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Introduction Methods

Fig. 2: Graph of LIiDAR

detection in resource-constrained scenarios via
sparse 1D LIDAR input.

e We aim to use LIDAR and spatial projections to
detect obstacles within new environments via
deep learning.

e As proof of concept, we utilize obstacle detection
In a simple obstacle avoidance algorithm.
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e Our simulation® uses keyboard exploration of maps with obstacles. We simulate LiDAR by projecting rays from the
robot over a span of 360°. We generate a binary label array indicating obstacle presence using trigonometry (Fig. 1, 2).
e We implement a Truncated Signed Distance Function (TSDF) to create a spatial representation of the LiDAR (Fig. 3).
Pathing: We simulate exploration by generating random actions for the robot (left, right, or forward). As the robot
travels, we filter out actions that would result in collisions by checking if the robot’s heading would fall in the direction
of an obstacle based on the ResNet prediction and verifying the distance to the obstacle with the LiDAR scan.
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78.67% accuracy (Fig. 11).
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e The pathing algorithm was successful in obstacle avoidance, as no collisions occurred. However,
because it was based on filtering out randomly generated actions, it was not very efficient at exploring
the whole map. Even after 700 actions, some parts of the map were still unexplored.

Future Directions:
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