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Abstract—Rovers operating on Mars have been delayed, diverted, and trapped by loose granular materials. Vision-based
mobility prediction approaches often fail because hazardous
sand is difficult to distinguish from safe sand based on surface
appearance alone. Unlike surface appearance, the thermal inertia
of terrain is directly correlated to the same geophysical properties
that control slip. This paper presents a quantitative analysis
showing that considering thermal inertia improves rover slip
prediction on Mars using in-situ data from the Curiosity rover.
Thermal inertia is estimated for each slip measurement in sand
using both on-board and orbital instruments. Slip models are
learned using a mixture of experts approach where the experts
are identified using thermal inertia. Two-expert models are
compared to a single-expert, vision-only model to show that slip
predictions are improved by separating high-slip, low thermal
inertia sand from low-slip, high thermal inertia sand. These
results support the hypothesis that the consideration of thermal
inertia improves mobility estimates for rovers on Mars.

I. I NTRODUCTION
The most significant mobility challenges that rovers have
encountered on Mars have been caused by loose, granular
materials. Sandy regions cause wheels to slip and sink, which
slows progress and risks entrapping a vehicle. However, terrain
on Mars is very diverse. Both the macroscopic and microscopic characteristics of sand varies greatly over the surface.
The inherent difficulty of predicting slip is exacerbated by
the risk-averse nature of planetary rover missions that avoid
sand regions whenever possible. This results in few training
examples from which to learn a competent prediction model.
Consequently feature-intensive, visual approaches that only
consider surface appearance risk significant over-fitting. Instead, this paper uses thermal inertia as a single measurement
that is highly correlated to the underlying granular properties
that govern wheel-terrain interaction.
Loose, granular terrain has caused mobility problems for
Curiosity and the Mars Exploration Rovers, Spirit and Opportunity. All three rovers have suffered significant delays caused
both by excessive slip in hazardous sand and time wasted
analyzing safe sand before successful traversal [4, 50]. The
most serious mobility problem was encountered by Spirit when
its wheels fell through a thin cemented surface layer (duricrust)
into weak, undetected sand. The sand entrapped the rover until
it eventually stopped responding to commands [3]. Means to
quickly and accurately evaluate traversability of terrain before

contact would significantly increase the safety and operational
cadence of rovers on Mars.
Thermal inertia is a physical property of a material that
represents its resistance to changes in temperature and can be
indirectly estimated by fitting an analytical model to observations of surface temperature. In a granular material, thermal
inertia is strongly influenced by many of the same physical
characteristics that influence wheel terrain interaction, which
suggests that thermal inertia measurements could improve
predictions of traversability [9]. Recent work has used this
relationship to distinguish loose and compact granular materials both experimentally on Earth [12, 13] and in simulation
on the Moon [14]. Unfortunately, due to differences in geology, gravity, and atmospheric pressure, showing a correlation
between thermal inertia and mobility on Earth and the Moon
is not a guarantee that the same correlation exists on Mars.
There is some evidence that thermal inertia is correlated to
traversability on Mars as well [38]; however, to the best of
the authors’ knowledge, no study has investigated its ability
to improve mobility predictions using in-situ rover data.
This paper analyzes the potential of thermal inertia measurements to improve slip prediction in Martian sand using
in-situ data from the Curiosity rover. For each wheel slip
measurement in sand, thermal inertia is estimated using both
Curiosity’s onboard Ground Temperature Sensor (GTS) and
the orbital Thermal Emission Imaging System (THEMIS). A
mixture of experts (MoE) approach is used to model slip
behavior. This model assumes that slip cannot be explained
by a single type of sand but is instead a combination of
multiple independent models. A soft-max function assigns data
to experts using thermal inertia as its input. Results from twoexpert models are compared against a single-expert, visiononly model to show the ability of thermal inertia to identify
high-slip sand regions using both ground-based and orbital
observations.
This paper is organized as follows. Section II discusses
related work in slip prediction. Section III describes the
connection between thermal inertia and mobility. Section IV
outlines how thermal inertia is estimated and slip models are
learned. Section V describes the dataset from Curiosity used
in this analysis. Analysis of slip models and the efficacy
of thermal inertia is discussed in Section VI. Section VII
discusses conclusions and directions for future work.

