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Promise of Automated Vehicles (AVs)

• >1M lives lost each year due to traffic 
crashes 
• Aim to eliminate crashes by replacing 

human drivers
• >$100B invested in the AV dream
• Will save 600k lives and $230B in 

economic costs by 2045
• AV future just around the corner…

Sources: NHTSA, Brookings, Strategy Analytics
Image: Freepik
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Reality Check

Images: Vox, Associated Press, Wall Street Journal, The Verge, Tech Times 
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94% of all crashes caused by human error.

A Well-Known Statistic
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94% of all crashes caused by human error.

A Well-Known Statistic?
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What the NHTSA report actually says...

“The critical reason was assigned to drivers in an estimated 2,046,000 
crashes that comprise 94 percent of the NMVCCS crashes at the national 
level. However, in none of these cases was the assignment intended to 

blame the driver for causing the crash.”
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What the NHTSA report actually says...

“The critical reason was assigned to drivers in an estimated 2,046,000 
crashes that comprise 94 percent of the NMVCCS crashes at the national 
level. However, in none of these cases was the assignment intended to 

blame the driver for causing the crash.”

If not human error, what causes these crashes?
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Why do Crashes Occur?
• Vehicle Failure
• Steering, braking, wheel defects
• 1% of all crashes [1]

• Overt Driver Error 
• Drunk, Speeding, Traffic Violation
• <60% of all crashes [1, 2]

• (Seemingly) Rational Driving
• Occlusions, misjudging behavior
• Uncertainty about state/behavior of 

neighboring vehicles

Information Gap!
Source: [1] NHTSA 2019
[2] Phil Koopman, Safe Autonomy Blog. 
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A Taxonomy of Crashes

All Crashes

Vehicle Failure Overt Driver Error Info Gap

§ Better Auto tech 
will eliminate 

§ Better AV tech will 
eliminate ?
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Information Gap

• Our safety depends on positions 
and actions of neighboring vehicles 
• If perfectly observed, AV can hope 

to be safe – a technology problem
• Partially observed in typical traffic 

scenarios
• Occlusions - partial state
• Behavior Prediction – only current 

action observed
Merging – Behavior Uncertainty
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How can an AV be safe?
• Statistical techniques on partial observations to estimate state/action [1-3] 

• Can reduce crash probability but cannot guarantee safety 

• Worst case safety
• Mobileye’s RSS Framework [4]
• Robust to worst case across all possible states and reasonable behaviors – guaranteed 

safety

• Bridge information gap
• I2V/V2V communication [5]
• (Most) AVs do not use this – only rely on within vehicle sensing

Source: [1] Sadigh et al., Planning for autonomous cars that leverage effects on human actions; [2] Yu et al., Occlusion-aware risk assessment for autonomous driving in urban 
environments,  [3] Schmerling et al., Multimodal probabilistic model-based planning for human-robot interaction;  [4] Shashua et al., On a formal model for safe, scalable self 
driving cars; [5] Grembek et al., Making intersections safer with I2V communication
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The Holy Grail of Full Autonomy

Most AV companies do not rely on 
vehicle-to-vehicle (V2V) or 
infrastructure-to-vehicle (I2V) 
communication:

• Can deploy faster
• Cost effective
• Avoid security vulnerabilities due 

to malicious agents
• Humans don’t need it, why should 

AVs?

Source: https://www.digi.com/blog/post/what-is-connected-vehicle-technology-and-use-cases
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Our Central Thesis

I2V/V2V communication is crucial
for ensuring that AVs avoid crashes 
due to information gaps

• Worst case safety: too strict
• AV cannot make left-turns or merge 

into traffic
• Estimation from partial 

observations
• Cannot guarantee safety even 

allowing for small crash probability
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An Information Gap Crash

Source: YouTube
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Left Turn under Occlusion

CZ

Wants to make 
left turn
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Left Turn under Occlusion

CZ

Has Right of 
Way

Wants to make 
left turn
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Left Turn under Occlusion

CZ

Has Right of 
Way

Wants to make 
left turn

Queued up 
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Left Turn under Occlusion

CZ

Occlusion!
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Left Turn under Occlusion

CZ

Sees the turning 
car, brakes!

