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The goal of this project is to develop motion planning and control algorithms, along with safety architectures for autonomous Cyber-Physical
Systems like Autonomous Vehicles. This will enhance their safety in complex environments and improve their response to unforeseen events.
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Scenario Retrieval
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Released in #ROS2 and 72 NUSCENES formats

Sensors
* 3 Solid State LiDARs (Luminar)
* 6 Cameras (Allied Vision)
* 3 Radars (Aptiv)
* 2 RTK GNSS Receivers (Novatel)
* 1-2 cm level accuracy
* Built in IMUs

360° FoV \ Y T | 7 ' 2x RTK GNSS

2nd Autonomous Racing Workshop at [CRA22
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Scenario Track  Description Speeds
[January 2022, 2023] S1 LVMS  Solo Slow Lap < 70 mph
So LVMS  Solo Slow Lap 70-100 mph
S3 LVMS  Solo Fast Lap 100-140 mph
T Sy LVMS  Solo Fast Lap > 140 mph
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