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How to make AVs that can successfully coexist with humans
(and improve human traffic safety at the same time)?
- By developing high-fidelity models of human road user interaction

What kinds of models?
- Conceptual, cognitive, and machine-learned models



AV deployment: two main risks UN.VERS.TYOFLE!E

Human frustration

Human injury subtleties of local interactions

near-crashes
crashes



Human-human interaction failures in crashes
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(Ljung Aust et al., 2012,

Acc Anal Prev)
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|Low sun (1)

Gaze allocation inside
vehicle towards non
DRE other than the CE

(1)

Gaze allocation
outside vehicle
towards non DRE
other than the CE (1)

Taking part in
conversation (1)

Mind off critical event
- wayfinding (1)

-

(Habibovic et al., 2013, Acc Anal Prev)
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Why high-fidelity models of "R
human interactions for AVs? € pp === R |
TO make o _ Edge Drivable Road -_---:Risk-based Ialteral offset boundary

erved Trajectory icted Positior

e ... AVs drive like humans?

e ... online AV predictions
about human behaviour

* ... agents for virtual
environments, for
simulated AV testing

Real

Also clear applied uses in
human traffic safety...
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Machine-learned (data-driven) models

b) Local Observation Modules

ooooo

GRU Jxr
1 /| Context c) Joint Behavior Module

* Achieve realistic-looking routine traffic ... =, = ;;’:; & o
. - - smin ricke” W g F ‘\\f“ B3
Challenges in relation to "main risks™ " . = ~ |4

S il By
« Human behaviour in (near-)crashes |

Very rare in any real-traffic dataset e Swerve

 Human behaviour in local interactions
How do we know models are capturing
the important subtleties?

> Complement with Insight into how mechanisms generalise
- conceptual models Vodel Controlled
- cognitive models ode experiment
-1
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Conceptual
models

Cognitive Machine-learned
models models
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What is “interaction”?
What behaviours do human road
users exhibit in interactions?

Conceptual « What factors shape these
models behaviours, and how?
¢ .7
Cognitive Machine-learned
models models
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Traffic conflict/safety Sociological

o _ _ perspectives perspectives
Defining interaction Game-theoretic Comriigations
perspectives INGRENCS
perspectives
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.0..'3. ........ D ‘:lCP ............ ._{:]o*m?wcp ~$HP-C o _

O s - P s SO O S Collision avoidance, order of access,

....... OoP . . . . . .
- [ reciprocity, coordination, communication

00 000000000000 fewgy

®) . | Space-sharing conflict: An observable situation from which it can be reasonably inferred
o v o>

/ t that two or more road users are intending to occupy the same region of space at the same time
Obstructed path Merging paths Crossing path n ThE near future.

o7

(OP) (MP) (CP) head-on paths head-on paths
(UHP) (CHP)

Interaction: A situation where the behaviour of at least two road users can be interpreted as
being influenced by a space-sharing conflict between the road users.

(Markkula et al., 2020,
Theor Iss Erg Sci; link)
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https://www.tandfonline.com/doi/full/10.1080/1463922X.2020.1736686

Human behaviour In interactions

A-S

(appreciation-
signalling)

HAV projecting lights/symbols to
convey gratitude to other vehicles

Driver accelerating sharply after

. . o ) Pedestrian staring at car to
interaction to indicate frustration

indicate frustration

Pedestrian allocating gaze to car
to indicate desire to cross the road

Pedestrian looking at HAV to
understand its intentions

; 3 |
FedEsianRing domesa foed k. | Driver advancing into intersection

Pedestrian adapting o get a better view

4 M i A b trajectory to yield to HAV

5
f achlevmg) B P Pedestrian speeding up
N : towards zebra crossing

P-S

(movement- £ (perception-
signalling) 7 signalling)

) ‘ 4

M-R / P=-R
(Markkula et al., 2020,

(movement- ‘ (perception- _
requesting) requesting) Theor Iss Erg Sci)
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4 ( mov /menL \"-; Driver using turn indicators ‘\
x
A taey V
Driver flashing headlights %/
at slow lead vehicle

| Pedestrian turning toward car
,,,,,,, --"*to indicate awareness of it

NY) .—/’/’l Seeking eye contact
Lt ol P-S

\‘ HAV showing eHMI to indicate
awareness of pedestrian

P-R
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Human behaviour In interactions

convey gratitude to other vehicles

— Driver accelerating sharply after

. . indi ; . Pedestrian staring at car to
N \ interaction to indicate frustration indicate frustration
N\ 5 s