II. R ELATED W ORK
The vast majority of traversability prediction approaches use
either vision, geometric sensing, or a combination of both. For
the Mars rovers, operators predict slip by first identifying terrain class visually from Navcam imagery then estimating slip
from average terrain slope using Earth-calibrated slip versus
slope curves [24]. Recent work on Curiosity has improved this
process for Curiosity using a CNN-based classifier to visually
classify terrain and estimating slip using models learned from
in-situ experiences on Mars [48]. However, this approach still
fails to accurately predict slip in sand. Slip behavior instead
appears to be a function of multiple types of sandy terrain.
Cunningham et al. [15] use spatial correlations to improve
slip prediction in sand. However, this approach still requires
proprioceptive measurements of slip and thus cannot detect
differences in sand traversability before contact.
The rovers also have on-board autonomy and safeguarding
for mobility. When operating autonomously, they use the
Grid-based Estimation of Surface Traversability Applied to
Local Terrain (GESTALT) algorithm to avoid rough terrain
and geometric hazards; however, this does not address slip
prediction [19]. In addition, due to computational cost, the
rover is rarely commanded to navigate autonomously. Instead,
most rover traverses are designed by rover operators and drive
blindly with the exception of safeguarding by VO-based slip
detection [32]. When the VO system predicts that slip has
exceeded an operator-defined threshold the drive is stopped
and the rover waits for direction from Earth [33].
Terrestrial long-range slip prediction research has also primarily used visual and geometric sensing techniques. Halatci
et al. [22] developed a terrain classifier with color, texture, and
geometric features to identify rocky, sand, and mixed terrain in
Mars rover imagery. Brooks and Iagnemma [7] expanded upon
this classifier to instead predict coefficient of traction with a
multi-class SVM. Angelova et al. used a mixture of experts
approach to first identify terrain classes from imagery then
predict slip given the terrain class. Terrain classes were learned
from manually labeled imagery and slip was learned from
experience using locally weighted projection regression [2, 1].
This paper follows a mixture of experts approach as well,
but the classes are instead determined by thermal inertia and
learned without supervision. Otsu et al. [37] demonstrated
improved visual terrain classification with sparse labeling
by co-training with a vibration-based classifier but did not
address slip prediction. Ho et al. [25] recently used Gaussian
Processes to estimate traversability in deformable terrain based
on geometry alone but did not test in sandy regions. All of
these approaches suffer from the same shortcoming; they only
see macroscopic surface appearance.
In contrast to visual imagery, thermal measurements provide
information about the bulk mechanical properties both at and
below the surface [45]. This correlation has been used to
infer global geologic composition from orbit on Earth [43],
the Moon [51, 5], and Mars [18, 35]. Orbital thermal inertia
analysis has been used in landing site selection for rovers and

is used in long-range strategic traverse planning [20, 16]. Unfortunately, the resolution of orbital thermal imaging sensors
is too low to detect many rover-scale hazards. The Miniature Thermal Emission Spectrometer (Mini-TES) instruments
aboard the Mars Exploration Rovers and the GTS on Curiosity
have been used to analyze surface physical properties but were
not designed for traversability prediction and are not used in
daily path planning [23, 17, 34]. This paper presents a quantitative analysis of whether considering thermal inertia improves
slip prediction on Mars using data from Curiosity’s GTS [49]
and the Mars Reconnaissance Orbiter’s THEMIS [11].
III. R ELATING T HERMAL I NERTIA AND M OBILITY
Thermal inertia is a characteristic of a material that governs
its resistance to changes in temperature. Thermal inertia is of
interest in this work because of its correlation to mobility. This
section presents background on thermal inertia, the geophysical properties that govern it, and its importance to mobility.
A. Analytical Surface Temperature Model
Here a thermal model is presented in the context of Mars
at equatorial to mid-latitudes without frost following the
derivation in Putzig [44]. Both the surface and subsurface
temperature of homogeneous terrain is governed by the wellknown, semi-infinite one-dimensional heat diffusion equation.
k ∂ 2T
∂T
=
∂t
ρc ∂ Z 2

