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Planetary Science
• Planetary formation
• From disk to (exo)planets
• Meteorites, comets
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Big scientific questions
• Geologic evolution (tectonic, volcanic, ...)
• Climate evolution (climate change, escape, ...)
• Habitability (origin of life, human exploration)
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Raw data
• Mars Express (ESA, launched in 2003) : ~50 Tb
• Mars Reconnaissance Orbiter (NASA, launched in
2005) : ~200 Tb

Calibrated data
• Increase factor : ~10

Huge amount of data
• How to treat the data ?
• How to represent the scientific results
(in a global map) ?

Franquin, Gaston Lagaffe

Large volume products
• High resolution spectra
• High resolution images
• Hyperpectral images
• Multi-angular hyperspectral images
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Imaging techniques
• Usual Camera
• Pushbroom system
• up to 20 000 pixels

spacecraft
motion

Examples of high resolution
images datasets
• MOC (Mars Global Surveyor, NASA)
• HRSC (Mars Express, ESA)
• ISS (Cassini, NASA)
• HiRISE (Mars Reconnaissance Orbiter, NASA)
• ...

Malin and Edgett, 2000

Neukum et al., 2004

Porco et al., 2004

McEwen et al., 2007

Data Science Challenges
for images
Tools for large dataset treatment:
1. global scale mosaic visualisation
2. stereoscopy to create DEM
3. change detection (crater, dust devils, dune, ...)
4. automatic feature identification

1. Scientific data visualisation
• Google Mars
• MapAPlanet
• JMars,...

http://www.google.com/mars/

http://www.mapaplanet.org/

http://jmars.asu.edu/

• Limitations:
• no scientific data
• not complete
• Slow

1. Data visualisation project
• Web based
approach

• 3D and GIS
oriented

• C. Marmo

(GEOPS/IAS/
OSUPS)

2. Digital Elevation Model

• Stereoscopy
• based on image correlation
• Limitations:
• Very slow
• Uncertainties ?

3. Change detection

• HiRISE

(august 2011)

• Flow
• Summer
(~30°S)

• Liquid water ?
McEwen et al., 2011
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4. Feature detection

d by the AutoCrat system in the Hesperia Planum site (left) and the Sinai Planum site (right). The background shows the topography
o-light grays.

• Automatic crater
counting

• on images
• on DEM

Urbach et al., 2009
Stepinski et al., 2009

• Limitations:
• very slow
• accuracy

d by the AutoCrat system in the Amazonis Planitia site (left) and the Olympica Fossae site (right). The background shows the topog
dark-to-light grays.

Data Science Challenges
for images
• Data treatment (DEM)
• Data mining (change detection, feature identification)
• How to represent the data (global map, time) ?

Large volume products
• High resolution spectra
• High resolution images
• Hyperpectral images
• Multi-angular hyperspectral images

Visible and Near-IR signal

Reflectance

Contribution:
• atmosphere
• surface
Atmospheric features

Typical soil

Reflectance
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Imaging spectrometer
• Hyperspectral image

• Maps surface/atmosphere properties
CO2

H2O

> 100 wavelengths

Examples of
hyperspectral datasets
• OMEGA (Mars Express, ESA)
• VIRTIS (Venus Express, ESA)
• VIMS (Cassini, NASA)
• CRISM (Mars Reconnaissance Orbiter, NASA)
• ...
Bibring et al., 2004

