurements of the Earth’s exposed surface mineralogy and geochemistry. Compounds exposed
at the Earth’s surface absorb and scatter light differently across the visible and infrared portions of the
spectrum due to their molecular/crystal/structural properties (e.g., Clark, 1999). Thus, the interaction of
light with matter recorded in a contiguous spectral measurement provides the ability to detect, identify,
and quantify the surface mineralogy required to achieve the needed science targets described above.



Figure 1 shows an example of the spectral signatures for ten relevant Earth surface minerals as full
spectra from 400 to 2500 nm (0.4 to 2.5 um). Also shown are the spectra convolved to the Landsat
thematic mapper bands. A full spectral measurement at high spectral resolution is required to
deconvolve the effects of the atmosphere, distinguish between important minerals with similar
signatures, and quantify contributions from multiple materials given overlapping signatures (e.g.
Swayze et al., 2003, Clark et al., 2003; 2014). The utility of this spectroscopic approach for measuring
the Earth’s surface was identified in the NRC’s last Decadal Survey (NRC 2007) and Landsat and
Beyond report (NRC 2013).

Algorithms to extract geochemistry and mineralogy from measured spectra are well advanced,
being based on more than 20 years of high quality airborne imaging spectrometer measurements of the
Earth’s surface. Figure 2 shows a spectral fitting method (Clark et al., 2003) to identify the clay
mineral kaolinite at Cuprite, NV. Figure 3 shows a recent mosaic of the Salton Sea, CA region with
several diagnostic mineral signatures. This was measured by AVIRIS as part of a campaign to simulate
data sets of the 2007 Decadal Tier 2 mission HyspIRI (Lee et al., 2015). Figure 4 shows compositional
maps generated using spectral feature fitting. The region includes the science and applications targets
identified here. The detailed geochemistry and gradients revealed provide insight into related tectonic
processes along the San Andreas fault (e.g. fault offset, fluid alteration). Landslide risk as related to
mineral composition in steep terrain can be assessed (Hubbard 2015). The Salton Sea region is a
known mineral dust source hazard area, and the surface composition of exposed shorelines can be used
to constrain models and predict risks. The soil composition of the fallow agricultural fields and
adjacent lands are measured, and repeat acquisition can capture different fields with exposed soil for
comprehensive mapping. Information on current mining activities and potential future mineral resource
extraction is revealed through identification of alteration mineral exposures. This example from
airborne measurements demonstrates the approach that would be used to address science and
applications targets globally for the exposed terrestrial surface of the Earth.

3. Key requirements for achieving the science and application targets

As discussed in Section 1, these targets require the identification of a variety of discrete
minerals and lithologies with sufficient spectral and spatial resolution to map their distribution and
estimate their abundance. This includes numerous metamorphic indicator minerals; basaltic, andesitic,
and mafic compositional suites; swelling clays (smectites) and serpentine (asbestiform) minerals;
characteristic hydrothermal alteration suites; temperature dependent mineralogy; and features
associated with hydrocarbons. For assessing acid generation potential, measurement of iron oxide and
select sulfate minerals is required. To advance soil science, measurement of the composition of arid
lands, fallow fields, and sparsely vegetated regions to update global soil classifications with
quantitative mineralogical information and provide estimates of iron, clay, organic carbon, carbonate,
and salinity metrics is required. All these surface materials and mineral assemblages have well-
known, diagnostic spectral absorption features.

The requirements and their links to the science and applications targets are shown in Table 1.
The spectral range and sampling required is from 400 to 2500 nm with <10 nm sampling. These
spectral requirements are derived from multiple studies (e.g. Clark 1999, Clark et al., 2003, Clark et al.,
2014) and a detailed analysis examining spectral characteristics versus signal-to-noise ratio (Swayze et
al., 2003) to detect the phases noted above. This spectral range also contains the atmospheric features
to allow automated atmospheric correction (Gao et al., 1993, 2009, Thompson et al., 2015, 2016). The
radiometric range of the spectral measurements must span from dark to bright materials exposed on the
Earth’s surface. The radiometry of the measurements must account for the solar illumination, two-way
transmittance of the atmosphere and the reflectance properties of the material. Figure 5 shows the
reference top of atmosphere radiance from a 0.05, 0.25, 0.75 reflectance surface with solar illumination
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at 45° modeled with MODTRAN and a predicted signal-to-noise ratio (SNR) consistent with mapping
>90% of the minerals (Swayze et al., 2003). The reference SNR is also well above that achieved by the
existing NASA Hyperion instrument (Ungar et al, 2003, Middleton et al., 2013), a technology
demonstration that was shown to be broadly capable of mapping surface mineralogy (Cudahy et al.,
2001, Kruse et al., 2003, Gersman et al., 2008, Chudnovsky, et al., 2009, Clark et al., 2011) though it
was limited by a 7.5 km swath, restricted on-board storage, and downlink.

