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Abstract— Robust state estimation is a cornerstone of suc-
cessful planetary robotics missions. Visual-inertial odometry
(VIO) has emerged as a leading approach in this domain,
providing computationally efficient state estimation through
the fusion of camera and inertial measurement unit (IMU)
data. However, with its reliance on trackable visual features,
VIO performance is inherently coupled to the visual quality
of the surrounding terrain, which varies significantly across
planetary surfaces. To address this challenge, we propose
a terrain-aware Model Predictive Path Integral (TA-MPPI)
control framework that actively incorporates terrain visual-
feature quality into the planning process, guiding the robot
towards regions that support reliable state estimation. We
evaluate our approach in synthetic worlds and a simulated
Mars environment using the PX4-Autopilot software-in-the-loop
stack and OpenVINS. Our results demonstrate that terrain-
quality-aware planning improves VIO performance compared
to terrain-agnostic baselines, highlighting the benefit of incor-
porating perception awareness into motion planning.

I. INTRODUCTION

Future aerial vehicles on Mars and other planetary bodies
will face growing demands from onboard autonomy to navi-
gate safely while maximizing scientific return. Visual inertial
odometry (VIO) is widely used for local state estimation for
unmanned aerial robotics in GPS-denied environments on
Earth, and has recently been demonstrated to great success
off-world with the Mars Ingenuity helicopter [1] as the
dominant navigation aid between global positioning updates.
Future planetary aerial vehicles will likely rely heavily on
VIO-based estimation systems [2]. However, the perfor-
mance of VIO is strongly dependent on the availability of
high-quality trackable features, and thus accuracy is affected
by both the motion of the vehicle itself (such as motion blur
and camera pointing direction) and environmental conditions.
Planetary environments, in particular, pose the unique chal-
lenge of highly unstructured and low-textured landscapes.
Fig. 1 illustrates how poorly textured terrains like sand result
in fewer feature detections. This performance limitation was
highlighted by the hard impact of the final flight of the
Ingenuity helicopter in early 2024, believed to be the result of
poor state estimation resulting from the VIO system having
too little visual information to work with while flying over
a featureless and poorly textured terrain [3].

In this work, we focus on the challenge of navigating the
Martian landscape. While many proposed approaches seek
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Fig. 1: Terrain classification and feature extraction on two
example Curiosity MastCam images. Top: Terrain classifica-
tion using the trained classifier, showing sand (yellow), soil
(magenta), exposed bedrock (cyan) and big rock (red). Mid-
dle: Features extracted by xVIO. Bottom: Features extracted
by OpenVINS. In both VIO frameworks, far fewer features
are extracted in the poorly textured sand terrain class.

to improve robustness by augmenting VIO with additional
sensors [4], incorporating alternative feature representations
[5], or modifying the estimation algorithm itself to better
tolerate feature loss [6], we instead propose incorporating
awareness towards visually hazardous terrain directly into
the local planning pipeline. By reasoning about the visual
characteristics of the environment during planning, the vehi-
cle can proactively select trajectories that maintain reliable
feature observations and reduce the likelihood of estimator
degradation or failure. Because this approach operates at the
planning level, it is broadly applicable across different VIO
frameworks and is not tied to any specific sensor modality
or feature representation.



Control Inputs

!

Mars Helicopter

Semantic
Classifier

Local Semantic Map

Trajectory
Planner (MPPI)

State Estimate

Fig. 2: System diagram for Terrain-Aware MPPI

II. APPROACH

Our approach combines a semantic classifier with a Model
Predictive Path Integral (MPPI) framework to plan trajec-
tories that will reduce state estimation failure. We use a
semantic classifier trained on Martian data to categorize the
surrounding landscape into terrain classes that are mapped
to expected feature quality. While existing perception-aware
planning methods are largely feature-centric, seeking to
maintain visibility of specific high-quality visual features [7],
we instead reason about the expected feature observability
of the environment at the level of terrain semantics. We
propose a terrain-aware Model Predictive Path Integral (TA-
MPPI) planner that uses this classifier to evaluate candidate
trajectories by estimating the expected visual feature quality
of future camera viewpoints conditioned on the observed
terrain. This enables the vehicle to fly a path that maintains
views of high quality terrains and thus maintain good state
estimation. The proposed system is shown in Fig. 2. By
representing perception quality through a probabilistic terrain
model rather than individual features, the approach naturally
supports the incorporation of prior predictions of terrain qual-
ity from external sources such as orbital imagery, previous
flights, or scouting robots. This enables the planner to fuse
prior environmental knowledge with onboard perception,
maintaining informative regions in view while progressing
toward a goal.

