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Motivation We propose a semantic-driven alignment framework
for sensor fusion that uses gradient descent to

minimize the Jensen-Shannon Divergence between 2D
and 3D class probabilities. To ensure robustness, we

introduce a dual-weighting scheme using class
frequency and CLIP distance, effectively addressing

semantic inconsistency and class imbalance.
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Key Takeaways

Semantic 3D scene understanding is essential for safe navigation in
unstructured environments, where the diversity of hazards and varying
terrain traversability pose significant challenges.

Why fusion? LiDAR provides rich geometric data, but off-road terrains are
often geometrically ambiguous. RGB information helps disambiguate these
elements.

Precise calibration is fundamental to robust sensor fusion. However, while
operating in off-road environments spatiotemporal synchronization may
degrade due to rugged terrain and adverse conditions.

There is a gap in existing methods, which typically require:
Urban geometry → Edges and planes are scarce in off-road settings.
Dense intensity → Limited by hardware capabilities.
Costly multi-frame optimization → Not feasible for online updates.
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Off-road Perception Datasets: RELLIS-3D [1] and GOOSE¹ [2].

Model Architectures:
2D → SegFormer [3] (Transformer-based).
3D → MinkUNet [4] (Sparse 3D Convolutions).

Fusion Strategy: PointPainting [5], i.e., projecting 2D class probabilities onto
the 3D point cloud using our estimated extrinsics.

Metrics: mean Intersection over Union (mIoU).

¹ Evaluated on validation set.

Online calibration: Optimizing latency and computational overhead to enable
continuous extrinsic correction during field operation.

Fusion strategies: Exploring the impact of semantic-driven alignment across a
broader range of RGB-LiDAR fusion strategies.

Environmental robustness: Evaluating alignment stability under adverse
conditions, such as low-light, dust, smoke, or adverse weather.
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Overcoming geometric scarcity → In unstructured environments where geometric
primitives are scarce, our semantic-driven alignment boosts mIoU by +2.5% mIoU
on RELLIS, +0.3% on GOOSE-12, and +0.9% on GOOSE-64.

Semantic consistency and class imbalance → CLIP and frequency-based weighting
yield mIoU gains of +0.3% on RELLIS and GOOSE-12, and +0.7% on GOOSE-64.

Sensor fusion impact →  The full pipeline achieves cumulative mIoU improvements
of +4.4% (RELLIS), +1.1% (GOOSE-12), and +1.6% (GOOSE-64) over LiDAR-only
baseline.
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