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Abstract (Academic)

In the United States, there were 36,560 trafficelated fatalities in 2018, of which 20% were
pedestrians, bicyclists, and other vulnerable road users (VRUE)]. Vulnerable road users are non
vehicle occupants who, because they are not enclosed in a vehicle, are at higheraoiskjury in traffic
crashes.While overall traffic fatalities in the US have been decreasing, pedestrian and bicyclist
fatalities have been trending upward Vehiclebased active safety features could avoid or mitigate
crashes with VRUsbut are highly dependent on the ability to dtect a VRUwith enough time or
distance.This work presents methods to examine the characteristics of vehiclpedestrian and
vehicle-bicycle crashes and neacrashes using a variety of data sourcesassess the potential
effectiveness of Automatic Emergenc Braking (AEB) in avoiding and mitigating VRU crashes
through modeling and simulation, and estimate the future benefits of AEB forRU safety in the
United StatesAdditionally, active safety features are most effective when behavior of VRUs can be
anticipated, however, the behavior of pedestrians and bicyclists is notoriously unpredictable.
Therefore, an approach to examine andategorizepedestrian behavior in response to nearcrashes
and crashes eventss presented.Overall, findings suggesthat AEB ha great potential to avoid and
mitigate collisions with pedestrians and bicyclists, but it cannot avoid all crashesven when an
idealized AEB systenis assumedMost pedestrians and bicyclists werdound to bevisible for at least
one second prior to the crash, but obstructions, the unpredictability of VRUs, and adverse

weather/lighting conditions still pose challenges in avoiding ad mitigating crashes with VRUS.
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Abstract (General Audience)

In the United States, there were 36,560 trafficelated fatalities in 2018, of which 20% were
pedestrians, bicyclists, and other vulnerable road users (VRUE)]. Vulnerable road users are non
vehicle occupants who, because they are not enclosed in a vehicle, are at higheraoiskjury in traffic
crashesWhile overall traffic fatalities in the US have been decreasing, pedestrian and bicyclist
fatalities are trending upward. Vehiclebased countermeasuressuch as Automatic Emergency
Braking (AEB) could avoid or mitigatecrashes with VRUsbut are highly dependent on the ability to
detect a VRJwith enough time or distance My work presents methods to examine the characteristics
of vehicle-pedestrian and vehiclebicycle crashes and neacrashesusing a variety of data sources
assesghe potential effectiveness of AEBn avoiding and mitigating VRU crashethrough modeling
and simulation, and estimate the future benefits of AEB foVRU safety in the United
States Additionally, crash avoidance technologieare most effective when behavior of VRUs can be
anticipated, however, the behavior of pedestrians and bicyclists is notorialy unpredictable.
Therefore, lexamined andcategorizedpedestrian behavior in response to nearcrashes and crashes
events.Overall, we found that AEB has great potential to avoid and mitigate lisions with
pedestrians and bicyclists, but it cannot avoid all crashes even when assuming an idealized AEB
system.Most pedestrians and bicyclists werdound to bevisible for at least one second prior to the
crash, but obstructions, the unpredictabiliy of VRUs, and adverse weather/lighting conditions still

pose challenges in avoidingrad mitigating crashes with VRUSs.
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1 INTRODUCTION

In the United States, there were 36,560 trafficelated fatalities in 2018, of which 20% were
pedestrians, bicyclists, and other vulnerable road users (VRUE)]. Vulnerable road users are non
vehicle occupants who, because they are not enclosed in a vehicle, are at higheroiskjury in traffic
crashes.While overall traffic fatalities in the US have been decreasing, pedestrian and bicyclist
fatalities have been trending upward The VRU classification is generally applied to pedestrians,
bicyclists, and motorcyclists, but teen drivers and elderly drives are sometimes referred to as
vulnerable road users due to disproportionatelyhighcrash risk. For the purposes of thidissertation,
vulnerable road users will refer to only pedestrians and bicyclists. This chapter will explore the
problem of pedestrian and bicyclist safety and review current research efforts to mitigate VRU

fatalities and injuries.

1.1 PROBLEMDEFINITION

VRU safety is a difficult problem to solve because pedestrianad bicyclists do not have the
protective equipment to reduce the risk ofinjury like that of vehicle occupants There are few
countermeasures that protect pedestrians and bicyclists in the event of a crash. Infrastructure and
safety equipment could help avoid or mitigate vulnerable road user injuries. However, updatjn
infrastr ucture is expensiveLikewise, the protection offered by safety equipment, e.g. bicycle helmets,
requires user to comply with usage regulations and properly use the safety device. Vehicle based
active safety features could avoid or mitigate vulnerable roadser crashes, but are most effective
when behavior of VRUs can be anticipated. However, the behavior of pedestrians and bicyclists is

notoriously unpredictable.

1.2 INJURYACTORS



Once a conflict between a vehicle and a VRU occurs, a variety of factorsedaine the
resultant injury severity. Determining when a VRU is most at risk can allow design of solutions to
mitigate VRU injury severity. Mohamed, et al. [8examined how environmental factors affected the
probability of a fatal interaction as a function of accidentype. Data from New York and Canada were
examined using cluster regression models. It was found that heavy vehicles, dark ligiy conditions,
and higher speed roads such as highwaymcreased the probability that a vehiclepedestrian

interaction will be fatal.

Fredriksson, et al. [9Q]used data from the German lDepth Accident Study (GIDAS) to
examine how pedestrian age and impact speeds affect resultant injury type and severkyedriksson,
et al. [9] found that the head and chest were the most commonly injured body region, with
approximately equal injury rates, when considering severely injured pedestrians. Foreglestrians
aged 65 and older, the chest was the most common injury location. On the other hand, it was more
common for children to sustain injuries to their heads as the most common impact type in childne

was found to be heaeto-hood.
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Figure 1. Fatality risk of pedestrians struck by the front of a passenger car as a function of impact
speed. (A) Results based on biased data, (B) Results adjusted for bias from 196880s, and (C)
Less biased or adjusted data resultinfgom crashes in the 1990s and 20004.0]

Rosén, et al. [LOtompared impact speed to fatality risk using data &/m GIDAS. As shown in
Figure 1, pedestrian fatality risk increases substantially at speeds above 50 km/Niebuhr, et al. [11]
showed that pedestrian injury risk is dependent on pedestrian age as well as impact speed.
According to Niebuhr, et al. [11] older pedestrians have a higher risk of a Maximum Abbreviated
Injury Scale (MAIS) score of 3 or higher at all impact speeds compared to younger pedestrians.
Children were found have lower injury risk at low speeds andhigher risk of injury at higher speeds

when compared to all other age groupfll].

Pedestrian injuries also vary depending on the shape of the front of vehiclddizuno and
Kajzer [12] examined the police and irdepth accident data from accidents that occurred throughout
Japan and collected by the Institute for Traffic Accident Research and Data Analysis (ITARDA).

Mizuno and Kajzer [12]found that mini-vans result in higher risk of head injury and a lower risk of



lower limb injury than bonnet-type cars. They also found that the likelihood of head injury increases
with contact with the cowl, windshield frame or Apillar, and decreases with increasing distance from

theseelements.

In the U.S. the percentage of light truck and vans (LTVs) on the road is increasing as demand
for LTVs increasesLefler and Gabler [13]found that pedestrians struck by a LTV are two to three

times more likely to befatally injured than if they are than if they are struck by a car.

1.3 VEHICLEBASEDCOUNTERMEASURES

With the multitude of factors that affect vehicleVRU incidents and resultant injury severity
the question becomes how to mitigate these injuries. While tihe are potential solutions from the
62506 DAOODAAOEOA AT A [EOkuchasstiéwalkExEdsivaks, etcwe WIEOA OO0 O
focus on the solutions applicable from the perspective of the vehicle. Vehicle based countermeasures

have the potential to affect vehicleVRU incidence much quicker than redesigning / rebuilding

infrastructure or attempting to convince road usersto change their behavior.

1.3.1 ACTIVESAFETY FORWARDCOLLISIONAVOIDANCESYSTEM

Forward Collision Avoidance System (FCA$ an active safety system that uses a suite of
sensors to detect an imminent collision and through warning and or braking aids the driver in
avoiding a frontal collision. Current systems are designed to alert the driver of a potential conflict
through Forward Collison Warning (FCW), then institute precollision brake assist and finally pre
collision braking if the driver does not take action14]. The effectivenessof these systemss highly
dependent on detecting the VRU with enough time or distance to collision to avoid or mitigate the
conflict. Pre-collision braking, also known as automatic emergency braking (AEB), has been shown
to be effective at avoiding pedestrians when theahicle is traveling at below 14 m/s (about 50km/h

or 30 mph) [15]. While the vehicle may not be able to avoid the pedestrian at higher speeds, the



decrease in velocity of the vehicle would help mitigate the severity of the craghO]. Although, the
focus of this dissertation is vulnerable road users, forward collisn avoidance systems have been

assessed in many other crash modg46-20].

User acceptance is a potential obstacle to FCAS effectiveness. Drivers may disable FCAS if they
perceive that FCW is premature, or even worse if the system prerturely applies AEB.A disabled
system provides no benefit. Thus, it is iportant to optimize the AEB activation threshold so that the
vehicle has timeto avoid the collision and the driverdoes not feel that the system unnecessarily
activated. Lubbe and Rosén [21found that the time to collision at driver brake application ranges
from 2.1 to 4.3s and is independent of driving speed.ubbe and Davidsson [22)used a highfidelity
simulator to examine the effect of pedestrian walking speedmbrake onset and intensity. They found
that when pedestrians were walking at slower speeds (1 m/s) the driver braked earlier that when

the pedestrians were travelling at a fast walk/jog (2 m/s).