1) Semantic classifier: We perform terrain classification
using DeepLab V3 [8], a popular pixel-wise semantic seg-
mentation model, with a pretrained ResNet-50 backbone.
We fine-tuned the model using domain-specific data from
the Al4Mars dataset [9]. This dataset consists of ~326K
segmentation full image labels on 35K images from the
Curiosity, Opportunity and Spirit rovers. For this work,
we limited our dataset to Curiosity images where greater
than 50% of the image is labeled (to avoid images dom-
inated by robotic components), resulting in ~10K images
of 1024x1024 pixels, which we used for training (~5K
images) and testing (~5K images). The Al4Mars dataset
includes labels for four terrain types: sand, soil, big rock
and exposed bedrock, however given the small fraction of
pixels across all images containing big rock (< 1%) and the
similar VIO performance in both terrain types, we combined
bedrock and big rock into a single rock class. The resulting
classifier produces per-pixel class probabilities across three
terrain types: sand, soil, and rock (see Fig. 1 examples). We
take the world belief as the most likely class at each pixel.
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Fig. 3: Average feature density per 1000 pixels in Al4Mars
training dataset images across three terrain types, Soil, Rock
and Sand. Both xVIO and OpenVINS rely on FAST features
but use different filtering methods.

2) Cost estimation: To enable path planning, we design
a cost metric based on the performance of VIO frame-
works across different terrain types. We focus on two
VIO implementations - OpenVINS [10] an opensource VIO
framework widely implemented in UAVs, and xVIO [11],
the Jet Propulsion Laboratory (JPL)-developed opensource
VIO framework. Using the same training dataset as the
semantic classifier, we process the images through the feature
detection and filtering stages of the xVIO and OpenVINS
pipelines to extract feature quality metrics (see Fig. 3). These
metrics were then aggregated by terrain class, enabling us to
characterize the expected visual feature quality Q € [0, 1]
associated with each terrain type. For a given camera view
of the Martian surface, we derive a viewpoint score S based
on the area of a given terrain type and its feature quality,
shown in (1).
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F(x) C R? denotes the ground-plane projection of the
camera footprint at robot state x, computed using homo-
graphic projection of the image plane onto the groundplane.
Fig. 4 shows some example footprint projections for the
Martian world map. Q(p) € {Qi,...Qk} is the quality
score for a point p = (z,y) on the ground plane in world
coordinates, given k terrain types in the environment. w(p) is
a spatial weighting function that downweights terrains at the
edges of the sensor footprint and where camera distortion
is greatest and thus the confidence in the classification is
lower. We impl2emented a Gaussian weighting function wp =
Il

exp —HPETPJ where p. is the projection of the camera

principal point into the groundplane. Given the angle of the
camera and the perspective distortion at the far edge of the
sensor footprint, we use p; = p. + ¢ to shift the center of
the Gaussian towards the drone body in the sensor footprint,
concentrating the weights at the edge of the sensor footprint
nearer to the drone body.

3) MPPI planner: Costs as represented by terrain types
exhibit discontinuities between class types and in unobserved
portions of the world. As such, we opt for a sampling-based

S(x) (1)
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Fig. 4: We use a simulated Martian landscape constructed using photogrammetry from Curiosity MastCam images (left).
Example projected footprints are shown overlaid on the fully classified Martian landscape, showing the projected RGB
footprint and resulting semantically segmented footprint (right).

Model Predictive Control (MPC) framework to deal with the
non-convexity of the objective function and discontinuities
in the data. Our terrain-aware MPPI planner optimizes per-
ception objectives by maximizing visibility of ‘high feature
quality’ terrain types. Previous perception-aware MPC ap-
proaches have focused on keeping singular points of interest
as close to the center of the camera frame as possible [12], or
rely on depth sensors for awareness of unexplored regions
[13]. In contrast, our terrain-aware method takes semantic
information across the entire camera frame into account,
ensuring high-quality and trackable features frame to frame.
The MPPI optimization problem is given as
N—-1
min Z U xp, ug, ts) + V(zy) )
k=0
st. g =38, xpy1 = f(xp,xr), 0<k<N
where ¢y = s is the problem initial condition, ;41 =
f(xk, x,) are the discrete-time simplified system kinematics
at hover where the state is position and heading z, =
[pr,¥x] € R and the control input is linear and angular
velocities uy = [vg, wg] € R3. The stage cost is formulated
similarly to [13],
E(a:k, Uk, ts) = ggoal + gaction + E'Lp
+ Eperception + éboundary (3)

where  £goar = CgoatY(ts)dgoat,
Caction = Caction|| Uk %
by = cyey,
Lperception = Cperception(1 — Sk(x)),