The spatial sampling requirement is <30 m nadir to provide access to high fractional
concentration of constituents of interest with sufficient SNR for identification and abundance
assessment. Spatial sampling of 30 m also provides continuity with Landsat and related multi-spectral
measurements. A swath width of >90 km provides sufficient temporal sampling to capture cloud free
observation over >75% of the terrestrial surface in a year based on refined cloud analysis from MODIS
observations (Mercury et al., 2010). This would provide full terrestrial imaging every 32 days. Over
two years, >85% of the terrestrial surface where surface mineral and soils are exposed will be
measured. A goal swath to provide repeat coverage every 16 days could also be implemented to match
Landsat frequency. To enhance the disaster response capability, the measurement should include a
pointing capability to target specific areas of interest within 3 days of designation.

4. Near Term Success and Affordability

The spectral measurements described above can be achieved affordably in the coming decade,
because of the investments that were made in response to the global terrestrial and coastal observing
missions that were outlined in the 2007 Decadal Survey (NRC 2007), the Landsat and Beyond report
(NRC 2013), and other studies. These measurements would build on a legacy of airborne and
spaceborne instruments including airborne: AIS (Vane et al, 1984), AVIRIS (Green et al., 1998), and
AVIRIS-NG (Hamlin et al., 2011) and space: NIMS (Carlson et al., 1992), VIMS (Brown et al., 2004),
Deep Impact (Hampton et al., 2005), CRISM (Murchie et al., 2007), EO-1 Hyperion (Ungar et al,
2003, Middleton et al., 2013), M3 (Green et al., 2011) and MISE (now in development for Europa).

NASA-guided engineering studies in 2014 and 2015 validated that a Landsat-class VSWIR
imaging spectrometer instrument (380 to 2510 nm @ <10 nm sampling, Figure 6) with a 185 km
swath, 30 m spatial sampling and 16 day revisit with high signal-to-noise ratio and the required
spectroscopic uniformity, can be implemented affordably for a three year mission. It would have a
mass of <100 kg), require about 100 W of power), and fill a volume that is compatible with a
Pegasus class launch or ride share (Figure 7). The telescope can be adapted to higher orbits. Such an
instrument would provide global 16-day repeat coverage, while airborne equivalent measurements
would take >10 years and cost >$1 billion. Additionally, much airspace is restricted or otherwise
inaccessible making complete global coverage impossible. The key to these measurements is an
optically fast spectrometer providing high SNR designed to accommodate the full spectral and spatial
ranges (Mouroulis et al., 2016). A scalable prototype F/1.8 full VSWIR spectrometer (van Gorp et al.,
2014) has been developed, aligned, and is being qualified (Figure 8). Data rate and volume challenges
have been addressed by development and testing of a lossless compression algorithm for spectral
measurements (Klimesh et al., 2006, Aranki et al., 2009ab, Keymeulen et al., 2014). The algorithm is
now a CCSDS standard (CCSDS 2015). With compression and the current Ka band downlink offered
by KSAT and others, all terrestrial/coastal measurements can be downlinked (Figure 9). Algorithms for
calibration (Green et al., 1998) and atmospheric correction (Gao et al., 1993, 2009, Thompson et al.,
2015, 2016) of large diverse data sets have been benchmarked as part of the HyspIRI preparatory
campaign (Lee et al., 2015), the AVIRIS-NG India and Greenland campaigns, and other campaigns.
There is good potential for international partnerships that would reduce the cost to NASA and
accelerate the availability of the measurements.



V. Earth Surface and
Interior: Dynamics and
Hazards: Core, mantle,
lithosphere, and
surface processes,
system interactions,
and the hazards they
generate.