(1)

where k is thermal conductivity, ρ is bulk density, c is specific
heat capacity, Z is the distance into the terrain, and t is time.
The lower boundary condition is usually assumed to be
either insulating or a constant geothermal heat flux. The
surface boundary condition at Z = 0 is balance of heat fluxes
from the Sun, the atmosphere, and the ground.
r
π ∂T
4
(1 − A)Rsw + εRlw − εσ Ts = −I
(2)
P ∂ Z 0 Z 0 =0
where A is albedo, ε is emissivity, σ is the Stefan–Boltzmann
constant, P is the period of a diurnal cycle, Rsw is shortwave
radiation from the Sun, Rlw is longwave radiation emitted by
the atmosphere, Ts is the surface temperature, and ∂∂ZT0 0 is
Z =0
the temperature gradient at the surface. Let Z 0 = Z/δ where δ
k P
is the thermal skin depth defined by δ 2 = ρc
π . At Z = δ the
temperature wave is attenuated by a factor of e−1 [44].
The most important term in Equation 2 is I, which represents the thermal inertia. Thermal inertia is defined as:
I=

p

kρc

(3)

− 12

with units of Jm−2 K −1 s
[44]. A change of variables in
Equation 1 from Z to Z 0 results in:
π ∂ 2T
∂T
=
(4)
∂t
P ∂ Z 02
This isolates all of the terrain properties in I in Equation 2.
Hence under periodic illumination, with known surface heat

fluxes and albedo, thermal inertia controls the surface temperature. Thermal inertia can be estimated by fitting observed
surface temperatures to an analytical model [35]. For more
detailed derivations see [44] and [28].
B. Thermal Inertia
Thermal inertia is a function of the thermal conductivity,
heat capacity, and density of a material. In a granular material,
heat capacity is not strongly affected by density or particle
size, varying by factors of no greater than 2 or 3 on Mars.
Variations in density directly affect thermal inertia as defined
in Equation 3. However, density varies by less than a factor
of 2 in sandy materials. The most significant factor affecting
thermal inertia is thermal conductivity [44].
In granular materials, bulk thermal conductivity is determined by three different heat transfer mechanisms: (1) heat
conducted through gas in the void space, (2) radiative heat
transfer, and (3) solid path heat conduction [39]. The most
significant heat transfer path is by gas conduction. However,
this is strongly affected by atmospheric pressure [42]. In part
because gas conduction dominates in both cases, differences
in pressure make it difficult to ensure that terrestrial results
will translate to Mars. Radiative heat has only a minor affect.
Solid path heat conduction between grains is more significant
but is limited by the small grain contacts. The effect is that
thermal inertia is not a strong function of the mineralogical
composition of a granular material but rather the physical
properties of its grains [27]. This is critical for this work since
traversability is dependent on physical properties as well.
At Martian pressure, thermal inertia in a granular material
is a function of its particle size, density, and cementation. An
increase in particle size greatly increases conductivity, which
in turn greatly increases thermal inertia [42]. An increase in
density also causes a slight increase in thermal conductivity [41]. However, since thermal inertia is a direct function
of density as well, it is still significant. Lastly, an increase
in cementation causes corresponding increases in thermal
conductivity and thermal inertia [40]. Apparent thermal inertia
is also strongly affected by layering of materials. A thin layer
of sand on top of bedrock will have much higher thermal
inertia than very deep sand [45]. See Piqueux and Christensen
[39] for an in depth discussion of thermal inertia.
C. Relation to Mobility
For a given rover, wheel-terrain interaction in a loose
granular material is strongly influenced by particle size and
density [8]. Having a larger distribution of particle sizes with
larger particles increases soil strength [26, 36]. Similarly,
denser, more compact sands are more traversable than fine,
loose sands [54, 52]. In addition, as particles become cemented
together the terrain becomes more cohesive and, thus, easier to
traverse [29, 53]. Therefore, because particle size, density, and
cementation strongly influence both traversability and thermal
inertia, there is a strong correlation between traversability and
thermal inertia. Similarly, as depth of surface sand increases
thermal inertia [44] and traversability [4] both decrease.

Fig. 1: Transition from loose to compact sand regions shown in
color and thermal data. Loose regions were manually loosened
with a shovel, and compact regions were compacted with a
vibratory compactor. Overlaid plots of estimated nighttime
thermal inertia and measured slip are shown on the right.
Missing grid cells in the thermal inertia image corresponds
to regions with significant height variance.