Drossart et al., 2007

Brown et al., 2004

Murchie et al., 2007

Data Science Challenges
for hyperspectral images
• Detection
• band ratios, wavelets, linear unmixing
• Quantification
• radiative transfer inversion
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transported, stick on most grains, and account
for the magnetic properties of the soil measured
by the MERs (16). Ferric oxides are also detected in localized areas with a variety of
albedo (such as within Terra Meridiani, Valles
Marineris, or Aram Chaos).
Two types of hydrated minerals have been
identified from OMEGA data: phyllosilicates
(10, 17) (Fig. 2B) and sulfates (10, 18–20) (Fig.
2C), but in only a few locations (17) (Fig. 3).
Carbonate-rich areas have not been found by
OMEGA, although a low concentration of carbonate is interpreted from TES data on martian
dust (21), and carbonates are recognized in
martian meteorites (22).
From their near-IR (0.8 to 2.6 mm) spectra,
we infer that most of the phyllosilicate minerals
are Fe-rich (such as chamosite and nontronite),
although Al-rich phyllosilicates (such as montmorillonite) are locally dominant (17). These
clay minerals are found in a variety of light-toned
outcrops and scarps, primarily in rocks and soils
north of the Hesperian-aged Syrtis Major volcanic plateau, Nili Fossae, and the Marwth Vallis
regions. In all these regions, phyllosilicates are
mapped associated with ancient Noachian-aged
surfaces. For example, in Nili Fossae, thin
Noachian-aged but unaltered mafic units rest
directly on phyllosilicate-bearing outcrops. Information from the Mars Express HRSC, the MGS
MOC, and the Odyssey THEMIS images clearly
indicates that the phyllosilicates are in rocks
buried by more recent deposits; the hydrated
silicate-bearing bedrock has been exposed

Noachian times. Rocks of Noachian age are
exposed in spots because of impact, faulting, or
erosion.
In the Syrtis Major and Nili Fossae regions,
phyllosilicate-rich rocks are detected in both
ancient craters and material recently excavated
from ancient terrains beneath a later volcanic
cover. These relations demonstrate that
these
E08S14
impacts did not dehydrate the minerals. In contrast, no hydrated minerals are detected in the
lobate craters (thought to form by impact into
volatile-rich substrates) within the lava flows
from Nili Patera, which embay the ancient
terrains (10). This relation suggests that mineralization of hydrated minerals occurred before
the emplacement of the Hesperian-aged lavas
from Nili Patera and that these lavas are
essentially water-free. In the Marwth Vallis region (Fig. 4), hydrated minerals are not found
in the channel nor in its opening but rather on
the surrounding plateau and its eroded flanks.
Thus, water associated with the formation of
the channel did not lead to phyllosilicate formation, although this outflow was sufficient to
produce severe erosion, including exposing the
ancient clay-rich minerals. So far, none of the
major and minor outflow channels or the valley
networks show evidence of hydrated minerals.
Sulfates, including Mg sulfates (such as
kieserite) and Ca sulfates (such as gypsum), constitute the second major class of hydrated minerals mapped by OMEGA and detected by the
NASA rovers (7). OMEGA has shown
that the
Figure
sulfate-rich areas are not restricted to the gray

posits within Valles Marineris, extended deposits
exposed from beneath younger units as in Terra
Meridiani, and the dark dunes of the northern
polar cap (10, 18–20).
Sequential mineral formation. Environments conducive to clay mineral formation
may have existed at or near the surface or in
the deeper subsurface. Surface
or near-surface
PELKEY
ET AL.:
conditions would not require high-temperature
conditions (hydrothermal, for example). Surface formation of these clay minerals would
indicate a long-lasting wet episode, with large
surface aqueous reservoirs and alkaline water
resulting from this chemical alteration, occurring during the Noachian.
Clay minerals could also have been formed
primarily in the subsurface, by one of the three
following processes: hydrothermal activity (23);
cratering, supplying subsurface water (liquid
and/or ice) to the impacted minerals (24); or during the cooling of the mantle, if not thoroughly
depleted of volatile compounds. These deep
scenarios would not require a warm Mars to
have existed over extended time scales, and
they could have taken place even if Mars never
sustained a dense atmosphere. In addition, the
formation of clay minerals could have continued at greater depths long after conditions at
the surface became unfavorable.
Sulfate mineral formation requires substantial quantities of water to account for the broad
distribution of minerals seen by OMEGA. Besulfate
precipitation requires
water to of
evap-the
1.causeAn
explanation
of some
orate, it is essentially a surface process. For at

Detection using Band ratio

Pyroxene global map

Fig. 1. Global maps
of pyroxene (top) and
anhydrous nanophase
ferric oxides (bottom), exhibiting the
anticorrelation between surface mafics
and altered minerals
(in the form of ferric
oxides). The cratered
crust with large pyroxene content (top, yellow to red) is not
covered with altered
minerals (bottom, blue
to green). Conversely,
the large areas with no

