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� ML has problems...

I Large amount of training data required

I Incompleteness of training data

I Differences in training and operational data/platform

I Noise in training data

I Uncertainty about what has been learnt

I Wear-and-tear of hardware/software

Traditional software testing approaches are not applicable
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) What has been done till now?

I Rule extraction from Neural Networks, e.g. DeepRed [ZMJ16]

I Visualization of Neural Networks’ results

I Train-Test-Validation split of data

I Automated Testing and Test Case Generation, e.g. DeepTest [TPJR18], Sim-ATAV [TFIK18]

But the focus on testing the trained system before deploying!
How about MONITORING the operational-time performance of the system?
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� Crash Predication Network
Proposed Approach

Input Features:

I Output of Perception module
I Planned trajectory of the ego vehicle
I Predicted/Intended (via V2V) trajectory of

obstacles
I Number/Severity of previous crashes of the ego
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Figure: Block diagram for training for Crash Prediction Network
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� Crash Predication Network
Proposed Approach

Pros:

I “Informed” decisions - multiple data sources
I Allows smoother transition from human drivers to

fully autonomous driving
I Generalizable and scalable

Cons:

I Requires handling data from multiple modalities
I Considerations for sensor failures
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Figure: Block diagram for operation of Crash Prediction Network
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� Crash Predication Network
Proposed Approach

Research Questions:

I Does Bayesian Deep Learning provide a ‘better’ performance?
I Which different sources of information to use as input to the Crash Prediction Network?
I How to be robust against sensor/component failures or missing data?
I How well can an ML-based solution ‘supervise’ another ML-based solution?
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ÿConclusion
Summary

I Safety is one of the barriers for Autonomous Vehicles

I Traditional Safety Techniques not sufficient

I Monitoring approaches - like Crash Prediction Network - could help

Thank You.
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