Brakes!
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Left Turn under Occlusion

Too late…
Collision!
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Can an AV avoid this fate?

CZ
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Can an AV avoid this fate?

Uber AV Crash in Tempe, AZ 
(March 2017) 

Source: Atlantic https://www.theatlantic.com/technology/archive/2018/03/can-you-sue-a-robocar/556007/

CZ
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Can an AV avoid this fate?

CZ

Assumptions

§ AV (Yellow) has perfect 
sensing/perception capabilities – can 
“see” perfectly in its field of view

§ Blue cars are human driven (HV) 
⎯ follow traffic rules
⎯ no overt errors
⎯ best reaction time

§ HV will go at its original speed until it 
sees the AV – attempts to brake to a 
stop 

HV

AV
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Can an AV avoid this fate?

Source: Atlantic https://www.theatlantic.com/technology/archive/2018/03/can-you-sue-a-robocar/556007/

CZ

§ What can the AV do to avoid crash?
⎯ Not much once it decides to turn: too 

close to CZ to stop in time
§ AV can only be safe if it turns when HV is 

far enough from CZ or it is slow enough 
§ But, AV doesn’t know HV’s position or 

speed while deciding to turn!

HV

AV
Information Gap!
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Safety despite Information Gap

Source: Atlantic https://www.theatlantic.com/technology/archive/2018/03/can-you-sue-a-robocar/556007/

CZ

§ Worst Case Safety 
§ Estimation from Partial Observations

HV

AV
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Worst Case Safety

CZ

HV

AV

§Worst case: HV at the edge of AV’s 
occluded field of view

§How slow should the HV be to stop 
in time?

⎯ HV’s speed must be <17 mph
§Typical speed limit – 30 mph

AV cannot make left turn if it wants to 
be worst-case safe! 
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Estimation from Partial Observations

CZ

§ Suppose AV is willing to accept a low  
crash probability

§ Information Gap: HV’s Position and 
Speed 

§ Partial Observation: AV observes HV 
flow while it waits to turn

§ How can the AV use this information?

HV

AV
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Estimation from Partial Observations

CZ

§ Model for HVs – Poisson arrivals with 
rate λ at 25 mph

§ AV does not know λ but can estimate 
by observing HV flow

HV

AV Low λHigh λ
Do not Turn Turn

AV’s Decision:
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Estimation from Partial Observations

CZ

§ Formulate this as a hypothesis testing 
problem for the AV 

HV

AV

H1: Low λH0: High λ
Do not Turn Turn

How long does the AV need to wait to 
be confident enough to turn?
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Estimation from Partial Observations

CZ

§ Formulate this as a hypothesis testing 
problem for the AV 

HV

AV

H1: Low λH0: High λ
Do not Turn Turn

How long does the AV need to wait to 
be confident enough to turn?

AV would have to wait >7 min!
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Common Information Gap Scenarios

Merging

Occluded Turns Traffic Violations

(Behavior)

(State) (State + Behavior)32



Connectivity is Crucial

CZ

HV

AV

§ No information gap if AV uses I2V 
connectivity 

§ A sensor placed 50 m away from 
intersection could alert the AV about 
a potential collision

⎯ This technology is already available!

Connectivity is a prerequisite for a 
safe AV future.
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Risk Assessment of Automated Vehicles

34



AV Testing Approaches
• Testing via Simulation
• Simulator is only an approximation

• Closed Course Testing
• Covers only a small subset of all real-

world scenarios
• On-road Testing
• Gold standard
• Millions of miles covered by major AV 

companies
• Compare human and AV crashes per 

mile?

Images: Business Insider, Waymo

Human crash rate: 1 every 500K miles
35



Metrics can be Misleading

• Crashes per mile doesn’t take into 
account maneuvers, locations, road 
conditions, vehicle/pedestrian behavior
• Varies significantly based on maneuver: 
• Left turn crashes 170 times as likely as 

crashes while maintaining lane (per mile)

• AVs have only been tested in limited 
domains – performance may not 
generalize to all contexts
• Can create a false sense of security

Human crash rate: 1 every 
500K miles

Left turn crash rate:
1 every 91K “left turn” miles

Maintaining lane crash rate:
1 every 1.6M “maintaining lane” 
miles
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Not all miles driven are equal