Zboundary = Choundary * ]la:k ¢map-

The goal cost {4, penalizes distance dgoq = || — T goal||*
from the desired goal position, subject to a stagnation time ¢,
that penalizes insufficient progress to the goal. We compute
progress to the goal as the rate of change in goal distance
r(t) = dg"“’(t_AAti_dg"“’(t) where At is the control update
interval. When r(¢) falls below a threshold 7, stagnation
time t; accumulates, exponentially increasing the goal cost
using a stagnation scaling factor v(ts) = kyr! where k;
is the stagnation gain and 7, is the stagnation growth rate.
This helps the vehicle to escape local suboptimal behavior.
lqct penalizes control effort. The heading alignment cost
£, encourages alignment of the vehicle’s forward-facing
camera with the direction of motion using the deviation e,
between the velocity vector and yaw angle 1. The boundary
cost Lpoundary 1S an indicator function that returns 1 if the
vehicle position falls outside the established world map, with
Choundary giving a large penalty if the vehicle strays outside
the bounds of the world. £perception Captures the semantic
cost. We assume the world lies in a flat plane, and define
four rays, representing the corners of the camera FOV, that
start at the camera origin and inscribe a polygonal sensor
footprint in the world space defining our projected viewpoint,
for which we calculate the viewpoint score using eq. (1). The
terminal cost is usually defined as V(zy) = ©
with Cierminal > Cgoal -

Cgoal lgoal >

A. Results

We evaluated the proposed terrain classifier and terrain-
aware MPPI planner in a simulation environment, with PX4
[14] providing the flight control stack, Gazebo [15] the vehi-
cle dynamics and onboard sensor simulation, and ROS 2 [16]
the middleware used to collect sensor information and send



TA-MPPI
- MPPI
10 [ Good terrain
5 5 4 E50 Bad terrain
08
°
8
A
_ 06 % _
E o0+ 2 E o0+
= S
- 04 = -
g
g
=
02
-5 TA-MPPI -5 4
MPPI
[ Good terrain 00
O [ Bad terrain ®
-10 T T T -10 T
-10 -5 0 5 10 -10 -5
x [m] x [m]

TA-MPPI 2
MPPI J
10 [ Good terrain 10
5 4 0 Bad terrain
08 y 08
4 1
1=} 1=}
A 06 @
06 2 — 6 2
H E o+ H
S S
04 g - 04 =
g g
] ]
= =
02 02
5
00 00
T -10 T T T
5 10 -10 -5 0 5 10

View Score
View Score

View Score

Normalized Distance to Goal

(a) Zigzag world

T T T
1.0 0.8 0.6 0.4 02 0.0 1.0 0.8 0.6
Normalized Distance to Goal

(b) Crossing world

T T T
0.4 02 0.0 1.0 0.8 0.6 0.4 02 0.0
Normalized Distance to Goal

(c) Blob world

Fig. 5: Trajectories over various simulated synthetic terrain worlds. Top: The mean trajectory p 4 lofor n = 20 missions is
shown for both the TA-MPPI and MPPI. In all three worlds, the straight line trajectory represents the mean MPPI trajectory.
The mean start and goal locations are shown as a circle and star respectively. The instantaneous viewpoint score along
the trajectory is represented as the trajectory colormap. Note that for the Blob world, the trajectories fell into two distinct
homotopic classes of n = 7 and n = 13 so we chose to depict these as separate mean trajectories. Bottom: The mean
instantaneous viewpoint score ug & 1o, with the trajectory mean score (dashed line) and absolute mean min and max score

(dotted line) are shown.

commands to PX4. A quadrotor vehicle model with a forward
mounted camera, angled at 45° down, was used to emulate
the aerial platform, with a mission objective to autonomously
navigate from a specified starting position to a designated
science goal. We use a sampling time of At = 0.1 seconds
and a rollout length of N = 20, with 3000 samples. As our
stage cost is sufficiently rich, we do not penalize the terminal
state. During the mission, the planner samples both position
and potential viewpoints along a trajectory, leveraging the
terrain classifier to reason about expected perception quality
and generate trajectories that balance progress toward the
goal with maintaining informative visual observations of the
environment.