1.3.1 ACTIVESAFETY FORWARICOLLISIONWVARNING

Lubbe and Kullgren [23]Jusedthe AsPeCSS (Assessment methodologies for forward looking
integrated Pedestrian, and further extension to Cyclist Safety Systems) method to compare the
potential casualty reduction from AEB and forward collision warning systems. AEB systems resulted
in a 25% a@sualty cost reduction, whereadorward collision warning systems resulted in a0-25%
casualty cost reduction depending on the type of warning system usddibbe [24] further explored
the differences between differenttypes of forward collision warnings.Among the warnings that were
tested, brake pulse warning was the most effective typef forward collision warning, reducing the
number of collisions and shortening brake reaction timesWhile forward collision warning can be
effective, the effectiveness is limited by the driver reaction timeDriver reaction times can vary

widely dependingon the type ofwarning and if the driver is distracted. Studies have shown driver



reaction time rangingfrom the fastestat around half a second tghe slowest atalmost 2 secondg25,

26].

1.3.2 COMBINEDPASSIVE ANBCTIVESAFETY PORUP BONNETS ANAEB

Lubbe, et al [27] conceptualized a method for assessing both passive and active integrated
pedestrian safety systems. The method they proposed included testing both the active and passive
safety components in order to calculate injury risk and soci@conomic cost.These results ould then

be weightedand applied to scenarios that were not specifically tested

Edwards, et al. [28]further developed this methodology for testing the effectiveness of the
combination of AEB and passive safety features using data from AEB tests and Euro NCAP. This study
found that a combination of AB and passive safety features resulted in improved pedestrian
protection when compared to having only AEB, only passive safety systems, or neithedwards, et
al. [28] also found that a hypothetical passivexternal A-pillar airbag decreased injury severity more

than AEB.

1.3.3 ACTIVESAFETY HIGH.Y AUTOMATEDVEHICLES

Highly automatedvehicles have to potential to transform transportation by making vehicular
travel easier and safer than ever before, but whilkighly automated vehicles have the potential to
substantially reduce crash risk, there is concern that they will have trouble safely operating in mixed
fleets and with vulnerable road userg29, 30]. Detwiller and Gabler [31]Jused the NHTSA Pedestrian
Crash Data Study, an kdepth analysis of over 500 vehiclegpedestrian crashes, to determine ihighly
automated vehicles with either a law abiding algorithm or a more cautious algorithm would be able
to avoid the incidents with pedestrians. The study foud that although thehighly automatedvehicles
could potentially avoid most of the incidents using the more cautious algorithm, in 27 of the 523

events, the car would not be able to avoid the crashkully automated vehicles that are functional in



all scenaios may still be a long way oftlue to limitations in electronics, artificial intelligence, and the

time it takes to validate that these systems are saf82].

1.3.4 VRUDETECTION

While many active safety systems are adept at detecting vehicles, VRUs present a unique

challenge due to their different material properties, smaller size, and unpredictable behaviolang,

et al. [33] proposed a system that takes into account the time of day, location, weather, road type and
more in order to choose the appropriate algorithm that efficiently detects pedestrians resulting in a
method that is faster, more accurate, and uses less computipgwer. Tian, et al.[34] developed a
model to estimate the likelihood that a pedestrian will have an interaction with a vehicle. This type
of information is useful because it allows pedestrian detection and analysis systems to efficiently
employ different pedestrian detet¢ion methods. The model achieved about 80% accuracy with
consideration of the presence of righiof-way control devices, road location, pedestrian behavior, and

number of pedestrians[34].

Improvement has been made in the radar detection systems as well. The earlier a pedestrian
can be detected themore time an automateddriving systemor a human driver would have to avoid
or mitigate the conflict. Newer radar detection systems may utilize a 788 GHz bandwidth compared
to the 24 GHz bandwidth used previously. This higher frequency radar will allowadection systems
to detectsmall objects that are further away (108150 m) and at a better resolution, but the smaller
wavelength can cause large fluctuations in the reflected sign@5]. Though the fuctuations could be
problematic, there are measurable differences in the maximum radar cross section angle,
differentiating between walking and standing pedestriand35]. This information could be usefiliin

path prediction of pedestrians.



Understanding vulnerable road user motion is an integral component of path prediction.
Many groups have conducted studies to analyze vehiefgedestrian and vehiclebicycle interactions
and actions. The Transportation Ative Safety Institute (TASI) conducted a naturalistic driving study
in which 110 cars were instrumented for one year in the greater Indianapolis area. This study
observed that both lone children and adults in groups of three or more were at elevated risk an
incident with a vehicle[36] . Additionally, it was observed that off roadway locations such as parking
lots and school areas could have a higher risk of conflict as well as actions such as a pedestrian

crossing the road or walking in the road36].

Tian, et al. [37]found that pedestrian step fequency tended to be higher when crossing the
road, especially if the pedestrian was in the path of a vehicle or was violating right of way. A higher
step frequency is associated with a higher walking speed. This is consistent with studies conducted
in the U.S. and Sweden that were used to develop mannequins to test pedestrian-podlision
systems.Chien, et al. [38]combined the studies completed in the U.S. and Sweden and found that
pedestrian walking speed ranged from 0.6m/s to 2.4 m/s and depended on the age and speed (slow,
comfortable, and fast) of the pedestrian.While all pedestrians are vinerable road users,Elderly
pedestrianshaveat a higher risk ofinjury and fatality than pedestrians and vulnerable road users if
they are struck. Elderly pedestrians are disproportionately killed in traffic related crashes. In 2015,
only 14.8 % of the US population was considered elderly, but 18.6 percent of fatal pedestrian crashes

involved elderly pedestrians[39].

1.4 CONSUMERNFORMATIONPROGRAMS

For the cases in whib the collision is unavoidable, it is vital that the vehicle is designed to
mitigate pedestrian injury. A major force that drives US, European, and global vehicle safety

standards isthe New Car Assessment Programme (NCAP).



While the U.S. NCAP currentlyags not rate pedestrian or bicyclist safety, other US. Agencies
have begun testing vulnerable road user safety. The Insurance Institute for Highway Safety (IIHS) is
an independent institution that rates U.S. vehickon various safety metrics with the pupose of
informing consumers and improving motor vehicle safety. The IIHS began testing pedestrian AEB in
2018. IIHS tests an adult pedestrian form in a crossing and parallel path scenario and a child
pedestrian form in a crossing scenarig40]. Although U.S. NCAP does not currently test pedestrian
or bicyclist safety, they have announced they will be updating their testing procedure in 2020 which

may include the addition of pedestrian and other vulnerable road user tesfg1].

In comparison, Euro NCAP has influena many advances in occupant protection, but
pedestrian protection was not a major focus until Euro NCAP revised pedestrian assessment and
testing protocols in 2002[42]. In 2009, Euro NCAP adopted its current rating system, which rates
vehicles on occupant protection (adult and child), pedestrian protection, and safety assist technology
resulting in improved pedestrian subsystem test score$42]. In 2018, Euro NCAP began testing

bicyclist AEB[43].

Strandroth, et al. [44]examined the relationship between Euro NCAP pedestrian subsystem
scores and pedestrian injury severity. Strandroth found that higher scoring cars reduced the risk of
serious consequences more than lower scoring cars for speeds up to 50 km/h. Above 50km/h (about
30 mph) there was no significant injury reduction. This is concerning because, as shown in figure 1,

fatality risk greatly increases at impact speeds greater than 50 km/h.

In 2015, Euro NCAP protocols scored pedestrian protection based on vehicle performarice
passive and active safety systems. Passive safety was tested through impact tests usimggal form,
upper leg form, and lower leg form. Active safety tests scored the human machine interface and AEB
[45]. Starting in 2018, there were changes to the active safety portion of the assessment protocol.

The new protocol conducted test with both pedestrian and bicyclist dummies, assessed the forward



collision warning system, and completed tests in both day and night lighting conditiorj43]. By 2022
Euro NCAP is planning to improve their dummynodel by adding an upper body mass which will
result in more representative injury models. Additionally, Euro NCAP plans to modify impact tests
to include pedestrians and cyclists to improve avoidance technology as well as deployable bonnets
[46] . Deployable bonnets are a passive safety feature in which the hood of the vehicle rises totpct

the pedestrian from striking the stiff structures on the front of the vehicle.

Euro NCAP is the most comprehensive vehicle safety assessment currently, but Japan and
Korea have similar consumer information programs to test vehicle safety (JNCAP antN®AP
respectively). KNCAP testing is very similar to Euro NCAP with the major differences being that they
only test AEB for pedestrians and no other types of vulnerable road users. In addition, KNCAP does
not test upperleg formimpacts to the vehicle bomet. INAP only tests AEB in response to pedestrians
AT A AT AOT 60 AT I8gGorn irpacts GAt@ Gehi@ecobried or the bumper. In addition,
JNCAP only tests adult and childead formsup to 35km/h compared to the Euro NCAP and KNCAP

standard of40 km/h.