Bibring et al., 2006
Pelkey et al., 2007
Carter et al., 2014
Downloaded from www.sciencemag.org on February 25, 2009

• Very Fast
• Limitations:
• superposition of bands
• angular effects

CRISM MULTISPECTRA

most common
Absorption
depth
spectral parameters using an idealized spectrum. The solid

line is an idealized spectrum with an absorption band
superimposed on a sloped continuum. In the above
example, the reflectance at the wavelength indicated by
the point labeled 1 (i.e., at l1) is represented as R1. Spectral
slope is found by (R1 ! R2)/(l1 ! l2). Band depth is found
by 1 ! RC/RC*, where the point labeled C indicates the
center of the absorption at lC, RC is the reflectance at that
wavelength, and RC* is derived from the continuum fit
along the dashed line and is equal to (a*RS + b*RL), where
a = 1-b and b = (lC ! lS)/(lL ! lS).

Bibring et al., 2006
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Fig. 3. Representation of the selected subspace of (upper part) wavelets that
best discriminate the endmembers (lower part). (a)–(d) Wavelets selected in
scales 5 to 8. (e) Observed dust and atmosphere spectra, (f) synthetic CO2 ice,
and (g) synthetic H2 O ice. See Section II-B for wavelet representation.

and −77◦ latitude. Note that this spectrum is almost featureless
in the near-infrared range except for the 3-µm band due to
the hydration of the minerals and the absorption bands of
atmospheric CO2 . Globally, the dust spectrum does not display
much spatial variation in this spectral range. Indeed, it is well
mixed by winds and spread over wide areas. Thus, we can assume that our reference spectrum is representative of most areas
of both polar regions. Our Martian studies focus mainly on the
two first endmembers while the third endmember represents
spectral features that appear in the data but which are not of
interest to us.
2) Step B—Determination of the Best Subspace:
Step B1—Continuum removal: We use only the last four

Schmidt et al., Icarus 2009
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Figure 8: Detection of 8 minerals over 44 spectra on OMEGA image ORB422_4 of Syrtis
Major using IPLS in the hue-saturation-value color system. The hue (color) represents the
mixing coeﬃcient. The saturation (color or b/w) represents the error. The value (intensity of
color or b/w) represents the rms. Spectral mixing coeﬃcient map are shown with following

Data Science Challenges
for hyperspectral images
• Detection
• band ratios, wavelets, linear unmixing
• Quantification
• radiative transfer inversion

Spectral shape = physical state
Grain size
Free mean path
100 µm

10 mm
Douté, et al, JGR, 1998

Schmitt, et al, Solar System Ice, 1998

Inversion using Least square
• Minimisation technique
• Surface
• Atmosphere
Poulet et al., 2009

Wolff et al., 2009

• Limitations
• Slow
• Multiples solutions

Quantitative compositional ana

Inversion using Linear Subspace
• Look up table
• GRSIR
• Projection into a linear subspace
Douté et al., LPSC, 2007

Bernard-Michel et al., Statistic and computing, 2009
Bernard-Michel et al., JGR, 2009

• Very fast
• Limitations:
• Non linearities
• Multiple solutions

iceand
grain
sizeproportions,
Figure 10. Global mosaics illustrating the absolute variations of (a) CO
water2 ice
(b) dust
as well as (c) water ice and (d) CO2 ice grain sizes across the entire permanent bright polar cap. They are
derived from individual parameter maps obtained by inversing OMEGA observations 41, 61, and 103

Bayesian Inversion
• Monte Carlo inversion
on photometry

Ceamanos et al., 2013
Fernando, J. et al., 2013

• Limitations:
• Computation time
• Maximum likelihood inversion
Andrieu, F. et al., in preparation

!

Data Science Challenges
for hyperspectral images
• Radiative transfer inversion (bayesian technique)
• estimation of surface/atmospheric properties
• How to represent the data (global map,
wavelength, time) ?

Conclusion
• Planetary Science (and Geoscience) needs Data
Science revolution

• Data Mining
• Data visualisation
• Massive data treatment

• Virtual Observatory

