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[ Introduction | [ Architecture |

Foundation model (DINOv3 [5] with features up-sampled using AnyUp [6]) computes visual features, which are projected to bird’s-eye
view (BEV) and fused over time to predict an obstacle map and BEV feature field that can be queried based on robot state.

Motivation
Mobile field robots must understand the traversability characteristics of
their environments to safely navigate, but typical approaches do not
include relevant aspects of robot state and often rely on only self-
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 Self-supervised labeling of traversable terrain, where traversability is o 9 |
predicted as linear/angular velocity expected to be attained as a function
of position, rotation, and commanded linear/angular velocity Commands and BEV features at a given location are used by an MLP to predict candidate linear and angular velocities (¥ and @),

* Weak human supervision for safe, effective labeling of dangers that are which are fed into affine transformations to predict final linear and angular velocities (Vpredicted aNd Wpredicted)- Each parameter for the
predicted as a function of robot position affine transformations is computed via Fourier series whose argument is rotation (8) and coetficients are BEV features.

 Simulator Navigation Experiments ~ Real-World Navigation Experiments

We perform navigation trials using our method for waypoint navigation of a differential-drive robot in a We deploy our model on a differential-drive robot (Clearpath Jackal). We train our model using a dataset

custom, photorealistic simulator. We use an MPPI controller like existing work [3,7] and compare against: we collected on a university campus, and we test our method for navigation in environments of varying

* Blind: a naive blind pursuit method complexity (all real-world trials are in locations different from those used in training). Model inference

* Occupancy: a simple occupancy mapping strategy that uses the depth camera for range measurements and the MPPI controller are run in real-time onboard the robot using an Nvidia Jetson AGX Thor.

* WayFASTER [3]: a state-of-the-art self-supervised visual BEV traversability prediction method trained R T ’ Method Success A, Digmas o
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* WayFASTER” [3]: same model as WayFASTER but trained on an expanded dataset that includes
purposeful crashes to capture non-traversable conditions using self-supervision Occupancy 40% 26.4 m
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from that seen in training. We run five trials per method. The start is shown
with a red circle, and the goal is shown as a blue circle. There are various
possible obstacles (tall grass, trees, rocks) between the start and goal.

[ Offline Results ]
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We run long-horizon (~550 m) navigation trials in a grove of trees We stress test HARAMBE in a forest with obstacles and significant

using HARAMBE trained only on simulator data or only on real- ground clutter (roots, leaf litter, tall grass, logs/branches, etc.), and it
S world data. We ran each model (sim-trained or real-trained) 5 times successfully completed a ~600 m course between 5 waypoints with no
and both models successfully completed the course in all trials. interventions. Onboard images are shown at the bottom of the figure.
Feature Extractor BEV Feature Field Obstacle F1-Score [ Conclusions ]
Query Method (1) * We introduce a novel traversability prediction method (HARAMBE) that combines self-supervision
DINOv3 MLP-Only 0.860 and weak human supervision
DINOvV3 Fourier-Only 0.874 * Our method predicts the anticipated achieved motion (linear/angular velocity) over traversable terrain
: as a function of commanded linear/angular velocity, position, and orientation
DINOvV3 MLP and Fourier 0.888 .

We use human point annotation of obstacles to enable our method to safely and effectively predict
0.925 untraversable conditions (e.g., obstacles and lethal terrain)
 HARAMBE outperformed an existing state-of-the-art visual BEV traversability prediction baseline in

DINOv3 w/ AnyUp MLP and Fourier
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