Pedestrian allocating gaze to car
[ \ to indicate desire to cross the road

Pedestrian looking at HAV to
understand its intentions

\ : g i

; FedEsianRing domesa foed b, { Driver advancing into intersection
Ao get a better view

| Pedestrian turning toward car
___.---=""*to indicate awareness of it

//,.‘ Seeking eye contact
P-S

Pedestrian adapting
trajectory to yield to HAV

Driver using turn indicators

Pedestrian speeding up :
towards zebra crossing -f xtq VN \‘ HAV showing eHMI to indicate

Driver flashing headlights awareness of pedestrian

at slow lead vehicle M-R PR
Implicit communication
See also:
Domeyer et al. (2020, IEEE Access)
/ (Markkula et al., 2020, Thalya et al. (2020, Proc TRA)
\\ /[ Theor Iss Erg Sci)
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How to...
 Model both routine
and near-crash

Interactions? Conceptual
« Leverage insights
from cognitive models

(neuro-)science?

« Test/parameterise?
¢ ...7

Cognitive Machine-learned
models models
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Framework for routine and near-crash driving

]
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Routine driving
Closed-loop
Short delays

Well-adjusted control

2021-09-29

Near-crash driving
Open-loop
Long, random delays

Under- and overreactions
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Explains behavioural (and neural) responses
IN routine + near-crash situations
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Brake response time (s)
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Generalising to road user
Interactions

Sensory Perceptual Action
input decisions decisions
| can
T = Tpass } make it \
\

daCross

before @.\ :
the car ¢ lam
.z crossing > CT
~ Ustop 4 now
The car is @/
stopping

for me

preprint link
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https://psyarxiv.com/f2wsa/

Variable-drift diffusion model
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Sensory
threshold

TTA

TTA Change Distance

eHMI

Perceptual system
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Share crossed

Evidence
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Impact of deceleration

and eHMI

Init. TTA 2.0 s Init. TTA 3.0 s

Init. TTA 4.0 s Init. TTA 5.0 s
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Init speed 15.6 m/s
Share crossed

5 10 0 5 10
Time (s)

Time (seconds)
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Predicting AV
Interaction efficiency
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Mean predicted pedestrian time savings (s)
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Beyond single decisions | % - e —
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What model assumptions are needed to
achieve what behavioural phenomena?
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* Do they generalise to near-
crash situations?

« Can we improve them using
(insights from) cognitive

Conceptual models?
* Do the models behave like
mOdels humans in the “important
ways”?
¢ ...7
Cognitive Machine-learned
models models
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CSP-LSTM prediction of highway driving S i

=h
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%

- Evaluation Prediction C-VGMM GAIL-GRU

Metric horizon (s) CcV +VIM [6] [13] V-LSTM S-LSTM CS-LSTM CS-LSTM(M)

1 0.73 0.66 0.69 0.68 0.65 0.61 0.62

2 1.78 1.56 1.51 1.65 1.31 1.27 1.29

R?:LE‘;E 3 3.13 2.75 2.55 291 2.16 2.09 2.13

4 4.78 4.24 3.65 4.46 3.25 3.10 3.20

5 6.68 5.99 4.71 6.27 4.55 4.37 4.52

1 3.72 2.02 - 1.17 1.01 0.89 0.58

2 5.37 3.63 - 2.85 2.49 2.43 2.14

NLL 3 6.40 4.62 - 3.80 3.36 3.30 3.03

4 7.16 5.35 - 4 .48 4.01 3.97 3.68

(USDOT FHWA, 2016, 5 7.76 5.93 ; 4.99 4.54 451 4.22

NGSIM dataset)
(Deo and Trivedi, 2018, CVPR)
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Kinematical lead/lag and order of access
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Percentage of leading agent passing first

US101 - Naturalistic data - Kinematically leading agent behaviour
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US101 - CSP-LSTM - Kinematically leading agent behaviour
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https://arxiv.org/abs/2104.10496

Courtesy lane changes
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Highway vehicle

Aggregate percentage of lane change
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Lane change

US101 Highway CSP LSTM lane changes - outermost lane
3 second trajectories of highway vehicles before merging
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Safe and acceptable AVs — and improved human traffic safety —
requires complementary models of different types

Terminology/taxonomy

Conceptual Describing the behavioural
models phenomena
Constrained scenarios
Underlying mechanisms
Cognitive Machine-learned Unconstrained scenarios

models models ML-behavioural science?
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Thanks for listening!



