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System Architecture - Obstacle Detection
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Obstacle Detection
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System Architecture - Fault Detection and Criticality
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Fault Criticality

maz a2
—a, 3

Existence Region P(2) Air Taxi Position
For Obstacle

B®
:

e Object
E(0) ¢ OAT

L Y -

2006. Research on trajectory planning in emergency situations with multiple objects. In 2006 IEEE Intelligent Transportation Systems Conference. Schmidt, et al.

2021. Risk ranked recall: Collision safety metric for object detection systems in autonomous vehicles. In 2021 10th Mediterranean Conference on Embedded Computing.

Ayoosh Bansal, Jayati Singh, Micaela Verucchi, Marco Caccamo, and Lui Sha.




System Architecture - Override
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System Architecture - Control
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Safety Envelope
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Safety Envelope - Computation Delay
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Dynamic Confirmation - Sliding Window

F{ 451421 6 | 5 | 3.8 }=3.8 F{ 46|45 444342 }=4-2
4 4.6 3.8 4.1
Real Time Adaptation Slow Recovery
Immediate Response to Controlled with Window Size

New Observed Worst-Case



Evaluation Scenario
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Evaluation Setup
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No Obstacles
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Obstacle in Path
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Limitations and Future Work
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