A correlation between the thermal properties of granular terrain and traversability has been demonstrated experimentally
on Earth [13, 12]. A qualitative example is shown in Figure
1. In this example, loose and compact granular materials are
difficult to distinguish in visual imagery but are evident in the
nighttime thermal image. Thermal inertia was estimated using
the model described in Cunningham et al. [12] with ground
truth measurements of solar and atmospheric heat flux. A four
wheeled rover was driven over the surface while dragging a
weighted sled to induce slip. Slip was estimated by comparing
ground truth position from a total station to wheel odometry.
Slip at a given location was averaged over several drives while
avoiding previous wheel tracks. Figure 1 provides a visual of
the strong connection between thermal inertia and mobility on
Earth. There is also a clear correlation in the nighttime thermal
image, which can illuminated relative difference in thermal
inertia within an image. However, using thermal inertia models
rather than raw imagery enables comparisons across times
of day, seasons, and atmospheric conditions. Unfortunately,
because atmospheric pressures are very different, a correlation
between thermal inertia and traversability on Earth does not
guarantee a corresponding correlation on Mars.
In this work, wheel slip will be used as a measure of
traversability. Percent slip is defined as:


 1 − v × 100, v < vre f (driving)
v
y =  vre f re f 
(5)

−
1 × 100, v > vre f (braking)
v
where v is the rover’s velocity and vre f is the commanded
velocity. Slip is defined for −100% ≤ y ≤ 100%. y > 0
indicates that the rover’s speed is slower than commanded,
and y < 0 indicates that is is faster than commanded.

IV. S LIP P REDICTION WITH T HERMAL I NERTIA C LASSES
This section describes an approach for that uses thermal
inertia to improve slip prediction. Thermal inertia is estimated
for each slip measurement with data from Curiosity’s GTS.
Slip models are then learned using a mixture of experts (MoE)
model that automatically separates terrain classes by thermal
inertia.
A. Thermal Inertia Estimation
Thermal inertia is estimated for each slip measurement in
sand. Curiosity is equipped with the Ground Temperature
Sensor (GTS) that measures ground temperatures for scientific
investigation of the geologic composition and atmospheric
processes on Mars. The GTS is a set of thermopiles that
are located on Curiosity’s mast with a fixed pointing at
120◦ clockwise off azimuth and 22◦ down. It has a horizontal
field of view of 60◦ and a vertical field of view of 40◦ . It measures one temperature value from an ellipse of nominally 100
m2 at 4 o’clock relative to the rover’s forward direction. This
region is adjacent to and not in the path of the rover during
straight drives. The baseline mode of operation is measuring
temperature at 1 Hz for about 6 minutes at the beginning
of every hour [49]. This is not an ideal sensor for mobility
prediction because: (1) it only records one measurement from
the entire ellipse and (2) it does not measure the terrain
ahead of the rover. However, it still provides an unprecedented
amount of data, which enables this investigation.
The KRC model was used to simulate surface temperatures [28]. Given a set of input parameters, it estimates the
surface heat fluxes in Equation 2 and forward simulates
the heat diffusion equation (Equation 4) to find the surface
temperature at a desired time of day. Forward simulation
of both surface and subsurface temperatures is accomplished
using an iterative finite-differences approach. This model has
been used extensively for orbital thermal analysis [18] and
recently for GTS data [23]. For more detail see Kieffer [28].
The KRC model requires a number of input parameters to
generate predicted surface temperatures. Thermal inertia and
albedo are treated as free parameters. Slope, slope azimuth,
dust opacity, solar longitude (season), latitude, and elevation
were fixed inputs to the model. Slope and slope azimuth were
estimated from Navcam imagery. Dust opacity was estimated
by scaling Opportunity dust opacity measurements to match
the elevation for Curiosity [31]. Opportunity data was used
because it is a good approximation and dust opacity data for
Curiosity is not yet published [30].
First the GTS data is filtered to remove measurements
during which the rover is shadowing the measurement, the
measurement falls out of calibration range, or the power supply
is out of nominal operating range. Remaining GTS data points
are low-pass filtered to reduce noise and then binned into 5
minute intervals throughout the day.
Both thermal inertia and albedo are unknown a priori and
estimated following the example of Hamilton et al. [23] by
minimizing the squared error between GTS-measured temperatures and the KRC analytical model. Albedo can be roughly