1.5 RESEARCHEOAL

The overall goal of thisdissertation was to estimate the potential effectiveness of automatic
emergency braking at avoiding or mitigating vehiclebicycle and vehiclepedestrian crashes. The
following chapters will propose methods using a variety of data sources to examine the
characteristics of vehiclepedestrian and vehiclebicycle crashesand nearcrashes assess the

potential effectiveness of AEB, and estimate the future benefits of AEB in the United States.
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2 DATASOURCES

Vehicle-pedestrian and vehiclebicyclist crash data in the U.S. is limited. National databases
contain information of VRU crashes, but they often lack the detail necessary for anrdapth analysis.
In-depth VRU crash databases, while detailed, are not natigty representative meaning that
conclusions cannot be made about the U.S. vehidI®U crashes as a whole. Publically available-in
depth studies on VRU crashes in the U.S. are ramost do not contain current crash data. This
dissertation leverageda variety of data sources in order to account for the limitations of each data
source. Description of the data sources as well as thgros and cons of each data source are described

below.

2.1 FARS

The Fatality Analysis Reporting System (FARS) is a censualbfraffic crashes that resulted
in a fatality [47]. FARS contains data dating back to 1975. In 201etFARS andllational Automotive
Sampling System (NASS) General Estimates System (Gie8)ng systems were modernized to allow
for a more standardized comprison between the data sources. Thigrevents ready comparison with
data before 2011. FARS is natiofig representative because every known crash resulting in a fatality

is included, but does not contain irdepth injury information or crash reconstructions.

2.2 GES

The General Estimates System (GES) is a subset of the National Automotive Sampling System
(NASS and contains a probability sample of all U.S. police reported crashes from 1988 to 2048] .
GES includes sampling weights, which when applied to the database, allow the calculation of the
actual incidence rates of the different types of crashes. Because many data eletadmve large
numbers of missing values, GES provides imputed variables for many data elements. Imputed

variables are variables in which the unknown values have been filled in using an algorithm developed
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by NASS GES. The imputed variables were used wierailable. GES was modernized in 2011 to
improve the comparability of GES to other crash databases, like FARS, which prevents ready
comparison to previous data. GES was replaced with the Crash Research Sampling System (CRSS) in

2016.

2.3 CRSS

The Crash Reseah Sampling System (CRSB)a new database that has replaced the General
Estimates System (GES). Similar to GES, CRSS is a sample of all-peioeted motor vehicle crashes.
The sampling locations have changed however in an effort to account for shiftsthe US population
and vehicle fleet[49]. Due to the different sampling scheme, CRSS cannot be readily compared with
GES. All CRSS values reported were weighted to better reflect national estimates and imputed

variables were used when available.

2.4 PCDS

The POS datdasewas collected by NHTSA through adaptation of the NASS Crashworthiness
Data System (CDS) methodology tssess vehiclgpedestrian collisions[50]. PCDS consists of 5494n
depth vehicle-to-pedestrian crash investigations collected from 1994 to 1998 from six U.S. urban
areas. The six data collection areas for BS were the cities of Buffalo, NY; Ft. Lauderdale and
Hollywood, FL; Dallas, TX; Chicago, IL; Seattle, WA &an Antonio, TX. PCDS collectedses from a
diverse set of urban regions with a wide range of weather conditions and roads, ensuring a broad
scape of possible environments for vehiclepedestrian encounters. PCDS is the most recent public
domain pedestrian crash dataset available in the U.S. The strategy in using this older dataset is that,
although vehicles in the 20112015 time frame were much dfferent than in 1994-1998, the types of
vehicle-pedestrian conflicts, e.g. children dodging out from between parked cars, are unlikely to have

greatly changed[51].
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2.5 SHRP

The Second Strategic Highway Research Program (SHRP 2) was a naturalistic driving study
conducted in six cities across the USA from 2010 to 201532]. SHRP 2 was not designed as a
nationally representative sample as the project depended on volunteers that were in proximity to
one of the six collection sites. The collean resulted in over 4,300 years of driving data and recorded
over 1,900 crashes aml 6,900 near-crashes[52]. Approximately 3,300 participant vehicles were
instrumented to collect vehicle speed, acceleration, yaw rate and brake and gas pedal position in
addition to forward, rear, hands and driver video. Vehicle time series data were collected

asynchronously and vileo was captured at 15rames per second.

For this study, the database was queried for all events that were pedestrian or bicyclist related,
which resulted in 168 pedestrian events and 64 bicyclist events. Six events were excluded because
the subject vehtle was a witness to the event and not directly involved in it, meaning that critical
information was lacking, leaving only crashes and neatrashes. A crash was defined as an event in
which the subject vehicle had any contact with a pedesan or bicyclist. A nearcrash wasdefined as

any situation that required a rapid evasive maneuver by the subject vehicle, pedestrian, or cyc[&}.

2.6 WATS

TheWashtenaw Area Transportation St{tyATS) dataset, funded by the Toyota Collaborative
Safety Research Centewas a sample of vehiclkbicycle crashes that occurred in southeast Michigan
from 2011 to 2013. The dataset contains both vehictbicycle crashes and vehiclgedestrian crashes,
but only the vehicle-bicycle crashes were analyzed for our study. Similar 8CDS, the WATS database
contains detailed information not available from nationally representative datasets like FARS and
GES. The WATS database contains driver and bicyclists characteristics, detailed crash scene

diagrams, and a thorough recording of p@ntial obstructions that could have affected the crash.
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3 PEDESTRIANAEBTARGETPOPULATION

3.1 RESEARCHDBJECTIVE

The objective of this chaptewas to determine the characteristics of the target population for
a pedestrian AEB system. The target population refers to that subset of pedestrigahicle impacts
which might be avoided or mitigated by a pedestrian AEB system. The characteristics of pettian,
vehicle, environment, and driver conditions were examined for those crashes in the target

population.

3.2 APPROACH

FARS and GES weliaitially filtered to include all vehicle-pedestrian crashes from 201%
2015, but not all vehicle-pedestrian crashes cald be avoided by a pedestrian detecting AEB system.
While AEB is being developed for large trucks and buses, their larger mass and longer required
stopping distance may require a specialized AEB systefd3], therefore this study only considered
pedestrian AEB that would be installed in cars and light trucks and vans (LTV&urthermore, most
AEB systems use a combination oforward facing radar, LiDAR, and/or cameras to detect
pedestrians. Vehiclepedestrian crashes in which the pedestrian was not visible to forward facing
sensors, such as backingp crashes, would not be mitigatedy a pedestrian detecting AEB system
Finally, AEB systems wouldikely be ineffective in loss of control scenarios because they mitigate
crashesby initiating evasive braking which may not be beneficialf, for example, a vehicle is sliding
on ice.

Therefore, the target population for pedestrian AB was assumed to be vehiclpedestrian
crashes in which the front of the car or LTV struck the pedestrian and loss of control was not a factor.
The data was filtered to only include cases in which the striking vehicle had a car or LTV body type
(body_typor bdy typ im < 5Q)frontal impact (impactl = 11, 12, or Y1 and no loss of control

(p_crash2 >¥
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The target populations of vehiclepedestrian crashes from GES and vehicle pedestrian
fatalities from FARS were then characterizetb better understand potential crash causation factors.
The characterization was divided into three major categories: 1) pedestrian characteristics, 2) driver
characteristics, and 3) environmental characteristics.

A Pedestrian detecting AEB system may lable to avoid or mitigate many pedestrian vehicle
related collisions in the target population, however, it is unlikely that all could be avoided. The
effectiveness of a P_AE8ystem may be affected bgnvironmental characteristics such as lighting
conditions, and weather. For this reason, the following three FAEB system limitations were

examined to understand how each potential limitation could affect the target population:

1. 4A0CAOG bl bdI A OEI lAthebcAnBiiibhsEdf thé target population with the
limitation that only crashes in which the pedestrian struck during daylight would be
avoidable.

2. Tar get p o p urdclades the ronditions ef the target population with the limitation
that only crashes in which the pedestrian struck during clear weather conditions would be
avoidable.

3. Target popul at i ointluddgtte gdnditigns of thatarget populaba with the
limitations that only crashes in which the pedestrian struck during daylight and during clear

weather conditions would be avoidable.
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3.3 RESULTS

The following sections breakdown the target population and compare the distributionsf
vehicle-pedestrian crashes and vehiclgpedestrian fatalities in terms of pedestrian, driver, and
environmental characteristics. The tables highlight the trends, similarities, and differences bseen
the distributions of FARS andGES (weighted and unweighted)The trends, similarities, and
differences are discussed

individually in the following pedestrian characteristics, driver

characteristics, and environmental characteristics sections.