Earth Surface
Geochemistry and
Mineralogy for
Geologic Processes,
Hazards, Soils, and
Resources

01. New insights and
constraints on
fundamental geological
processes

02. Assessment and
response to natural
and anthropogenic
hazards

03. Advance soil
composition and
process knowledge

0O4. Surface Resource
Identification and
Policy Support

Occurrence and fractional
abundance estimate (0-
1.0 with uncertainty) of
minerals and
geochemicals expressed
at exposed surface:

« Iron oxides

* Sulfates

« Clays

+ Carbonates

* Amphiboles

« Mafic minerals

* Hydrocarbons

Estimation of confounding
factors:

« Fractional surface cover
for green and non-
photosynthetic vegetation
» Water vapor, cirrus
clouds, and aerosols

Spectral reflectance
of the exposed
surface from
atmospherically
corrected top of
atmosphere spectral
radiance

Spectral

* 450 to 2450 nm range

* < 10 nm sampling

* <15 nm FWHM

* < 1 nm calibraiton uncertainty

Radiometric

* 0 to max Lambert range

* 99% linear of 5 to 95 % of range
* SNR see figures 5, 6

« < 5% calibraiton uncertainty

Spatial

« > 90 km swath

* < 30 m sampling

» <30 m 16 uncertainty

Uniformity
* <10% cross-track spectral variation
* £10% spectral IFOV variation

Sun synchronous
~11am crossing for
good illumination
and prior to cloud
build up.

Cloud free
measurement for >
80% terrestrial
exposed surface.

At least two years of
measurement for
capture of seasonal
low vegetation states
and fallow
agricultural fields.

Pointable for 3 day
revisit for event
response.

Table 1. The detailed traceability from science and applications targets to physical parameters, to
observables, and to measurement requirements has been enabled by over a decade of imaging
spectroscopy observations of the Earth, the Moon, Mars and other bodies in the Solar System.
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Figure 1. (left) Ten mineral reflectance spectra showing the diversity of absorption and scattering
signatures tied to composition available for measurement in the 400 to 2500 nm region of the spectrum.
Acquisition of such data enables highly accurate identification of Earth surface materials and
assessment of their abundances. (right) The same mineral spectra convolved to the Landsat TM bands
showing the loss of spectroscopic information required for unambiguous identification and abundance
estimation. The broad-band sampling provided by the TM bands limits the analysis of the data largely
to the relative brightness within each of the bands. Brightness is complicated by sun angle, slope
effects, shading, and other factors. The utility of imaging spectroscopy is thus greatly enhanced over
broad-band multispectral imaging.
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Figure 2. (left) Airborne imaging spectrometer data set over Cuprite,NV. (center) Spectral feature
fitting algorithm to detect and identify minerals based on their measured spectrum and the spectral
signatures of known minerals from a spectral library. (right) Surface compositional map derived from
spectroscopic signatures. It is maps of this type that are required on a global scale. Global coverage
can only be achieved in any practical sense from Earth orbit.
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Figure 3. (left) Approximate natural color mosaic of a 2014 airborne imaging spectrometer data set
over the Salton Sea region, CA. (right) Example spectral fits for surface mineralogy mapping from
calibrated and atmospherically corrected spectra.
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Figure 4. Surface mineral and soil maps from spectral fitting to airborne imaging spectrometer
measurements of the Salton Sea Region, CA. (top) Clay, carbonate and other alteration minerals of
interest. (bottom) Iron oxide and related minerals. This area of the Earth’s surface demonstrates the
multitude of science and application targets that can be easily addressed with this type of data.
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channels demonstrate the straightforward manner with which data continuity can be maintained with
heritage multispectral data sets while utilizing the advanced capability of a full spectrum measurement
from 380 to 2510 nm. (right) Signal-to-noise ratio for 30 m sampling with F/1.8 VSWIR Dyson
imaging spectrometer for a range of reference radiances. These are actual measured data acquired with
a mature engineering model of the Dyson spectrometer. The next step for the instrument is the

spaceflight unit.
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Figure 7. (left) Opto-mechanical configuration with one telescope feeding two field split wide swath
F/1.8 VSWIR Dyson spectrometer providing 185 km swath and 30 m sampling. (center) Imaging
spectrometer with spacecraft (248 kg, 670 W with margin) configured for launch in a Pegasus shroud
for an orbit of 429 km altitude, 97.14 inclination to provide 16 day revisit for three years. (right)
Orbital altitude and repeat options showing an altitude of 429 km with a fueled spacecraft supports the
three year mission with the affordable Pegasus launch. Higher orbits are viable with a larger launch
vehicle.
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Figure 8. Design of a wide swath F/1.8 VSWIR Dyson covering the spectral range from 380 to 2510
nm. (right) Dyson imaging spectrometer in qualification that uses a full spectral range HgCdTe detector
array.
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Figure 9. (left) Potential illuminated surface coverage every 16 days for the surface of the Earth.
(right) On-board data storage usage for illuminated terrestrial/coastal regions with downlink using Ka
Band (<900 mb/s) to KSAT Svalbard and Troll stations. Oceans and ice sheets can be spatially
averaged for downlink.
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