Fig. 2: Example GTS data and best-fit model. The Xs indicate
data points used to find the thermal inertia and albedo.
estimated from camera imagery but does not always match
thermally-derived albedo [17]. Thus to avoid errors in thermal
inertia estimates, albedo is also considered a free parameter.
The optimization uses only GTS temperatures from pre-dawn
and mid-day because the diurnal amplitude is strongly affected
by thermal inertia and using only these measurements reduces
error caused by slope and albedo. An example fit is shown
in Figure 2. When fitting to only these points, the analytical
model underestimates morning and afternoon temperatures,
which is likely due to terrain heterogeneity [23]
B. Learning Slip Models
A two-expert MoE model is used to predict slip and separate
low-slip sand from high-slip sand. A fairly simple model with
few hyperparameters is used due to the low availability of
data. Here it is assumed that slip, y, in a given type of sandy
terrain, Ti , is a function of the surface geometry, x. Let x, y,
and I be K × 1 vectors, where K is the number of data points.
Additionally, it is assumed that each of N = 2 terrain classes
can be separated using thermal inertia, I. This results in the
following model for slip in sand:
N

p(y|I, x, Θ) = ∑ πi (I, νi )p(y|x, θi )

(6)

i=1

where πi (I, νi ) is the gating function for sand class Ti with
parameters νi , p(y|x, θi ) is the distribution of slip in a given
class with parameters θi , and Θ = {{νi }N1 , {θi }N1 }.
The gates are linear softmax functions:

exp νiT [I, 1]
πi (I, νi ) = N
(7)


T
∑ exp ν j [I, 1]
j=1

where each νi is a 2 × 1 weight vector. This simple softmax
function was chosen to essentially provide a threshold on thermal inertia that separates low-slip and high-slip sand. Slip is
modeled as an Mth degree polynomial of slope, y = φ (x)β +ε.
β is an (M + 1) × 1 weight vector, φ (x) = [xn , xn−1 , ..., x1 , 1],
and ε ∼ N (0, σ ). If θi = {βi , σi }, it follows that
p(y|x, θi ) = p(y|x, βi , σi ) = N φ (x)βi , σi



(8)

To reduce overfitting, slip is constrained to never decrease
with increasing slope [15]. A linear model was chosen because
conditioned on the model parameters, the data points are independent and identically distributed (i.i.d.), which makes fitting
a MoE model easier than with a nonparametric function [47].
Expectation Maximization is used to find the parameters Θ for
the model following the approach in Yuksel et al. [55]:
(1) E-step. At iteration m, compute expected class assignments
for each sample t given by {yt , xt , It } [6]:


(m)
p yt |xt , It , Θi

(m)
(9)
ht
yt |xt , It = N 

(m)
∑ p yt |xt , It , Θ j
j=1

(2) M-step. Given the expected values for the latent class
assignments, compute model parameters Θ(m+1) :
K

(m)

ν (m+1) = argmax ∑ ht
ν0

K

(m)

θ (m+1) = argmax ∑ ht
σ 0 ,β 0

log π It , ν 0



(10)

t=1

log p(yt |xt , β 0 , σ 0 ) + λ β 0T β 0

(11)

t=1

Where λ is a regularization parameter to prevent overfitting.
Note that unlike in standard regression models, Equation 11
must be solved using constrained optimization due to the nondecreasing constraint. The E and M steps are alternated and
repeated until convergence. The only design parameters are λ
and M. λ was set to 1. M was set to 5 because a fifth degree
polynomial was the simplest polynomial able to fit slip curves
for the non-sand terrain classes shown in Figure 3.
V. T ESTING DATASET FROM C URIOSITY
This section describes the data from Curiosity. Curiosity is a
six wheeled rover with a rocker-bogie suspension system. It is
3 m long, 2.8 m wide, and has wheels 0.5 m in diameter [21]. It
has been operating on Mars since August, 2012 and has driven
over 15 km. Samples from sols 1-986 are considered here,
where a sol refers to a day on Mars. Sand slip measurements
are identified and matched to thermal inertia measurements.
Resampling occurs to reduce data imbalance.
A. Finding Slip Measurements in Sand
To identify slip measurements in sand, a list of all VO slip
measurements was collected. Most drives with VO enabled are
between 0.5 and 1 m in length. Only drives greater than or
equal to 0.5 m in length are considered to reduce measurement
noise. The slip for a given drive is calculated as the average
of all individual wheel slips. This slip magnitude includes
both longitudinal and lateral slip. Slope is the magnitude of
rover tilt averaged over the drive as calculated by the IMU.
Positive slope corresponds to driving up the slope and negative
slope corresponds to driving down the slope regardless of
driving direction (i.e. forward versus reverse). Slip and slope
magnitude were used instead of the longitudinal and lateral

