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``We know that a lot of the brain has an internal neural simulator”We know that a lot of the brain has an internal neural simulator …  
“to anticipate or predict the future for a given a input”

Eric Kandel (Charlie Rose interview, 2008) 
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Research GoalsResearch Goals
Provably Safe and Adaptive Autonomy 
Quantifying Uncertainties (Human and Environment)
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Quantifying Uncertainties: Driver Models Quantifying Uncertainties: Driver Models 
Objective: Exploit real‐time driver state (joint angles) 
detection to extract compatible set of trajectories

Methodology: 
1‐Stereo cameras for 3D reconstruction of the scene

2‐ Articulated tracking, use body sensor network for validation



RealReal‐‐Time 3D Reconstruction and the Time 3D Reconstruction and the 
Middlebury Stereovision DatasetMiddlebury Stereovision DatasetMiddlebury Stereovision DatasetMiddlebury Stereovision Dataset



RealReal‐‐Time 3d Reconstruction DriverTime 3d Reconstruction Driver
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``Predictive Control”: Borrelli, Bemporad Morari
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Main Limitation: RealMain Limitation: Real‐‐Time ComputationTime Computation

• PWA Model
www.mpc.berkeley.edu

• One‐step robust controllable set

‐For linear (A,B) system:
For linear systems result is polytope‐For linear systems, result is polytope
‐For PWA systems, result is union of polytopes

Process Industry
4Ghz 1 Terabyte

Automotive
50Mh 2 Mb t4Ghz,  1 Terabyte 50Mhz, 2 Mbytes



Safe Control Design Through Safe Control Design Through 
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:   k‐step controllable set for “True” System when control law p y
designed for simplified system is applied.



2D Example2D Example
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Assume constant:

PWA approximation of Pacejka tire model



2D Example 2D Example –– Robust Set ComputationRobust Set Computation
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From 2From 2‐‐D to 12D to 12‐‐D ExampleD Example
Experimental results @ 72Experimental results @ 72 KphKph on Iceon IceExperimental results @ 72 Experimental results @ 72 KphKph on Iceon Ice



Conclusions/OutlookConclusions/Outlook

• Developing concept and methods for

Provably Safe Adaptive Autonomy

– Quantifying uncertainties in 

•Vehicle/Road Interaction 

•Human/Car Interaction

– Real‐time Computation of Controllable Sets p
with different level of granularity
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