3.3.1 TARGETPOPULATION

The target populationwas defined as thesubset of pedestrianvehicle crasheswhich might
be avoided or mitigated by a pedestriarAEB system. We assumed that 8-AEB system would be
integrated into cars, light trucks, and vansbut not other vehicles such as large trucks, buses, and
motorcycles. As shown inTable 1, excluding crashes with norpassenger vehicles reduced the target
population by 4,068 fatal crashes FARS casésand 33311 crashes (weighted GES cases) ovdret 5
year time frame. Additionally, we assumed éP-AEBsystem would only be effective in frontal impact
scenarios which excluded 4,035 FARS cases and 104,982ighted GES cases. Finally, we assumed P
AEBwould not be effective in situations in which therewas loss of control of the vehicle.Of the
remaining cases, loss of control was present i297 FARS cases and 4,808 weighted GES cages
shown in Table 1, the final target population from 2011 to 2015 was estimated to b&7,775 fatal
crashes (FARSand 245,889crashes {veighted GES casgs

Table 1. Breakdown of target population filtering

FARS Cases GES Cases GES Weighted Cases
(2011 -2015) (2011 -2015) (2011 -2015)
All Pedestrians Crashes 24,459 11,897 374,645
Non-applicable Crashes
Struck by nonpassenger vehicle 4,068 620 33,311
Non-Frontal Impacts 4,035 2,962 104,994
Loss of control 297 121 4,808
Target Population 17,775 8,035 245,889
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Thetarget population relative to the total population of vehiclepedestrian crashess shown
graphically in Figure 2 and Figure 3. The target population made up about 7% and 68% of the total
population of fatal and all crashes, respectivelywhich indicated that P-AEB may be gromising
mitigation strategy for many vehiclepedestrian crashesThe characteristics of the pedestrian, driver,

and environmental conditions were examined for those crashes in the target population.
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Figure 2. The number ofpedestrian fatalities in the U.S. from 2011 2015 compared to the target
population (FARS).
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Figure 3. The number of police reported vehiclepedestrian crashes from 2011 2015 compared to
the target population (GES).
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3.3.2 PEDESTRIANCHARACTERISTICS

Pedestrian characteristics were examined ifor both the fatal crashes (FARS) and all crashes
(GES) Table 2 is an overview of the results.All analyseswere conducted solely on the target

population. GES imputed values were used for the analysis of gender and age.

Table 2. Pedestrian characteristics of vehiclegpedestrian crashes in FARSNnd GES

FARS | FARS GES | GES| GES Weighted | GES Weighted
Variable Cases % Cases % Cases %
Total Cases 24,459 100 11,897 | 100 374,645 100
Target
Population 17,775 | 72.7 8,035 | 67.5 245,889 65.6
Gender
Male 12,186 | 68.6 4553 | 56.7 136,074 55.3
Female 5,572 31.3 3,482 | 43.3 109,815 447
Other/Unknown 17 0.0 - - - -
Age
#EEI A j| 1,085 6.1 1,418 | 17.7 39,749 16.2
Adult 13,029 | 73.3 5,691 | 70.7 177,252 72.2
3AT ET O 3,563 20.0 926 11.4 28,889 11.8
Other/Unknown 98 0.6 - - - -
Alcohol Involvement
No 5839 32.8 6,027 75 188,030 76.5
Yes 3455 19.4 618 7.7 15,711 6.4
Unknown 8481 47.7 1,390 17.3 42,147 17.1
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As shown inFigure 4, the number of pedestrian fatalities in the U.S. has been increasing since
2011. This trend is not apparent however in the number of pedesains involved in police reported
crashes (Figure 5). More recent data has increased police reported injuries, but this data was
collected using a newsampling scheme and therefore data between the two are not comparaljtet].
Figure 5 wasalso separated by injury severity as reported by the police which highlights the fact that

the majority of vehicle-pedestrian collisions did not result in a fatality
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Figure 4. The number of pedestrian fatalities in the U.S. from 2022015. Data source: FARS
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Figure 5. The number and severity of police reported vehiclpedestriancrashesfrom 2011-2015.
Data source: GES

Figure 6 shows the age distributions of the pedestrians involved in vehiclkpedestrian
collisions. The median age of pedestrians iall police-reported pedestrian aashes (GESwas 32

years old compared to a median age of 48 years old for fatal crashes (FAR&)st fatally injured
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pedestrians were older than the overall population of struck pedestrians. This difference may be due

to the fact that injury tolerance declines with age.
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Figure 6. The age distribution of pedestrians fronFARS and GES

Figure 7 shows the gender distribution of pedestrians involved in vehiclgpedestrian
collisions. Both target populationsindicated that males were more likey than female pedestrians to
be struck. In GES, a little more than half of struck pedestrians were male, comprising 55.3%the

crashes In fatal accidents this trend was much more evident with 68.6% of pedestrians being male.
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Figure 7. Distribution of pedestrians involved in vehiclepedestrian collisions, by gender

Figure 8 and Figure 9 show the fraction of pedestrians involved in vehiclepedestrian
collisions that were involved with alcohol prior to the incident. Inboth databases the majority of
known pedestrians were not nvolved with alcohol. GE®iad a reportedalcohol involvement of 6.4%
while, FARS had a higher proportion ofcases with reported alcohol involvement at 19.4% of
pedestrians involved with alcohol. This was quite a large difference which may be attributed toe
large number of FARS cases where alcohol involvement was unknown or may be due a difference in
pedestrian behavioror environmental conditions related to drinking alcohol that lead to more fatal

crashes

Percent of Pedestrians
1 :

No Yes Unknown
Drinking

Figure 8. Distribution of cases in which pedestrian was involved with alcohol. Data source: FARS
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Figure 9. Distribution of cases in which pedestrian was involved with alcohol. Data source: GES

3.3.3 DRIVERCHARACTERISTICS

Driver characteristics were examined inthe FARS and GES target populationgable 3 is an

overview of the results from both datasets All analyss were conducted solely on the target

population. GES imputed values were used for the analysisdrfver gender and age.

Table 3. Driver characteristics of vehlicle-pedestrian crashes in FARS an&ES.

FARS | FARS GES GES Weighted| GES Weighted
Variable Cases % Cases | GES % Cases %
Total Cases 24,197 100 11,792 100 370,874 100
Target Population 17,744 73.3 8,015 68 245,177 66.1
Gender
Male 11,993 67.6 4,811 60 148,192 60.4
Female 5,410 30.5 3,204 40 96,984 39.6
Other/Unknown 341 1.9 - - - -
Age
91 61 ¢ ! AO| 4,049 22.8 2,032 25.2 59,549 24.3
Adult 11,397 64.2 5,139 64.1 155,447 63.3
AT EIT O j 1,927 10.9 8,44 10.4 30,181 12.1
Other/Unknown 371 2.1 - - - -
Alcohol Involvement
No 11,498 64.8 6,322 78.9 19,4919 79.5
Yes 1,597 9 232 2.9 6,491 2.6
Unknown 4,649 26.2 1461 18.2 43767 17.9
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Figure 10 shows the age distribution of drivers involved in vehiclepedestrian collisions. The
age distributions were very similar. The median age of the driver was 39 in FARS and 40 in GES.
indicates that driver age likely did not contribute to the severity of pedestrian injuries, although

younger drivers were more likely tobe involved in a vehiclepedestrian crash.

100% 4

80% 1

60% - Data Source
— fars
40% A — ges

20% 1

Weighted Percentage of Cases

0% A

(I) 25 50 75 100
Driver Age

Figure 10. Age distribution of drivers. Data source:FARS, GES

Figure 11 shows the gender distribution of drivers involved in vehiclepedestrian collisions.

In both GES and FARS, male drivers made up the majority ofes, 60.4% and 67.6%, respectively.

ges
Gender

. Female
. Male

Unknown

Drivers

fars q

0% 25% 50% 75% 100%
Percent of Incidents

Figure 11. Distribution of driver gender in fatal pedestrian crashes (FARS) and in all pedestrian
crashes (GES).
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Figure 12 and Figure 13 depict the proportion of drivers, involved in vehiclepedestrian
collisions that were involved with alcohol prior to the incident. For cases in which alcohol
involvement was known, in all three databases the majority of drivers were not involved with alcohol.
GESarget population caseshad only 2.4% of the cases in which the driver was reportedly involved
with alcohol, while FARS had a higher proportion ofeported alcohol involvement with 7.6% of
drivers involved with alcohol. This was quite a large difference which may be attributed partially to

the large number of FARS cases where alcohol involvement was unknown or may be due a difference
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Figure 12. Distribution of cases in which the driver was involved with alcohol. Data source: FARS
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Figure 13. Distribution of cases in which the driver was involved with alcohol. Data source: GES
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3.3.4 ENVIRONMENTACHARACTERISTICS

Environmental characteristics were examined for the target population of policeeported
crashes (GES) and fatal crashes (FARS)able 4 is an oveview of the results from FARS andGES.
GES imputed values were used for the analysis of lighting conditions, weather, relation to junction,
and pedestrian location in relation to the road. Cold related weather conditions include weather

conditions such & snow, ice, sleet, and hail.