Risk assessment must take into account the context in 
which miles were driven 

Images: Dreamstime, UCLA Health
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Not all miles driven are equal

How should we account for diversity of driving contexts?
Images: AMA Insider, CarTrade,  LA Magazine,  Shutterstock, BBC
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Driving Context
Driving context: description of driving 
scenario based on factors that influence 
crash risk
• Eg., maneuver, location, traffic density, time 

of day, road user behavior

Can be described at various levels:
• No context: AV covers 100 ft
• Maneuver level: AV makes a left turn
• (Maneuver, location, time of day) level: A 

northbound AV on Hawthorne Blvd makes a 
left turn on to westbound Sepulveda Blvd 
during morning peak hour trafficLeft turn on Hawthorne Blvd and 

Sepulveda Blvd 39



Driving Context 
• The more descriptive the driving 

context:
• more specific risk assessment
• lesser data available for assessment

• Suitable level of abstraction required 
to capture driving diversity in risk 
assessment

Left turn on Hawthorne Blvd and 
Sepulveda Blvd 40



Driving Context 
• The more descriptive the driving 

context:
• more specific risk assessment
• lesser data available for assessment

• Suitable level of abstraction required 
to capture driving diversity in risk 
assessment

Left turn on Hawthorne Blvd and 
Sepulveda Blvd 

What safety metrics follow from considering 
driving context? 

No Context Crashes per 
mile
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Maneuver Level Crash Analysis
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A Simple Maneuver-level Crash Risk Model

Cm ⇠ Bin(Nm, pm)
<latexit sha1_base64="Jd9mos+RyNko2JghqbAtjHJckpY=">AAACCHicbVDLSgMxFM3UV62vUZcuDBahgpSZKuiytBtXUsE+oB2GTJq2oUlmSDJCGbp046+4caGIWz/BnX9jpp2Fth5IOJxzL/feE0SMKu0431ZuZXVtfSO/Wdja3tnds/cPWiqMJSZNHLJQdgKkCKOCNDXVjHQiSRAPGGkH43rqtx+IVDQU93oSEY+joaADipE2km8f130Oe4qajyM9kjypUTEt3fr8HEY+P/PtolN2ZoDLxM1IEWRo+PZXrx/imBOhMUNKdV0n0l6CpKaYkWmhFysSITxGQ9I1VCBOlJfMDpnCU6P04SCU5gkNZ+rvjgRxpSY8MJXptmrRS8X/vG6sB9deQkUUayLwfNAgZlCHME0F9qkkWLOJIQhLanaFeIQkwtpkVzAhuIsnL5NWpexelCt3l8VqLYsjD47ACSgBF1yBKrgBDdAEGDyCZ/AK3qwn68V6tz7mpTkr6zkEf2B9/gAfz5jC</latexit>

p̂m =
Cm

Nm
<latexit sha1_base64="2wImaNu5toxVKQm25Ybr1OA+VL4=">AAACBHicbVDLSgMxFM34rPU16rKbYBFclZkq6EYoduNKKtgHdIYhk2ba0CQzJBmhDLNw46+4caGIWz/CnX9j2s5CWw/cy+Gce0nuCRNGlXacb2tldW19Y7O0Vd7e2d3btw8OOypOJSZtHLNY9kKkCKOCtDXVjPQSSRAPGemG4+bU7z4QqWgs7vUkIT5HQ0EjipE2UmBXvBHSWZIHHF5BL5IIZ82A59mtaYFddWrODHCZuAWpggKtwP7yBjFOOREaM6RU33US7WdIaooZycteqkiC8BgNSd9QgThRfjY7IocnRhnAKJamhIYz9fdGhrhSEx6aSY70SC16U/E/r5/q6NLPqEhSTQSePxSlDOoYThOBAyoJ1mxiCMKSmr9CPEImCW1yK5sQ3MWTl0mnXnPPavW782rjuoijBCrgGJwCF1yABrgBLdAGGDyCZ/AK3qwn68V6tz7moytWsXME/sD6/AGkRpgY</latexit>

