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Safety Assurances of Visual Controllers

e Vision-based controllers are widely used in robotic applications. However, these controllers undergo closed-loop
system safety violations when integrated in real-world safety-critical applications.

e We need a method to detect and mitigate these failures at runtime in novel environments.

Safe
- Unsafe “
Hamilton-Jacobi
. Reachabilty
Simulator BRT Labelled Anomaly
Dataset Dettlactor
[ONLINE] [ Callk J
T — Anomaly ?
Default
Visual Anomaly Controller

Observation Detector
[Gupta 2024]


https://aryamangupta.site/

Find my research at https://aryvamangupta.site/

Safety Assurances of Visual Controllers

Safety 5.0
A /Detection ’
ic) Y m =

25 . S 494 =
2| ~u . \ <
Q. 2 Sac \ E
N\ 9 =~

AN ] 4.89
° z
N 4 p-— .a
- Time(s) > 4.83 Tc.)
él%%FailureeFaleack Controller =

1’: - /gﬁr\
=

\
|

I
|
|
|
I
Success Q |
I

I

I

I

1

I

g 4.78
L1 473
X-Plane Simulator /// Anomaly
J  Detector
Safety Pipeline
e  Published and Presented in “ICRA 2024”.
e  Extensions: n
o  Parameterized NRTs instead of BRTs R(m)
] .. (c) (e)
o  Coverage Guarantees using Conformal Prediction - . o .
.. . . Fig.(a,b) Aircraft Trajectories under perception controller(black) and
o Additional Baselines and Fallback Mechanisms safety pipeline(red), Fig.(c) BRT comparison showing decrease in
PY Submitted to IEEE T-RO. failure volume, Fig.(d,e) Failures due to runway boundary and markings
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Docking Mechanism for VTOL-UAVs on Offshore Platforms

Deep-RL based docking mechanism for UAVs on offshore charging platforms having hydrodynamic disturbances.

e  Formulated the reward function to land precisely
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Table 1: Performance Comparison of Trained Agents § 4 a0 .
Agent Impact Velocity(m/s) Landing Time(s) Inference Time(ms) * 2
PPO 0.327 4.9 6.788 30 0 K;‘ L |
DQN 0.820 5.4 9.854 |
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Fig.(a) Comparison between number of time-steps needed to land, Fig.(b) PPO agent loss, Fig.(c) DQN
agents loss, Fig.(d) DQN agents reward, Fig.(e) PPO agent reward, Fig.(f) Final height achieved by DQN
and PPO agents. Shaded parts in all figures represent the standard deviation of the moving average.
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