Table 4. Environmental characteristics of vehiclepedestrian crashes in FARS and GES

FARS | FARS GES GES | GES Weighted | GES Weighted
Variable Cases % Cases % Cases %
Total Cases | 24,197 | 100 11,792 100 370,874 100
Target
Population 17,744 | 73.3 8,015 68 245,177 66.1
Lighting
Daylight 3,792 | 21.4 4,326 54 136,008 55.5
D&;ﬁ':gt 6243 | 352 | 745 | 9.3 21,166 8.6
Dark-Lighted 6,848 | 38.6 2,579 32.2 76,904 31.4
Dawn 283 1.6 116 1.4 3,004 1.2
Dusk 386 2.5 197 2.46 6,949 2.8
Other 192 0.6 52 0.64 1,145 0.5
Weather
Clear 15,841 | 89.3 7,012 87.5 211,158 86.2
Rain 1,434 8.1 871 10.9 28,084 11.5
Cold related 145 0.8 96 1.2 4,803 2
Other/Unknown 324 1.8 36 0.4 1,131 0.4
Crash Location
Non-Junction | 12,066 | 68 3,063 38.2 87,735 35.8
Intersection 2,079 | 11.7 1,220 15.2 44,459 18.1
Intersection
Related 2,844 16 3,329 41.5 101,478 41.4
Other 755 4.2 403 4.8 11,504 4.7
Pedestrian Location
On Roadway | 16,489 | 92.9 7,636 95.3 232,719 94.9
On Shoulder 476 2.7 91 1.1 2,660 1.1
On Median 64 0.4 21 0.3 440 0.2
On Roadside 484 2.7 153 1.9 4,440 1.8
Other 231 1.4 114 1.3 4,918 2
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Figure 14 shows the distribution s of lighting conditions at the time the vehiclepedestrian
collision occurred. In GESdaylight was the most common lighting condition constituting55.5% of
the crashes4 EA (1 00 Aiiii1 1ECEOE] C- ECEARABHT ABRT & DET ¢
of incidents, compared to Daylight which accounted for 21.4% of incidents. The distribution of all the

lighting conditions can be found inTable4.
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Figure 14. Lighting condition distribution at time of collision. Data Source: FARS, GES

Figure 15 shows the distribution of weather conditions at the time the vehiclepedestrian
cashi AAOOOAA8 &1 O OEA ' %3 AT A &' 23 AAOAAAOAO OEA O
were combinedi OT A O#1 AAO6 A A OA ghouithot Rabefah éiféchon pdddstieA ET A OO

detection using radar or LIDARB 4 EA O#1 AAO6 xAAOEAO Ai T AEOEIT xAO
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condition in all three data sources accounting for over 80% of all cases both databases.The

percentages of all weather conditions can be found ifiable 4.
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Figure 15. Weather conditiondistribution at time of collision. Data source: FARS, GES

Figure 16 and Figure 17 show the speed limit of the zone where the vehiclpedestrian
incident occurred. The most common FARS incident speed limit (45 mph) was faster than the GES
speed limit (25 mph). It wasnot surprising that fatalities are more common at higher speeds because

fatality risk increases as impact speed increa$g5, 56].
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Figure 16. Distribution of speed limit in incident locations. Data source: FARS
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Figure 17. Distribution of speed limit in incident locations. Data source: GES

Figure 18 shows the most common vehiclepedestrian collision locations in relation to
junctions. A junction is the area formed byhe connection of two roadway$50]. A junction includes
intersections, connections between driveways and alleyways to roadways, and connections between
alleys and drivewayg$50]. Nonjunctions are the most commonin FARS and GES constituting 68%
and 35.8%, respectively. FARS most likely has a higher percentage of cases occurring atjaoctions
because vehicle speeds tend to be travelling at higher speeds at non junctions than at intersections

or intersection-related areas, which as discussed previously, increases pedestrian fatality risk.
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Figure 18. Distribution of collisions in relation to junction. Data source: FARSand GES
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3.3.5 (HARACTERISTIASIPACT ON ARGETPOPULATION

The target popudation includes approximately two-thirds of all pedestrian crashes and
fatalities. Realistically, not all of the target population incidents could be avoided or mitigated with
current technology. Some systems are more effective during dayligconditions and when there are
TT AAOAOOA xAAOEAO Ai 1T AEOEIT O OEAO AT OI A AEEAAO O
AT 1T OEAAOAA OEA 17100 OAOOOEAOEOA OUOOAI j OAOGCAO DI
avoid or mitigate 12% of all fatal inédents and 29% of all struck pedestrian incidents. This
corresponds to approximately 600 pedestrian fatalities and 21,780 struck pedestrians per year
(Table 5). Pedestrian AEBsystems that are effective during lowlight conditions (target population
o#1 AAO6q AT O1 A pi OAT OEAT T U AOTEA TO I EOGECAOA vaob |
incidents. This corresponds to approximately 2,600 pedestrian fatalities and6,400 struck

pedestrians annually (Table5).

Table 5 also shows that there is a tremendous benefit to deploying aREB system which
operates in lowlight conditions. If PPAEB systems were effective during low light conditions the
number of pedestrian fatalities which could be potentially mitigatel rises to over 2,600, a 430%
increase in the target population over the most restrictive, daylight only, system An allweather
pedestrian AEBsystem would further increase the number of pedestrian fatalities which could be

potentially mitigated by 127%.

The target populations presented inTable5 are an upper bound on the collisions which may
be avoided or mitigated. This number does not take into account factorsich as obstructions or

pedestrians which dart out into traffic, leaving a PAEB system insufficient time to react.
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Table 5. Crash avoidance potential of PAEB systems that may be limited by weather and/or
lighting conditions.

Average Annual Struck Average Annual
Crash Type Pedestrian o Pedestrian Fatal %
Struck 0 Fatalities
All Pedestrians Crashes 74,929 100 4,892 100
Only Passenger Vehicles 68,267 91.1 4,078 83.4
Only Passenger Vehicles 49795 66.5 3585 733
Only Frontal Impacts
Target Population
Only Passenger Vehicles
Only Frontal Impacts 49,178 65.6 3,555 72.7
No Loss of Control
4A0CAO 01 bOI AGETT O$SAUOGEI Ad
Target Population 27,317 36.5 762 15.6
Only Daytime
4A0OCAO o1l POI AGET T O#1 AAOSG
Target Population
Only CleatWeather 36,484 48.7 2,623 53.6
4A0CAO 01 DOl AGEITT OS$SAUOGEI A AT A #1 AAOo
Target Population
Only Daytime 21,781 29.1 601 12.3
Only Clear Weather

3.4 CONCLUSION

This study examined two nationally representative data sources collected in the U.S. to

characterize the target population for PAEB systems.

Pedestrian Characteristics:Male pedestrians constituted the majority of collisions (5269%).
Few pedestrians vere involved with alcohol prior to the incident (6-18%). These results however,
may be skewed due to a large number of pedestrians with unknown alcohol involvement. The median
age of struck pedestrians was 32 years, however the median age of fatdltjur ed pedestrians was

48 years reflecting the lower injury tolerance of older pedestrians.

Driver Characteristics: The age distribution of drivers was similar in FARS and GES with a
median age of 39 and 40, respectively. Furthermore, males made up over 602the drivers involved

in these types of collisions. Few drivers were involved with alcohol prior to theéncident (2-7%).
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These results, howevermay be skewed due to a large number of drivers with unknown alcohol

involvement.

Environmental Characteristics Most collisions occurred during the daylight (5665%),

however most fatalities occurred in dark conditions (71%, combined lighted and not lighted). In
addition, most collisions occurred when there were no adverse weather conditions (889%) and at

non junction locations (40-68%).
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4 PEDESTRIANEARLIESTDETECTIONOPPORTUNITY

4.1 RESEARCHDBJIECTIVE

The effectiveness of pedestrian AEB will be highly dependent upon whether the length of time
the pedestrian is visible to sensors on the vehicle is sufficient toawn the driver and/or automatically
brake. The objective of this chapter was to estimate the time of earliest detectionearliest detection
opportunity (EDO) in vehicle-pedestrian collisions usingthree methods: 1) pedestrian trajectory
derived EDO using?CDS, 2) Naturalistic Video derived EDO using SHRP 2, and 3) simulation derived

EDO using PCDS.

4.2 PEDESTRIAN TRAJECTORERIVEDEDOUSINGPCDS

4.2.1 APPROACH

Detection time was determined by estimating the distance the pedestrian travelled on the
road and dividing the distance by the speed of the pedestrian. The distance the pedestrian travelled

was calculated in two ways.

1. 50AA OEA o0#%$3 OAAI AA AOAOE AEACOAI O i AAOGOOA
the edge of the road to the impact point. This metid relies on the accuracy of the crash
investigators who made the scene diagrams.

2. Counted the lanes the pedestrian crossed between the edge of the road and the impact point.

While this depends less on the accuracy of the scene diagram, this method doesatcount
for differing lane widths. For this study, the width of a lane was estimated to be 3m as most
of the cases occurred in urban or rural environments, rather than on the wider roads of the
interstate highways. Typical lane widths in the U.S. rangom 3-3.8m. By choosing an
estimated lane width of 3m, the narrower end of the spectrum, the resulting time visible will

more likely underestimate the actual time visible.

32



In order to determine time visible in cases in which the pedestrian was travelling parallel to
the direction of traffic (24 collisions) it was assumed that the pedestrian would be visible to a driver
from 40m away [57]. Bhagavathula, et al. [58Found that lighting and pedestrian motion affected
detection distance, with pedestriars detectable at ranges over 200m in lighted conditions and as low
as 25 m in unlighted conditions.As shown inTable 6, most parallel cases occurred during dark
conditions whether that be lighted or norlighted. A distance of 40 meters was chosen as a
conservative measure of detection distance and corresponds to about half of a blo¢kis aligned
with the crossing pedestrian cases because it was assumedittthe pedestrian was only detectable
when they entered the roadand therefore were a potential collision partner While pedestrians may
be detectable atlonger distances,we assumed that tley were not considered a threatuntil they were

within 40 m.

Using the speed limit, the time it would take the vehicle to travehe 40m to the pedestrian
could be calculated (t = 40m/speed limit) and substituted for the time the pedestrian was visible.
This method allows the parallel cases to be included in the analysis, but does not account for
differences that may arise from vehicles traveling above or below the speed limit. This method was

also applied to scenarios in which the pedestrian was stationary.

Table 6. Overview of PCDS parallel cases and the lighting conditions of the events.

Lighting Parallel Cases Percent of Cases
All 22 4.2%
Daylight 10 1.9%
Dark (lit) 7 1.3%
Dark (unlit) 4 0.8%
Dusk 1 0.2%

The cases in which the vehicle struck a pedestrian not on a roadway fit neither of these

conditions. If the case was missing a scene diagram, the pedestrian was not in the roadway, or a
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parallel case had no recorded speed limit they were excluded. The fineample contained 512

applicable collisions.