Total crashes 
involving 

maneuver

Frequency of 
maneuver

MLE estimate of crash 
probability during 
maneuver 

pm
<latexit sha1_base64="Ewmi4nmpurqsQkA0hG9gWoByAL8=">AAAB6nicbVBNSwMxEJ3Ur1q/qh69BIvgqexWQQ8eCl48VrQf0C4lm2bb0CS7JFmhLP0JXjwo4tVf5M1/Y9ruQVsfDDzem2FmXpgIbqznfaPC2vrG5lZxu7Szu7d/UD48apk41ZQ1aSxi3QmJYYIr1rTcCtZJNCMyFKwdjm9nfvuJacNj9WgnCQskGSoecUqskx6SvuyXK17VmwOvEj8nFcjR6Je/eoOYppIpSwUxput7iQ0yoi2ngk1LvdSwhNAxGbKuo4pIZoJsfuoUnzllgKNYu1IWz9XfExmRxkxk6DolsSOz7M3E/7xuaqPrIOMqSS1TdLEoSgW2MZ79jQdcM2rFxBFCNXe3YjoimlDr0im5EPzll1dJq1b1L6q1+8tK/SaPowgncArn4MMV1OEOGtAECkN4hld4QwK9oHf0sWgtoHzmGP4Aff4AWfCN0g==</latexit>

:  AV’s crash probability during maneuver type m
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How significant is the effect of driving 
maneuver on crash risk?

44



Leveraging Human Driving Data

• Do not have AV testing data
• Humans drive billions of miles every year across diverse driving contexts
• Data available:

• Police reported crashes
• Vehicle maneuver frequency (eg., left/right turns, lane changes)

• Provides a useful risk prior for regions in which AVs haven’t been tested

p̂m =
Cm

Nm
<latexit sha1_base64="2wImaNu5toxVKQm25Ybr1OA+VL4=">AAACBHicbVDLSgMxFM34rPU16rKbYBFclZkq6EYoduNKKtgHdIYhk2ba0CQzJBmhDLNw46+4caGIWz/CnX9j2s5CWw/cy+Gce0nuCRNGlXacb2tldW19Y7O0Vd7e2d3btw8OOypOJSZtHLNY9kKkCKOCtDXVjPQSSRAPGemG4+bU7z4QqWgs7vUkIT5HQ0EjipE2UmBXvBHSWZIHHF5BL5IIZ82A59mtaYFddWrODHCZuAWpggKtwP7yBjFOOREaM6RU33US7WdIaooZycteqkiC8BgNSd9QgThRfjY7IocnRhnAKJamhIYz9fdGhrhSEx6aSY70SC16U/E/r5/q6NLPqEhSTQSePxSlDOoYThOBAyoJ1mxiCMKSmr9CPEImCW1yK5sQ3MWTl0mnXnPPavW782rjuoijBCrgGJwCF1yABrgBLdAGGDyCZ/AK3qwn68V6tz7moytWsXME/sD6/AGkRpgY</latexit>

MLE estimate of crash 
probability during 
maneuver 

Police Reports

Connected Vehicle Data 
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Torrance Case Study

• 12.4 mile stretch of Pacific Coast 
Highway in Torrance, California
• Data available for 29 signalized 

intersections along this stretch

• Maneuver level frequency data 
from Wejo Ltd. and Sensys
Networks
• Crash data from police reports
• Can compute crash risk estimates 

for the average human driver

Images: Google Maps 
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Maneuver Level Crash Risk

• Maneuvers involved in highest 
number of crashes (maintaining 
lane) do not have the highest 
crash probability (left turn)
• Significant variation in estimated 

crash probability across 
maneuvers

Left Turn

Right Turn

Crossin
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Changing Lane

Maintaining Lane
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Effect of Location

