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1 Motivation

ANYmal [3] fails to accurately estimate the support surface when the
robot moves through dense vegetation, reducing the effectiveness of
locomotion and planning. We aim to use a learning-based approach
to filter these corrupted measurements building on existing work in
learning-based terrain estimation [2, 4].

Figure 1: Degradation of the support surface estimate when traversing through vegetation.

2 Approach

We formulate support surface estimation as a supervised learning
problem, where the inputs are colored point clouds. The colors in
the point clouds provide the semantic cues to the estimator. The
training targets are obtained by leveraging hindsight knowledge of
where ANYmal walked to obtain ground-truths from the feet contacts.
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Figure 2: The proposed learing-based estimator pipeline.

3 Data Preparation

Network Inputs: Combine measurements from several lidars and

color their points by projection to RGB images from onboard cameras.
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Figure 3: Colored point cloud measurement inputs to the estimator.

Training Targets: Support surface measurements from feet contacts

are interpolated via Gaussian Process to give denser training targets.
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Figure 4: Training targets from feet contact locations.

4 Learning Setup

Network Architecture: The estimator is a 3D convolutional encoder-
decoder based on [2]. For efficient processing of 3D data, all quantities
are represented as sparse tensors and processed via the Minkow-
skiEngine [1]. Thus, the inputs point clouds are voxelized before being
consumed by the network.

A sequence of measurements are processed in an autoregressive
manner where the previous estimate is used for the current prediction.
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Figure 5: Network architecture.

Loss Masking: The loss must be masked such that the network can
only learn from the data where the support surface targets exist.

For this purpose, we purpose a novel masking function for sparse
tensors based on kernel maps.

Figure 6: Loss masking visualization.

5 Results

Qualitative results for the estimated support surface in an example of
environment with dense vegetation.
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Figure 7: Example support surface estimate result from colored point cloud input.
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6 Conclusion

The method is a promising solution and it should be further validated
In terms of generalization on higher number of trajectories. Further,
the algorithm must be tested in the real environment.
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