Walking speed of the pedestrian was computed in two ways. Initially, the speed of the
pedestrian was assumed to be 1.2 m/s as this is a common value used in pedestrian walking studies
[59]. This was followed by using the average walking speeds of differergeagroups as recommended
by Gates et a[59]. Groups of pedestrians and adults assistinchildren were assumed to walk at
slower speeds as shown iTable 7 and recommended by Gates et #9]. A child was defined aa

pedestrian under the age of 6.

Table 7. Average Walking Sped of Pedestrians based on Age as recommended by Gates ¢64].

Age Walking Speed (m/s)
<30 1.45
30-64 1.42
> 64 1.15
Adult w/ Child 1.20
Groups 2-4 1.32

As shown inTable 8 visual obstructions were present in about 20% of the PCDS cases. This
poses a problem for pedestrian AEB systems. To account for obstructions, duration visible was
calculated in two ways. Hist the time on road was calculated. The time on road does not account for
obstructions, but is the time from when the pedestrian enters the road until the point of impact. Then
the time visible on the road was calculated. Time visible on the road isghime from when the

pedestrian is both on the road and visible until the impact point.

Table 8. Overview of PCDS cases with visual obstructions.

Obstruction Number of Cases Percent of Cases
All 104 19.6%
Parked Vehicle 41 7.7%
Stopped Vehicle 37 7.0%
Bus 20 3.8%
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Ice Cream Truck

0.8%

Moving Vehicle

0.4%

4.2.2 RESULTS

Table9 describes the type of vehiclgpedestrian collisions investigated by the PCDS database.
In the PCDS database slightly more struck pedestrians were male and pedestrians aged 16 and
youngerwere involved in 27.9% of the PCDS cases. Alcohol involvement was low, only affecting 6.9%
of pedestrians. Most cases occurred during daylight and clear weather conditions and occurred in

either non-junctions or were intersection-related. Obstructions werepresent in 14.5% of the PCDS

Table 9. PCDS case breakdown by pedestrian struck.

Variable Cases Percentage

Total 549 100
Pedestrian Gender
Male 288 52.5
Female 257 46.8
Pedestrian Age
#EEI A jS p 154 27.9
Adult 326 59.7
AT EI O j I 69 12.5
Pedestrian Alcohol Involvement
No 362 65.9
Yes 38 6.9
Unknown 149 27.1
Lighting
Daylight 355 64.7
Dark-Not Lighted 32 5.8
Dark-Lighted 125 22.8
Dawn 14 2.6
Dusk 23 4.2
Weather
Clear 458 83.4
Rain 83 15.1
Coldrelated 6 1.1
Other/Unknown 2 0.4
Crash Location

Non-Junction | 221 | 40.3
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Intersection 49 8.9
Intersection Related 213 38.8
Other 66 12
Occluded
No 422 76.9
Yes 107 14.5
Unknown 20 3.6

Of the 549 pedestrians involved in the 530 PCDS casegyeédlestrians (from 8 cases) were
excluded because there was no crash scene diagram. An additional 8 pedestrians, representing 7
cases, were excluded because they were struck when on the sidewalk or road shoulder. If a case in
which the pedestrian was traveling parallel to the road did not have a speed limit recorded, the case
was excluded because this value was required for the EDO estimation. There were only three
pedestrians, involved in three crashes, in that were excluded for lack of reported speed ltmThe
remaining dataset consisted of 530 pedestrians that were involved in 512 vehicfgedestrian crashes

(Table10).

Table 10. Breakdown of cag exclusion

Number of Number of
Reason Excluded Cases Pedestrians
Remaining Remaining
None Excluded 530 549
Missing Scene Diagram 522 541
Pedestrian off Roadway 515 533
Parallel Cases with no speed limit 512 530

As shown inFigure 19, the two methods for estimation of detection timavere linearly related
with an r2 value of 0.93 The remainder of this study will only consider the detection time calculated
based on the number of lanes crossed because the results will be more scalable to situations in which
there is no crash diagram. Additionally, the time calculain based on the scene diagram vgaon
average 20% largerthan the lanes crossed approach. Thussimg the time calculation based on lanes

crossed will give a lower bound on AEB effectiveness and will therefore be more conservative.
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Figure 19. Comparison of two methods of detection time calculation.

As shown inFigure 20, inmore than 80% of thecases the pedestrian was visible for at least
one second prior to impactThis is encouraging for PAEB systems because the longeiné pedestrian

in visible, the more time the system has to detect the pedestrian and take action.
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Figure 20. Cumulative distribution plot of the estimated time pedestrian was detectable using three
different methods. Time on Roadred) and Time Visible (green) assume a pedestrian speed of 1.2m/s
whereas Time Visible (blue) adjusted walking speed by pedestrian age.
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4.3 FEASIBILITY OF USIN®NATURALISTICDRIVING DATA TO CHARACTERIZEVEHICLE

PEDESTRIANCRASHES ANDIEARCRASHE$5]

4.3.1 APPROACH

This approach examined crashes and nearashes from the Second Strategic Highway Research
Program (SHRP 2 naturalistic driving study [52]. The database was queried for all events that were
pedestrian related, whichresulted in 168 events. Six events were excluded because the subject
vehicle was a witness to the event and not directly involved in it, meaning that critical information
was lacking, leaving only crashes and nearashes (3 crashes iad 159 nearcrashes).A crash was
defined as an event in which the subject vehicle had any contacitiva pedestrian. A neafcrash was
defined as any situation that required a rapid evasivenaneuver by the subject vehicle or pedestrian
[4]. Additionally, four nearcrashes evens were excluded because either video or time series data
were missing. One of the crash events was excluded after video review because it was determined
that the pedestrian intentionally contacted the vehicle with their foot, which is not representative of

a normal crash mode. The final data set consisted of 161 events (2 crashes and 159 rmashes).

4.3.1.1 Classification of Interaction Types

For each event the forwardfacing SHRP 2video was examined. Events wereharacterized
based on pedestrian, driver, and mvironmental factors and then compared to the nationally
representative US data sets. Each event was also grouped by crash mode. If the pedestrian crossed
straight in front of the subject vehicle from the left or right, the crash mode was termed as a
Left/ Right straight crossing path (LSCP or RSCP, respectively). If the subject vehicle was making a
left turn, then the crash mode was termed as left turn across path/opposite direction or same
direction (LTAP/OD, LTAP/SD), depending on the pedestrian directiof travel relative to the

subject vehicle. If the subject vehicle was making a right turn, the crash mode was labelled following
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the same pattern as the lefturn scenarios. These crash modes are illustrated figure 21. Any other

AOAOE i T AA xAO coi OPAA ET OEA O/ OEAO6 AAOAGIi OUS

Videos were reviewed manually using a standard set of definitions for pedestrian,
driver, and environmental conditions. All videos were examied by the same reviewer for
consistency. For certain vambles (i.e.weather conditions lighting conditions, and relation to
junction) the O A O E Aasdes3medt was compared to the assessment of tB&IRP 2professional
reductionists. If there was a disagrement, the video was reexamined. The proximity point was also
determined by both the reviewer and the SHRP 2reductionists, for this variable the SHRP 2
reductionist assessment was used, but it should be noted that there was very little difference in the

recorded results.

LSCP/RSCP LTAP/OD, LTAP/SD RTAP/OD, RTAP/SD Other
Figure 21. Crash Modes from SHRP 2 video analysis.

4.3.1.2 Duration Visible

The time duration that a pedestrian was visible was calculated by manual examination of the
event video. The timestamp of the moment when the pedestrian was first visible was recorded,
whether or not the pedestrian was on the road. If they were not on thead, meaning they were on
the sidewalk or the road shoulder, for example, then the timestamp of the moment they first entered
the road was also recorded. The duration visible was defined as the time from when the pedestrian

was first visible until the time the pedestrian reached the impact proximity point. The impact
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proximity point was defined as the time at which the subject vehicle first made contact with the

pedestrian or, in the absence of contact, when the subject vehicle was closest to the pedestria

4.3.1.3 Vehicle Time Series Data

For each event, the subject vehicle time series data were examined. The event sample rates
differed based on the vehicle and the data type. Brake activation was recorded at a rate of 10 samples
per second. Vehiclspeed was recoded at a rate between 1 and 1@amples per second, depending
on whether the vehicle recorded vehicle speed using the vehicle network systefoffering rates >
1Hz) or the speed calculated based on GPS locati@ollected at 1 Hz) For this study network speed
was used, when possible, because it had a higher sampling rate. Where network speed was not
available, GPS speeds were used instead. When determining travel speed of the vehicle, the vehicle
speed was linearly interpolated between the adjacent samplés an effort to compensate for different
sampling rates and correct for differences in the sampling rate of the vehicle data and the frame rate
of the video. Time to collision (TTC) at braking was defined as the time from the onset of braking to

the collision (or proximity impact point).
4.3.2 RESULTS

4.3.2.1 Comparison of SHRP 2 to Nationally Representative Datasets

Table11 comparesSHRP2 to GES and FARS, two nationaligpresentative databases. SHRP
2 follows similar trends to both GES and FARS in terms of driver age, driver gendand weather. In
general, SHRR2 tended to be closer to GES which was expected due to the fact that GES contains
incidents of all crash severities wiereas FARS is only fatalities. SHRPhad more female divers than
GES or FARS and SHRMPad a higher proportion of incidents tha occurred at intersections thanGES
or FARS. This may be because there is a higher chance of vekpedestrian interaction a
intersections, but these interaction do not necessarily translate to more police-reported or fatal

vehicle-pedestrian crashes. ThR6&HRP 01 OEA 06 AAOACIi OU EO A 1 AOCA
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locations. This category is primarily made up of events that occurred in parking lots. The majority of

the non-fatal vehicle-pedestrian incidents in both GES an8&HRP 2occurred during daylight hours

whereas the majority of fatal vehiclepedestrian interactions occurred during dark lighting

conditions (Table11).