Fig. 3: Six terrain classes identified by SPOC-G classifier [48]

components to reduce the risk of overfitting. Both slip and
slope were predominantly in the longitudinal direction.
Manually identifying which drives through sand would
likely lead to bias and inconsistencies in the data. Instead,
drives through sand were automatically identified using a
terrain classifier and false positives are manually removed.
Terrain classes are identified by applying the SPOC-G [48]
terrain classifier to Navcam imagery. Figure 3 shows the six
terrain classes SPOC-G identifies.
∼2500 Navcam images were classified. The terrain class for
each slip measurement was estimated as the mode class of all
predictions from all images viewing that location. Using the
combination of multiple labeled images for a given location
tends to correctly identify more of the drives in sand; however,
it also leads to more false positives. This is in contrast to
identifying class from only one “best” image as in Rothrock
et al. [48], which has fewer false positives but identifies fewer
of the actual drives in sand. For example, in Figure 4a, wheel
tracks in deep sand were predicted to be outcrops in the closest
images but were correctly identified using multiple viewpoints.
Once all sandy regions were automatically identified, false
positives were manually filtered out. Measurements where
fewer than four of the wheels were on sandy terrain were
removed. Examples of correctly identified drives in sand are
shown in Figures 4a–4d. Examples of false positives that
were manually removed are shown in Figures 4e and 4f. At
times it can be difficult to determine exactly what “sand” is.
For example, in Figure 4f, all of the wheels were on sand.
However, under four of the wheels were also rocks on top of
the sand, so these samples were removed.
B. Matching Thermal Inertia
To reduce bias for geologic investigation, Curiosity’s GTS
points off to the side of the rover towards a region that
the rover will never drive over without turning. Thus, slip
measurements rarely overlap with GTS thermal inertia measurements. Instead, thermal inertia for a given slip sample was
estimated by taking the closest sample that shares the same
terrain class as the slip sample (i.e. the closest thermal inertia
measurement classified as sand).
The terrain class of each thermal inertia measurement was
estimated by first finding the region that the sensor was viewing. Then the terrain class was found using the same approach

(a) Moosiluake Valley.

(b) Hidden Valley.

(c) Jubilee Pass.

(d) Artists Drive.

(e) Sol 799 sand.

(f) Logan’s Pass.

Fig. 4: Example images of slip measurements in sand colorized by predicted terrain class. (a)–(d) were used in the data set,
(e) and (f) are examples of measurements that were filtered out due to heterogeneous terrain. The red regions indicate the
location of the rover’s wheels during its drive.

(a) Hidden Valley.

(b) Sol 606 Ripple Crossing.

(c) Moonlight Valley (left) & Dingo Gap.

Fig. 5: Example matches between GTS data and slip data. Slip data points are shown as circular data points at the location of
the center of the rover. Data points are sized and colored by slip. Larger redder data points correspond to more slip. Smaller,
bluer data points are less slip. GTS measurements are the kite-shaped regions and are colored by thermal inertia. Bluer is
lower thermal inertia, redder is higher thermal inertia. Plots are overlaid on top of Hirise orbital imagery with estimated terrain
classes from Navcam imagery. Black lines show each slip measurements matched to the best GTS measurements.

as described in Section V-A for slip data. Example matches
are shown in Figure 5. In some cases, there is very clear
overlap between the slip and thermal inertia measurements
(e.g. Figures 5a and 5b ). In other cases, there is no clear
measurement in that same sand region. This was the case in
Moonlight Valley (on the left of Figure 5c), so slip samples
from Moonlight valley were not considered in analysis.
For each slip measurement, an orbital estimate of thermal
inertia is also identified using THEMIS data. THEMIS is a
thermal emission spectrometer orbiting Mars that measures
surface temperature at a resolution of 100 m per pixel [11].
Thermal inertia estimates were taken from data products
produced by the THEMIS team [10]. Thermal inertia for each
sample is identified by finding the corresponding pixel in the
thermal inertia map. An example is shown in Figure 6.