Crash risk varies considerably with location

Diamond Street Palos Verdes Boulevard

70 times larger!
p̂Dlt = 6.7⇥ 10�6

<latexit sha1_base64="Wg3xVgl5cYfk5dXUMcqY2f673iM=">AAACIHicbVDLSgMxFM3UV62vqks3wSK4scxUaV0oFHThsoJ9QGdaMmnahmYeJHeEMsynuPFX3LhQRHf6NWbaItp6IHByzr3ce48bCq7AND+NzNLyyupadj23sbm1vZPf3WuoIJKU1WkgAtlyiWKC+6wOHARrhZIRzxWs6Y6uUr95z6TigX8H45A5Hhn4vM8pAS118xV7SCAOk05sewSG0ouvk6T78xGQJPgSl4sVbAP3mMKW2YlPykk3XzCL5gR4kVgzUkAz1Lr5D7sX0MhjPlBBlGpbZghOTCRwKliSsyPFQkJHZMDamvpED3PiyYEJPtJKD/cDqZ8PeKL+7oiJp9TYc3Vluria91LxP68dQf/cibkfRsB8Oh3UjwSGAKdp4R6XjIIYa0Ko5HpXTIdEEgo605wOwZo/eZE0SkXrtFi6PStUL2ZxZNEBOkTHyEIVVEU3qIbqiKIH9IRe0KvxaDwbb8b7tDRjzHr20R8YX9/g86NL</latexit>

p̂Plt = 9.3⇥ 10�8
<latexit sha1_base64="1elwuIjBdQjxZwkKz5r3S1hDy1U=">AAACIHicbVDLSgMxFM3UV62vUZdugkVwY5lphVZQKLhxWcE+oNOWTJq2oZkHyR2hDPMpbvwVNy4U0Z1+jWk7iLYeCJyccy/33uOGgiuwrE8js7K6tr6R3cxtbe/s7pn7Bw0VRJKyOg1EIFsuUUxwn9WBg2CtUDLiuYI13fH11G/eM6l44N/BJGQdjwx9PuCUgJZ6ZtkZEYjDpBs7HoGR9OJakvR+PgKSBF/hi0IJO8A9prBtdeOzStIz81bBmgEvEzsleZSi1jM/nH5AI4/5QAVRqm1bIXRiIoFTwZKcEykWEjomQ9bW1Cd6WCeeHZjgE6308SCQ+vmAZ+rvjph4Sk08V1dOF1eL3lT8z2tHMKh0Yu6HETCfzgcNIoEhwNO0cJ9LRkFMNCFUcr0rpiMiCQWdaU6HYC+evEwaxYJdKhRvz/PVyzSOLDpCx+gU2aiMqugG1VAdUfSAntALejUejWfjzXifl2aMtOcQ/YHx9Q32XKNY</latexit>

Images: Google Maps 
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San Francisco Crash Risk

All Crashes Left Turn Crash Risk
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San Francisco Crash Risk

Left Turn Crash Risk Right Turn Crash Risk
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Route Risk

Images: Google Maps 
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Route Risk
A route can be viewed as a sequence of (maneuver, location) pairs

P (Crash along route R) = 1�⇧L
t=0(1� Pt),

⇡
X

t

p̂itmt

<latexit sha1_base64="Tew1hED31pzqb7LtpL362MXw0NE="></latexit>

R = {rt}Lt=0
<latexit sha1_base64="1jBloOTlDCxdd9nYehbjNkDI/h4=">AAAB/3icbVBNS8NAEN3Ur1q/ooIXL4tF8FSSKujBQsGLBw9VbCs0MWy2m3bp5oPdiVBiDv4VLx4U8erf8Oa/MWlz0NYHA4/3ZpiZ50aCKzCMb620sLi0vFJeraytb2xu6ds7HRXGkrI2DUUo71yimOABawMHwe4iyYjvCtZ1Rxe5331gUvEwuIVxxGyfDALucUogkxx97wY3sJVIB6zUSaBhpPfJVVpx9KpRMybA88QsSBUVaDn6l9UPaeyzAKggSvVMIwI7IRI4FSytWLFiEaEjMmC9jAbEZ8pOJven+DBT+tgLZVYB4In6eyIhvlJj3806fQJDNevl4n9eLwbvzE54EMXAAjpd5MUCQ4jzMHCfS0ZBjDNCqOTZrZgOiSQUssjyEMzZl+dJp14zj2v165Nq87yIo4z20QE6QiY6RU10iVqojSh6RM/oFb1pT9qL9q59TFtLWjGzi/5A+/wBmmOVLQ==</latexit>