Table 11. SHRP 2 Pedestrian events compares to US Databases, GES and FARS.

SHRP 2 SHRP 2 GES Cases GES FARS Cases FARS
Events % (2011 z2015) % (2011 z2015) %
Total 161 100 370,874 100 24,197 100
Driver Age
Young Adult (< 25) 47 29.2 73,170 19.8 8,540 35.3
Adult 68 42.2 251,573 67.9 12,546 51.7
Senior (| 65) 43 26.7 46,129 12.4 3,524 14.3
Driver Gender
Male 82 50.9 229,190 61.8 15,512 64.1
Female 77 47.8 141,684 38.2 6,264 25.9
Unknown 2 1.2 - - 2,421 9.9
Lighting
Daylight 106 65.8 207,578 56 5,692 235
Dark-Not Lighted 3 1.9 33,735 9.1 8,361 34.6
Dark-Lighted 48 29.8 112,298 30.3 8,928 36.9
Dawn 1 0.6 4,401 1.2 383 1.6
Dusk 3 1.9 11,168 3 500 2.1
Other - - 1,694 0.4 333 1.4
Weather
Clear 145 90.1 273,992 73.9 21,403 88.5
Rain 15 9.3 40,521 10.9 1,954 8.1
Cold related - - 54,434 14.7 265 1.1
Other/Unknown 1 0.6 1,044 0.3 575 2.4
Crash Location
Non-Junction 48 29.8 153,039 41.3 16,480 68.1
Intersection o8 36 62,309 16.8 2,754 11.4
Intersection Related 16 9.9 137,461 37.1 3,700 15.3
Other 38 23.6 18,063 4.8 1,263 5.2

4.3.2.2 Analysis of SHRP 2cases: Duration Visible
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As shown in Table 12, about 33% of the incidents involved visual obstruction of the
DAAAOOOEAT ET OEA OEIi A 1T AAAET ¢ ODP Ohclud&dven6inAEAAT O
which the pedestrian was obstructed by trees, a building, a telephone pole and a dumpster.

Table 12. Breakdown of SHRP 2 Events with Obstructions.

Events Percent of Total
Total 161 100%
Obstructions 53 32.9%
Moving Vehicle 38 22.4%
Parked Vehicle 11 6.8%
Other 4 2.4%

LSCP and RSCP, scenarios in which the pedestrian was travelling perpendicular to the vehicle,
account for over 60% of events and make up the two most common crash modes, as showRigure
22. Figure 23 shows that the median duration the pedestrian was visible did not differ substantially

between crash modes, but that RTAP/SD tended to have lower duration visible than the other crash

LSCP  LTAP/ LTAP/ Unknown/ RSCP  RTAP/ RTAP/
OD SD Other OD SD
Vehicle-Pedestrian Crash Modes

modes.
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Figure 22. Incidence rates of crashmodes in SHRP 2.
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Figure 23. Duration pedestrian was visible by crash mode. Téapoints above and below the boand
whisker plots are outliers which were definedas points greater than 1.5 times the interquartile
range away from the median.

As shown inFigure 24, in about 90.8% of cases, pedestrians were on the road and visible for
longer than one second, 82.4% were visible for at least 1.25 sexts, and 73.2% were visible for at
least 1.5 seconds. Total time the pedestrian was visible tended to be longer than the time the
pedestrian was visible and on the road meaning that in many cases the pedestrian was visible before

they stepped into the road
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Figure 24. Distribution plot of duration visible for the total time the pedestrian was visible and the
duration visible only for when the pedestrian was on the road. The dotted line is located at one
second duration visible whch is the assumed minimum time needed for injury mitigation.
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4.3.2.3 Analysis of SHRP 2 Cases: Driver Braking TTC
As shown inFigure 25 the Braking TTC values were notugstantially different between the
crash modes. RTAP/OD had slightly lower Braking TTC than the other crash modes and LSCP had

the largest number of outliers all above 2.5 seconds.
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Figure 25. Braking Time-To-Collision (TTC) by crash mode. The points above and below the ko
and whisker plots are outliers which were definedas points greater than 1.5 times the interquartile
range away from the median.

All but one of the SHRP2 drivers involved in near-crashes braked, while in bothof the
pedestrian crash cases the driver took no evasive action. As shownFigure 26, the majority of the
subject vehicles decreased their travel speed in the last sew preceding the impact proximity point.

In 10% of theanalyzedcases, drivers began evasive actions less than one second prior to the potential

collision.
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Figure 26. Comparison of vehicle speed at 1 second before the impacogimity point (IPP). The
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dotted line is the points were the speed before and at the impact proximity point were the same

indicating no braking occurred.

On average, drivers initiated braking evasivananeuvers an estimated 1.5 s prior to the

potential collision, with 50% of drivers initiating braking at a TTC of 0.97 s or lesg~(gure 27 and

Figure28(Q 8
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evasive action in about 52.8% of the observed events.
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Figure 28. Cumulative distribution plot of time-to-collision of braking for daylight and non-
daylight lighting.

4.3.3 DISCUSSION

The SHRP 2naturalistic driving study is a useful tool because it contains important
information (e.g. TTC at brakingwhich is unavailable in traditional datasets. The drawhck of using
a database likeSHRP 2 however,is the comparatively small sample size of rare events such as
crashes. To compensate for this limitation, neacrash events were included as they are much more
common events. Neaicrashes have been shown to beepresentative of crash events, but to check
this assumption SHRP 2was compared to GES and FARSHRP 2events were shown to be more
similar to GEShan FARSbut generally followed the same trendsSHRP 2had a larger proportion of
events that occurred & intersections than GES or FARS which may be attributed to more vehicle
pedestrian interactions at intersections. GES and FARS may have lower recorded velpedestrian
interactions at intersections than SHRP Zoecause cars tend to go at lower speeds meing that

police-reported and fatal interactions are less likelyat those locations
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One potential method to mitigate the increasing vehickpedestrian problem is the use of
active safety systems to detect and avoid pedestrians through the use of autoncagémergency
braking (AEB) systems. Most AEB systems depend on a combination of radar and camera to detect
pedestrians, and require at least one second to dateand initiate an evasivananeuver. To estimate
the potential benefit of AEB the duration thepedestrian was visible to the forward facing camera was
calculated. In about 33% of the cases there was some sort of obstruction that decreased the amount
of time the pedestrian was visible. It was also found that on average the duration visible was sleort
when the vehicle made a right turn into the path of a pedestrian traveling in the same direction as
the vehicle (RTAP/SD). This information indicates that RTAP/SD interaction may be more difficult

for AEB systems to prevent and/or mitigate than other @sh modes.

Current AEB systems have a threshold TTC that must be reached before a response is
initiated. This threshold is necessary in order to encouragadoption of the technology bykeeping
unnecessary AEB activation to a minimum. Based on the assungutithat one second is neded to
detect and respond to a pedestrian conflictan AEB system would have sufficient time to mitigate
approximately 80% of the events examined. Mitigation mean$at the severity of the crash would be
reduced either by avoidanceof the collision, reduction of impact speed, or another change in the

crash scenario that reduces injury.

In many cases the driver initiated braking before the one second TTC threshold was reached
meaning that AEB system activation would have occurred tef the driver initiated evasive action.
Therefore, AEB activation was examined at various AEB braking thresholds in relation to the TTC of
OEA AOEOAO8O MEEOOO AOAOEOA AAOEI T8 &1 O OEEO AT AT
before vehicle pedestrian interaction occurs, not the amount of time the system needed tecognize
and respond to the pedestrian. A limitation of this analysis is that the duratiothe pedestrian was

OEOEAT A xAO 110 AiTOEAAOAAN | Tattith afteeiell thd restits.| A& OEA A

a7



expected, the sooner the AEB system braked the more likely the AEB system would brake before the

driver.

This study presents an examination of characteristics associated with remlorld vehicle-
pedestrian crashes and nearrashes to estimate the benefit of pedestrian AEB systenm the USA.
The use of naturalistic driving data allows the investigation of crucial parameters for active safety
design, which are not available in retrospective police reported crash databases. Beecrucial
parameters include the timeto-collision of driver evasive maneuvers, pedestrian evasive
maneuverers time the pedestrian was visible and the incidence of obstructions. This information can
be used to estimate the benefit of active safety systesmsuch as AEB, on mitigating pedestrian traffic

related fatalities and injuries.