C. Resampling
All of the identified measurements of slip in sand are
summarized in Table I. This table illustrates the small amount
of independent samples available and the imbalance of the
data. There are two main problems: (1) there are only 8
independent regions of sand that Curiosity has driven through
and (2) slip measurements are not evenly distributed between
sites. This data distribution works if it is assumed that each
slip measurement is i.i.d. This is clearly not true since many of
these samples are closely related to samples in the same site.
A more reasonable assumption is that sand characteristics and
resulting slip behavior i.i.d. across the surface. Thus each site
should be treated as a sample and not the slip measurement.
Underrepresented sites are oversampled so that each of the
sites listed in Table I has the same number of samples.
Because there were few samples at high slopes, four syn-

Fig. 6: Orbital THEMIS thermal inertia image overlaid on
Hirise camera image. Plotted points show Curiosity’s path and
are sized and colored by slip. Bluer, smaller points have lower
slip. Redder, larger points have higher slip. The colormap
corresponds to the overlaid THEMIS image.
TABLE I: Drives in sand by site name, first sol, number of
samples, maximum slope xmax (degrees), maximum slip ymax
(percentage), average GTS thermal inertia IGT S , and average
THEMIS thermal inertia IT HEMIS . Units of I are m2 KJ √s .
Site Name

Sol

Num.

xmax

ymax

IGTS

ITHEMIS

Moosilauke Valley
Hidden Valley
Logans Pass
Logans Pass
Jubilee Pass
Ripple Crossing
Dingo Gap
Ripple Crossing
Artists Drive

672
709
983
978
747
683
528
606
923

4
50
4
4
5
11
13
23
21

3.5
7.4
9.6
8.2
8.4
8.4
13.9
8.1
16.4

79.7
80.7
75.2
59.8
15.4
47.9
46.4
33.3
83.4

20
31
47
51
88
107
108
109
143

451
413
438
400
467
456
478
483
456

Total: 9 sites

135

thetic samples were also added for training from the Earthcalibrated model [24]. Samples were added at the minimum
slope with 100% slip, xmax , and −xmax with -100%. For Curiosity, xmax = 18◦ . These were repeated at both the maximum
and minimum thermal inertia (for the given instrument). These
constraining points help reduce overfitting to moderate slopes.
VI. R ESULTS AND D ISCUSSION
Slip samples are plotted in Figure 7 and colorized by
thermal inertia for GTS estimates and THEMIS. The range
of thermal inertia estimates are very different between the
two sources; however, this is not considered problematic since
only within-model comparisons are made [23, 46, 28]. This
discrepancy is likely influenced by the use of MER dust
opacity estimates and the significantly greater spatial averaging
in the orbital data. Qualitatively, both thermal inertia sources
distinguish between higher-slip sand and lower-slip sand at a
given slope value. In particular, the highest slip data points
either occurred at high slope (∼15◦ ) and high thermal inertia
or at lower slope (∼5◦ ) but low thermal inertia. The low slope

Fig. 7: Slip versus slope data and models for sand colorized
by thermal inertia for THEMIS (top) and GTS (bottom).

samples with the highest slip occurred at Moosilauke Valley,
Hidden Valley, and Logan’s Pass. These three regions also
correspond to the GTS lowest thermal inertia.
To quantify the benefit of thermal inertia in slip prediction,
three models were compared: (1) a single-expert model, (2)
a two-expert model using GTS measurements, and (3) a twoexpert model using THEMIS measurements. The single-expert
model does not take into account thermal inertia and learns
slip only as a function of slope (Equation 8) for visually
classified sand. The models are compared based on their root
mean squared error (RMSE) for the best-fit model on all of the
data and using leave-one-out cross validation. In this context,
“leaving one out” means training on data from N − 1 sites
and testing on the remaining site during each iteration of
cross validation. Performance was compared for using both
the original and resampled data.
Slip functions for the single-expert and two-expert models
using resampled data are shown in Figure 8. The two-expert
model shown uses GTS data; however, the THEMIS model
was very similar. Overall results are shown in Table II. In all
metrics, the two-expert models that used thermal inertia and
slope had lower error than the single-expert model that only
used slope. This supports the hypothesis that thermal inertia
improves slip prediction on Mars. The rover slips more as
thermal inertia decreases. With resampling, learned thresholds
were 69 and 453 m2 KJ √s for GTS and THEMIS, respectively.
The degraded performance in the cross validation metrics
from the best-fit RMSE suggests that the models are overfitting

