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Previous work developed the driver model used here [1][2].

Model prediction accuracy comparison over dataset size.
The model is based on the following elements:

Learnt internal model of vehicle dynamics, capturing confidence in .| [1][3] Performance of human partici-
predictions, here GP or BNN; pant in experiment with repeated elk
= /
State estimation, with Extended Kalman Filter (EKF); P // | test maneuvers (see maneuver layout
: . e & / to left). Run number indicated by in-
Uncertainty-aware Model Predictive Control (MPC). ,, zGe (m) £ o, o | . . _ .
a O cQ y, creasing marker size. Driver learning
/ .
- ~ z 05l O /8 . | apparent as both metrics improve
i Data noise _ //Q@ and behavior seen in run-to-run vari-
_ Memory of prior Target o— /4 T ability and trade-off in prioritisation
Data‘ Noise experience path RMS handwheel vel / rad/s between metrics. This participant
Filter I\ ) was adventurous with high run-to-run variability and often high con-
+ T Dataset of prior trol effort (RMS steering velocity).
@ experience
+
Predicted current state A 4 Optimisation
Planned control action | | continues 6 :
SEI’ISOFV noise Selected Representative Runs
v v | Optimisation | e BNN Py BNN (50k low-
converged/ = 5 noise data points)
Cost Function halted £ o GP X  Exact
*;@ State Learned Internal . L T, c .
——* T 2 (Uncertainty- |_—» Optimisation > 2,
State, + 2 2| Estimation |2 & Model = 3 5 9 Control 5 °
] = @ - rt — [ hrd
33 - 7 8 aware) c . =)
Zj | 2 S =2 o action, 9; S o o
g = y < = o 3- N0t \
™ ® =1 s S @
E \
o - ~y
S . |0.5- % ® | |\ °
. © 2- 0
Cost Function A — o —1 °\
Sum over E 5 \ @
timesteps to
prediction Lateral path Yaw path Constraint I nte r n a I M O d e I FO r m at o 1 - o—o._' °
horizon error error enforcement O Q%
. A A .
it ¢ — W = Gaussian Process =
C =3[, Ely; — )3+ woB(0; — 6)° + ekl ey = )] | | 0 . . . . .
j=i Non-parametric method for system learning. 0 2 4 6 8 10 12
: = : L : T RMS Steering Velocity (r
—|—[w5]E(5j)2]+[z1;5E(()j)2]—|— [wUVar(yj)]] Assumes all samples will follow a multivariate Gaussian distribution 5 Steering Velocity (rad/s)
> — L with covariance determined by a specified kernel function with .
Steering Steering second Prediction Driver model performance over 12 repeats of an elk test maneuver.
rate derivative variance learnt hyperparameters [5].
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Predictions can be specified to observed driver characteristics: Parametric neural network method for system learning. ©
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Human Learning
In human control of a system, learning behaviour can be observed GP VS. BN N COmpa rison
when repeat actions are analysed. In skilled tasks, such as path follow- : :
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