rt = (mt, it)
<latexit sha1_base64="b2UDaABP5huPrCVDH3SV/PmHegg=">AAAB+XicbVBNS8NAEN3Ur1q/oh69LBahgpSkCnpQKHjxWMF+QBvCZrtpl242YXdSKKH/xIsHRbz6T7z5b9y2OWjrg4HHezPMzAsSwTU4zrdVWFvf2Nwqbpd2dvf2D+zDo5aOU0VZk8YiVp2AaCa4ZE3gIFgnUYxEgWDtYHQ/89tjpjSP5RNMEuZFZCB5yCkBI/m2rXzAd7gS+XCBuQ/nvl12qs4ceJW4OSmjHA3f/ur1Y5pGTAIVROuu6yTgZUQBp4JNS71Us4TQERmwrqGSREx72fzyKT4zSh+HsTIlAc/V3xMZibSeRIHpjAgM9bI3E//zuimEN17GZZICk3SxKEwFhhjPYsB9rhgFMTGEUMXNrZgOiSIUTFglE4K7/PIqadWq7mW19nhVrt/mcRTRCTpFFeSia1RHD6iBmoiiMXpGr+jNyqwX6936WLQWrHzmGP2B9fkDU2qSJA==</latexit>

Maneuver in 
tth step

Location in 
tth step

Sum of crash probabilities 
over all steps
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Route Risk

Route:
1. Left turn from Diamond St. onto PCH
2. Staying in lane between Diamond St. 

and Carnelian St
3. Going straight through the Carnelian 

St. intersection
4. Lane change leading up to Beryl St. 

intersection
5. Right turn from PCH onto Beryl St. 

Probability of crash during route: 
6.8 x 10-6 (Left turn crash probability at 
Diamond St = 6.7 x 10-6)

Diamond St to Beryl St on Pacific 
Coast Highway

Images: Google Maps 
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Economic Cost 
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<latexit sha1_base64="/ji8Utw1VgnClX0H05jckHzdN4g=">AAACAnicbZDLSsNAFIYn9VbrLepK3AwWwVVJqqALhYIILivYC7QhTKaTdujMJMxMhBKKG1/FjQtF3PoU7nwbJ2kW2vrDwMd/zuHM+YOYUaUd59sqLS2vrK6V1ysbm1vbO/buXltFicSkhSMWyW6AFGFUkJammpFuLAniASOdYHyd1TsPRCoaiXs9iYnH0VDQkGKkjeXbB/0R0unN1OfwCuYcZ0x87ttVp+bkgovgFlAFhZq+/dUfRDjhRGjMkFI914m1lyKpKWZkWuknisQIj9GQ9AwKxIny0vyEKTw2zgCGkTRPaJi7vydSxJWa8MB0cqRHar6Wmf/VeokOL7yUijjRRODZojBhUEcwywMOqCRYs4kBhCU1f4V4hCTC2qRWMSG48ycvQrtec09r9buzauOyiKMMDsEROAEuOAcNcAuaoAUweATP4BW8WU/Wi/VufcxaS1Yxsw/+yPr8AZCuluA=</latexit>

• Economic cost of maneuver type m 

Crash 
probability

Economic cost 
per crash

• Compare left and right turns:
• $100.8 per 1000 left turns vs 

$4.2 per 1000 right turns
• Explains why UPS routes do not 

involve left turns

Left turn crashes have the highest 
economic cost per maneuver
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Policy Implications

• Investment in Connected Infrastructure
• Can be expensive -> Public-private partnerships
• Cybersecurity research

• Safety metrics must account for diversity
• Disengagements per mile: perverse incentives

• More data disclosure necessary
• Types of maneuvers, environments
• How does performance generalize?

• Driving test for AVs?
• Phased deployment from “easy” to 

“difficult” ODDs

55



References

• A. S., M. Yu, A. Kurzhanskiy, O. Grembek, H. Tavafoghi, P. Varaiya, 
``Safety Challenges for Autonomous Vehicles in the Absence of 
Connectivity'', Transportation Research: Part C, 2021
• A. S., H. Tavafoghi, A. Kurzhanskiy, K. Poolla, P. Varaiya, ``Risk 

Assessment of Autonomous Vehicles across Diverse Driving Contexts’’,  
IEEE ITSC 2021
• A. S., H. Tavafoghi, A. Kurzhanskiy, K. Poolla, P. Varaiya, ``Automated 

Vehicle Safety and Deployment: Lessons from Human Crashes'',  IEEE 
ICCVE 2022

56



Thank you!

Email: shetty.akhil@berkeley.edu
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