TABLE II: Root mean squared error (RMSE) for the best-fit
model using all data and leave-one-out cross validation (CV)
for all models both with and without resampling.
No Resampling
Model
Single Expert (Slope Only)
Two-Expert THEMIS
Two-Expert GTS

Fig. 8: Slip models for loose sand. Curves for the best-fit
two-expert model using GTS data are plotted in red and blue.
Mean and two-sigma bounds are plotted for both. Samples
are colorized by the most likely expert and sized by relative
weight after resampling. The mean of the single-expert model
is plotted in black. Models learned from resampled data.

the data. However, this is expected given that there are only
9 unique sites. In cross validation the two-expert models
have lower error than the single-expert model showing that
models including thermal inertia have higher predictive performance. The reduction in the best-fit RMSE with resampling
is expected. More samples are clustered around fewer points.
However, the corresponding reduction in cross validation error
suggests that it also improves prediction performance.
The higher cross-validation error for the THEMIS model
with resampling is mostly caused by misclassifying Moosilauke valley. The THEMIS thermal inertia estimate is higher
(relatively) than the GTS estimate (see Table I). Moosilauke
valley is in a small ripple field surrounded by high thermal
inertia terrain. When THEMIS averages at 100 m resolution,
the result is a higher observed thermal inertia than likely corresponds to the sand alone. Thus, the GTS and THEMIS models
agreed more closely for larger areas of sand. This shows the
benefit of ground-based sampling. It can identify smaller hazardous regions than lower-resolution orbital instruments. Even
the GTS rarely measures a location exactly where the rover
is driving. Heterogeneity also makes it difficult to interpret
terrain as a single “type”. Despite imprecise measurements,
thermal inertia improved slip prediction significantly.
There are several factors that affect traversability in sand:
rover configuration, sand properties, and surface geometry. The
apparent thermal inertia is affected by the physical properties
of the sand grains and depth of the surface layer. Without
ground truth (e.g. for sand depth), it is difficult to determine
exactly how much each factor affected either the thermal inertia measurements or the wheel-terrain interaction. However,
evidence suggests both depth and physical properties were
important. For example, Arvidson et al. [4] estimate that the
properties of the sand at Dingo Gap were more traversable

Resampling

Best-fit

CV

Best-fit

CV

22.0
15.9
16.8

30.3
22.7
20.4

20.5
15.0
15.1

24.7
24.4
18.6

than at Hidden Valley. Higher GTS thermal inertia at Dingo
Gap supports this claim. In addition, on visual inspection, sand
depth is related to both traversability and thermal inertia. Sand
at Artist’s Drive (Figure 4d) appears shallower than other areas
such as Hidden Valley (Figure 4b). It had correspondingly
higher thermal inertia and the rover slipped at higher slopes.
VII. C ONCLUSIONS
This paper presented an approach for improving slip prediction on Mars by classifying sand using thermal inertia measurements. Slip prediction accuracy was compared among a
single-expert, vision-only model and two-expert models using
both GTS- and THEMIS-based thermal inertia measurements.
Results showed that separating low-slip, high thermal inertia
sand from high-slip, low thermal inertia sand significantly
improved accuracy. Slip predictions from orbital and groundbased data were similar. However, GTS measurements more
reliably detected smaller regions of hazardous sand. Resampling data by assuming that regions of sand rather than slip
measurements were i.i.d. also improved prediction accuracy.
Given this encouraging empirical evidence and the theoretical connection, there is little doubt a correlation exists
between thermal inertia and mobility for rovers operating in
granular materials on Mars. However, the terrain on Mars is
very diverse and Curiosity’s data is limited to measurements
in sand from one region of Mars. More data must be gathered
to determine whether this holds true in other types of terrain
(e.g. duricrust over sand). Before considering implementation,
it is necessary to fully understand what types of hazards can
and can’t be detected, at what times of day, how many of
those hazards couldn’t be detected visually, and how rover
operations would have to be adjusted to account for thermal
inertia measurements. Further analysis should also include
effects of heterogeneous terrain and ripples in sand, which
were likely causes of intraclass variance.
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[34] G. M. Martı́nez, N. Rennõ, E. Fischer, C. S. Borlina,
B. Hallet, M. De La Torre Juárez, A. R. Vasavada,
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