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Outline. Methods for the delineation and classifica-
tion of geologic units on Mars are mostly inherited from
Earth’s techniques [1]. On Mars, though, the available
datasets mainly come from remote space-based observa-
tions. The uniqueness of a geologic terrain is derived
from its geomorphology, stratification, relative age, and
spatial geologic association, which are mostly assessed
by human eyes from a complex integration of digital el-
evation models, thermal brightness, albedo characteris-
tics, and crater counts [2]. However, the complexity of
this task does not allow for an inclusive integration of the
growing diversity of remote sensing datasets available
for the Martian surface. Hence, unique terrain character-
istics that are contrasted through specific remote sensing
technology are not systematically captured in the global
geologic mapping of Mars.

Here, we classify the Martian surface using a
Bayesian Gaussian mixture model (BGMM), an un-
supervised machine learning technique, applied to the
Shallow Radar (SHARAD) [3] surface echo strength
processed through the Radar Statistical Reconnaissance
(RSR) technique [4, 5] to provide a 2-dimensional grid-
ded input. Initial results and findings are compared with
existing surface roughness observations. We discuss how
the BGMM could provide an automatic support for out-
lining geologic units, and how it could help integrate dif-
ferent Martian terrain characteristic datasets by cluster-
ing over a higher-dimensional space.

Dataset. The RSR technique aims at providing two ob-
servables derived by breaking down the received surface
echo energy in two parts: (i) the coherent energy (Pc) is
modulated by the deterministic structure of the ground
(e.g., composition, layering) and is rich in information
related to the surface dielectric properties; (ii) the inco-
herent energy (Pn) is modulated by the non-deterministic
structure (roughness, near-surface inhomogeneities like
blocks or voids) and varies with the degree of disorga-
nization and dimension of the elements making up the
target at radar scales [4, 5]. The technique has been ap-
plied on 0.1◦-meshed (∼10 km) grid over two regions
located in South Elysium and North Olympus Mons.

We validate and compare the above dataset to sur-
face roughness parameters and the Martian Hurst expo-
nent for the first segment of the Allan profile obtained
from Gerekos et al. [6] using the scaled-dependent frac-
tal behavior of the MOLA roughness over a range of hor-
izontal scales.

Figure 1: A plot of BGMM classes in Pc−Pn space over
North Olympus Mons. Colors correspond to the classes
of Fig. 2.

Bayesian Gaussian Mixture Model. We train a varia-
tional Bayesian Gaussian mixture model (BGMM) [7] to
identify clusters in the two-dimensional RSR space in an
unsupervised manner, with the coherent and incoherent
components of each gridded point as inputs. Our tech-
nique assumes that terrains with similar physical proper-
ties (e.g. surface roughness) can be classified to the same
clusters in this input space and that these clusters can be
adequately modeled by bivariate Gaussian distributions.

Clustering over the two-dimensional RSR space pro-
vides easily-interpretable physical meaning to the means
and covariances of each cluster, which can be described
in terms of their coherent and incoherent components.
The parameters of the bivariate Gaussian fit to each clus-
ter can be extracted and used to assess the physical prop-
erties of the surface expressed through the RSR compo-
nents. Comparing the posterior probabilities of class as-
signment for each data point can be used to find areas of
the Pc − Pn space that exist at the intersection of two
Gaussian components (and presumably, of two distinct
geologic features), which may contain physical meaning
as well.

North Olympus Mons Region. Besides the region
surrounding the Olympus Mons volcanic province, the
feature most readily seen on the RSR data north of Olym-
pus Mons is a field of parallel furrows and ridges (Fig. 1)
of possible aeolian origin. This feature has been found in
SHARAD-processed data before by Campbell et al. [8]
and is clearly distinguished in BGMM clustering results.
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While most aeolian features on Mars are small and local-
ized or in the polar regions, this unit we observe is ap-
proximately 340 by 170 km in size and in mid-northern
latitudes. To our knowledge, it has not been studied in
detail in previous literature.

Using HiRISE imagery, we find that the individual
ridges are approximately 40 to 90 meters in width, i.e., a
portion of the SHARAD footprint. The feature is readily
visible in the Pc −Pn space, while not visible in MOLA
roughness maps. This difference demonstrates that the
RSR data is sensitive to different roughness scales than
MOLA data.

As seen in Fig. 2, the BGMM classification for this
feature is the same as the RSR classification for Lycus
Sulci, north of Olympus Mons, suggesting a common
origin. However, since both Pc and Pn are extremely
low, the signal strength might essentially be driven by
its response to roughness through scattering, suggesting
that BGMM classification exclusively on RSR data can
be limited in discriminating features of possibly different
composition but of similar roughness.

Elysium Planitia Region. The Elysium Mons volcanic
edifice including southeastern lava flows record some of
the most recent volcanism in relation with fluvial out-
flow events on Mars [9, 10, 11]. The Elysium volcanic
province is particularly interesting, given its episodic
Late Amazonian emplacement history [12]. The com-
plex radar stratigraphy suggests these volcanic units are
the result of multiple volcanic sources and phases of ac-
tivity. The southeastern lava unit shows elevated coher-
ent and incoherent returns in the near-surface (<10 m)
relative to the large volcanic edifices of Elysium Mons
and North Olympus Mons, which provides indicators for
the variability of Martian magmatism and emplacement
conditions. The southeastern Elysium Late Amazonian
volcanic flow is clearly identified in comparison to adja-
cent volcanic units in BGMM and RSR clustering results.
The comparable results suggest promise for identifying
previously uninterpreted lava flows with contrasting evo-
lutions.

Discussion. A Bayesian approach to machine learning
allows prior distributions to be defined over the model’s
parameters. Adjusting these priors can have a signif-
icant impact on the BGMM’s clustering results. Our
BGMM employs a Dirichlet process prior over the com-
ponent mixture weights. For our application, we found
that selecting small (i.e. < 10−3) values of the concen-
tration parameter for the Dirichlet process prior allows
the model to concentrate mixture weights in few Gaus-
sian components, as described in [7]. For a dataset over
an arbitrary location on Mars and an appropriate Dirich-
let process prior, the optimal number of Gaussian clus-
ters can thus effectively be determined from the data (as

Figure 2: Plot of Pc vs. Pn overlaid with BGMM clusters
seen in Fig. 1. There are 172248 total points. The slight
shading in the figure over the purple, dark blue, and light
blue regions corresponds to denser areas.

long as this number is lower than some specified maxi-
mum number of components) because the model is able
to set mixture weights close to zero for “unused” Gaus-
sian components. Future work could investigate the im-
pact of adjusting other priors of the BGMM.

Conclusion. We present a BGMM applied to a 2-
dimensional dataset. For a reasonable number of dimen-
sions, the BGMM can find clusters that geographically
correlate with geologic terrains. We also present case-
studies of using the BGMM over North Olympus Mons
and Elysium Planitia to produce geologic insights. While
humans can reasonably classify 1 or 2-dimensional data,
larger sets of data require machine methods to classify
terrain. For instance, the RSR dataset and datasets with
larger scale-lengths [6, for instance] could be combined
to train a BGMM, which may allow the model to ex-
tract unique geological insights about the Martian sur-
face from the multiple sources.
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