To first evaluate the performance of the TA-MPPI, we
simulated three synthetic worlds with different challenging
scenarios for the path planner (see Fig. 5). The Zigzag world
consists of an angled corridor of good (highly featured) ter-
rain running through bad (low featured) terrain that prevents
straight line navigation to the goal. This world is intended to
test the ability of the TA-MPPI to trade off goal distance with
maintaining a good viewpoint score. The Crossing world
incorporates a poorly featured bad region around the goal
location, testing the ability of the planner to not get stuck
in a local minima by remaining in good terrain and not

progressing to the goal. The final Blobs world distributes
regions of poor quality terrain across the world, similarly
to an obstacle avoidance scenario. In all three cases, the
start and goal locations were placed in the lower left and
upper right corners, respectively, with a 1-meter uniformly
random offset on the start and goal positions and 45-degree
uniformly random initial heading i over different simulation
trials. For each pair of start and goal locations, the mission
was run twice, once with our TA-MPPI and once with a
baseline MPPI that included only goal, action and boundary
costs. For these simulations, Qgooq = 1 and Queq = 0.
The resulting trajectory plots (Fig. 5) show that the TA-
MPPI moves the drone towards the high quality terrain while
consistently making progress towards the goal. For Crossing,
the TA-MPPI is able to maintain a higher viewpoint score
compared to the baseline MPPI, until right at the goal, a
consequence of the last bad terrain region. In constrast, Blobs
and Zigzag see an initial improvement in performance of TA-
MPPI over MPPI, but due to the geometry of the world and
the dynamics of the vehicle, the MPPI does sometimes have
a mean higher score towards the latter part of the mission.
It is important to note that in all three worlds, TA-MPPI
maintains a higher mean trajectory viewpoint score across
missions, and avoids catastrophically low absolute minimum



viewpoint scores, unlike the MPPIL. These very low view
scores are indicative of feature-poor terrain and thus would
put the vehicle at risk of navigational failure.

Our second experiment tested the TA-MPPI on a simu-
lated Martian landscape. The ground-truth world consists of
a photogrammetry-generated Martian landscape constructed
from Mars Curiosity MastCam imagery' (shown in Fig. 4),
providing realistic terrain geometry and appearance represen-
tative of planetary surface conditions. For this experiment
we ran OpenVINS alongside the TA-MPPI to understand
how feature quality is varying across the mission. The
nature of the photogrammetry reconstruction, which uses a
triangulated mesh to build a 3D environment, introduces a
number of synthetic artifacts into the reconstruction which
can be picked up and tracked by OpenVINS FAST feature
detector. To counter this limitation and more closely emulate
the performance observed on the Al4Mars dataset (see Fig.
1 and 3) and indeed on the Ingenuity helicopter itself, we
introduced a dropout mask into the OpenVINS pipeline,
which drops out features in sandy regions, so that there is
an observable difference between feature counts for different
terrain regions. Based on the feature performance for Open-
VINS on the Al4Mars data, we set Qqund = 0, Qsoit =
0.5 and Q,,ctx = 1. For these missions, start and goal
locations were randomized across the world, and TA-MPPI
and MPPI run for each set of locations. Two of the 20
simulated trajectories are shown in Fig. 6¢ and 6d, showing
how the TA-MPPI moves the drone to keep good terrain in
view of the camera as it moves towards the goal. Fig. 6a
shows the mean difference in viewpoint score for TA-MPPI
and MPPI, where AS = Stamppr — Smppr throughout the
missions. The positive difference demonstrates that TA-MPPI
is consistently achieving higher viewpoint scores compared
to the baseline MPPI. Likewise, Fig. 6b shows the mean
difference in visual features counts used by OpenVINS
across the two algorithms. TA-MPPI consistently achieves
a higher feature count. By using our terrain-aware MPPI
planner, the quadrotor alters its path to remain in ‘high
quality’ terrains during its mission, resulting in a higher
feature count than baseline methods, and thus lower chance
of state estimation failure during the mission.

III. CONCLUSIONS AND FUTURE WORK

In this work, we present Terrain-Aware MPPI (TA-MPPI),
a sampling-based motion planning framework that explicitly
accounts for terrain type to improve Visual-Inertial Odom-
etry performance in autonomous aerial vehicles. Compar-
ative evaluation against a terrain-agnostic MPPI baseline
demonstrates that TA-MPPI selects trajectories that prioritize
viewpoints of high quality terrain types, maintaining a higher
number of mean tracked features and avoiding high-risk
regions of low feature count that could result in estimation
failure.

We plan to extend the performance of the TA-MPPI
scheme by integrating risk-aware planning formulation to

'Online. Available at https://skfb.Lly/opQMQ on April 18, 2026.

improve robustness in uncertain and partially observable
environments, as well as pairing TA-MPPI with a terrain-
aware global planner for large traversals. A major limitation
we encountered during this work was the lack of public
usable Martian data that contained a wide selection of terrain
types, and demonstrated failure cases that realworld missions
have encountered. Consequently we will be investigating
methods for synthetic terrain generation, conditioned on real
Martian data, with the goal to demonstrate our work on a
broader array of terrains.
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