4.4 AUTOMATIC EMERGENCY BRAKING SENSOR CONFIGURATION EFFECT ON THE

DETECTION OKJ.SPEDESTRIAN$6]

4.4.1 APPROACH

4.4.1.1 Reconstructi on

To reconstruct the vehicle and pedestrian trajectories, the trajectory points were digitized
from the scanned PCDS crash scene diagrams. The scene diagrams were loadedinoCAD, scaled,
and oriented so thatthe origin was located at the frontcenter of the vehicle at impact with the vehicle
heading toward the positive yaxis. The vehicle and pedestrian trajectory points were then collected
relative to the origin. If a crash scene diagram only had one vehicle trajectory point, a second
trajectory point was extrapolated based on the impact position of the vehicle, vehicle heading, and
the event summary. To create a smooth vehicle/pedestrian path, the measured trajectory points

were connected together. If the trajectory was straight, a linear path wasttied to the trajectory
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points using linear regression to minimize the error of the positions in the scene diagram. For curved
trajectories, the measured trajectory points were fit to a curve. To fit the curved trajectories, the

trajectory points were loaded into MATLAB and the curve fitting tool was used to fit the points,
minimizing the root mean square error, with a variety of potential curve models including, but not

limited to, exponential, power, tangent, cotangent, and secant. Two cases, where the
veEEAT ATPDAAAOOOEAT -&O\hadneubed visrediftel disi@g afpardbslic model. The

models were manually inspected to ensure that they fit with the crash summary and then the model

with the best Rsquared value was used. The vehicle and pedestnig&rajectories are shown inFigure

29in global coordinates, where the origin was the front andenter of the vehicle, the yaxis was along

the vehicle longitudinal axs, andthe xA@EO xAO Al 11 ¢ OEA OAEEAI AG6O £A&EOI

impact.
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Figure 29. Vehicle (blue) and pedestrian (red) tajectories in global coordinates for the arly/weak
(left) and late/hard (right) braking driver.
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To obtain the position and speed of the vehicle and pedestrian in the time prior to the crash,
the scenario was reconstructed backwards from the point of impact based on the impact speed
estimated by the crash scene investigator. The pedestrian wassumed to walk at a constant speed
AT A OAEA 11 AOAOEOA AAOQET 108 O0AAAOOOEAT OPAAA xA
whether or not they were travelling in a group. The pedestrian walking speed ranged from 1.15 to
1.45 m/s based on the pededsian age and whether or not they were walking in a groue0]. For the
vehicle, if there was no evidence that the driver braked before the collision, it was assumed that the
vehicle travel speed was equivalent to the impact speed. If there was evidence of braking, there were
two equally likely potential driver braking patterns utilized, an early and weak braking pattern and
a late and hard braking pattern. The early/weak braking drivepattern was assumed to start braking
at a time-to-collision (TTC) of 2 seconds with a maximum deceleration of 0.2 g. The late/hard braking
driver pattern was assumed to start braking at a timeo-collision (TTC) of 0.4 seconds with a
maximum decelerationof 0.4 g. These two braking models were chosen because the true brake
timing and maximum deceleration were not known. The two braking models were intended to
OAPOAOGAT &6 AT OPPAO AT A 11 xAO AT OT A xEOE OEA AOEOA
[61]. Both braking models were assumed to have a jerk, or acceleration rate, of 10.7 fn/df there
was braking, the braking was assumed to begin at the TTC value of the braking model whether or not
the pedestrian was visible and a the road. The vehicle and pedestrian trajectories were calculated

outto a TTC of 3 seconds.

For each time point we alsaecorded whether or not the pedestrian was @ the road and
xEAOEAO 10 110 OEA DAAAOOOEA] Fohis studyOddipyisiBah A EOT
obstructions, such as parked and moving cars and any physical objects denoted in the crash scene
diagram, were considered. Visual obstructions such as glare from the sun or headlights were not

considered. Similarly, darkness or lack of street lighting were not considered obstructions for this

study.
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4.4.1.2 Simulation

Based on the calculated vehicle and pedtrian trajectories, simulations were
conducted with a hypothetical AEB model to estimate when and where various hypothetical AEB
sensors could potentially detect the pedestrians. The AEB sensor was modelled on the froenter
edge of the vehicle with veied sensor field-of-view (FOV) and ranges. It was assumed that the sensor
was attached to the front andcenter of the vehicle with thecenter axis of the FOV aligned with the
longitudinal axis of the vehicle. FOV was varied from10° to £90° and range wasvaried from 20 m
to 100 mto capture a range of system specifications seen in commercially available radar and LiDAR

systems[62].

The simulation was conducted using a specially developed code written in the R
programming language. The code used the vehicle and pedestrian trajectories to determine the
starting parameters and the path the vehicle and pedestrian would take and théiterated forward
in time. At each time point the code determined if the pedestrian was detectable based on their
location relative to the vehicle, whether they were in the road, and whether they were obstructed
EOT I OEA OAT O1 086 O sivEafion &as yitin DeErdngeEaAdFA\DAD DeEsAnsar and
there was a direct line of sight to the pedestrian; then it was assumed that the pedestrian was
detected by the sensor. This assumed that the sensor system, regardless whether radar, LIiDAR, or
cameras, was always capable of detecting a pedestrian in view. We assumed that an AEB system

would only detect a pedestrian once it was in the road becauffethe pedestrian was not in the

roadway, it was assumed that the system would not perceive the pedestrias a threat.

At every time point, the code used the kinematic equations of motion to calculate the
displacement over the time step (0.01 seconds) and the new velocity and acceleration for the vehicle
and pedestrian. The displacement was projected onthe estimated path to calculate the new vehicle

and pedestrian location. It was assumed that the front andenter of the vehicle followed the
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estimated path. A simple bicycle type kinetic model was used to calculate the location of the vehicle
rear relative to the vehicle frontasshown in equation (1) z (3) where X and Y indicate the X and Y
location of the center of the vehicle rean represents the vehicle speed in m/syorepresents the time
step,—represents the headingi 0 Q'Q1 rQ@resents the steering angle, and represents the vehicle

length which was calculated by multiplying the vehicle wheel base by 1.2.
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For this study, the primary focus vas pedestrian detection and not on avoidance/mitigation,
therefore the hypothetical AEB system was designed to not activate. More details on the full code

can be found inHaus, et al. [63]

Analysis was conducted by identifying whether or not the pedestrian could be detected prior
Ol EIi PAAOh OEA PAAAOOOEAT 8O 11 AAQGEIT OAI ACEOA Oi
and the timeto-collision (T4#Qq AO OEA OEI A 1T &£# AAOCAAOEI 18 4EA b/
calculated relative to the AEB system on the vehicle meaning that theayis corresponds to thecenter
forward facing axis of the sensor. The TTC at detection was calculated by dividitg tinear distance
to the original impact point by the vehicle speed at the moment the pedestrian was detected. In

addition, the relative location of the pedestrian was calculated at TTCs of 1, 2, and 3 seconds to

examine the sensor angle and range necesgdo detect pedestrians over time.

4.4.2 RESULTS

Sensor effectiveness was first defined as the ability of the sensor to detect the pedestrian

before impact. As shown irFigure 30, sensor range had very little effect on the ability for the sensor
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to detect the pedestrian. Only the sensor with a FOV $10° showed any effect of sensor range with

a 3 percentage point decgase in estimated detection ability for a sensor with a 20 m range compared
to a range of 40 m or greater. Sensor FOV had a larger effect on the ability of the system to detect the
pedestrians. The sensor with the narrowest FOV4(0°) was able to detect arestimated 58-61% of

the pedestrians while the widest FOV sensor (90 was able to detect 99% of the pedestrians.
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Figure 30. Percentage of cases in which the pedestrian was detected for sensor FOVs fa@’® to
+90° and sensor ranges from 20ni 100m.

While sensor range did not show a large effect on the ability to detect a pedestrian before
impact it does have a substantial effect on where the pedestrian was detected. As showRigure 31,
the AEB system with the narrower FOV and shorter range detected the pedestrian much closer to the
impact point. While the pedestrian is still detected with a shorter range sensor, the system waul
have much less time to detect, identify, and take evasive action to avoid the collision. Also notable is
that even when the FOV is wide and the range is long, many pedestrians were not detected until they
were within 50 m and only a few were detectable tedistances greater than 80 m. As expected, cases
in which there were obstructions (Figure 31 blue points), the pedestrian tended to be detected much

closer to the impact point than cases with no known obstructions.
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Figure 31. Pedestrian location when first detected by sensor system with sensor FOVs frait0° to
+90° and sensor ranges from 20ni 100m. Blue points indicate cases with obstructions and green
points indicate cases with no known obstruction.
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difficult to determin e how much time the system would have to react by that metric alone because
the vehicle speed was not taken into account. To account for speed the TTC was calculated at the time
the pedestrian was detected. As shown iRigure 32, in less than 25% of the cases the pedestrian was
estimated to be detectable at TTCs less than 1 second. The median TTC at detection increased with
increasing sensor FOV and range. Increasing send=OV primarily increased the toe region of the
graph so that there were fewer cases with a TTC of less than 1 second at detection. Increasing sensor

range primarily increased the number of pedestrians that were detectable at the maximum TTC of 3

secondsA TTC of 3 seconds was the most common detection which indicates that many pedestrians
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were detected at the start of the simulation. It is possible that the pedestrians could have been

detected at TTCs higher than 3 seconds, but longer TTCs were not cdesid in this study.

The relative pedestrian angle and distance was examined at TTCs of 1, 2, and 3 seconds
(Figure 33 and Figure 34). As expected, median pedestrian distance decreased with TTC. The median
distance at a TTC of 1 second was 6.4 m compared to median distances of 15.5 m and 22.4 m f&a TTC
of 2 and 3 seconds, respectig. There was very little difference between the relative pedestrian
angles across TTC, although angles decreased slightly as TTC increased. The median pedestrian angle

was 14.3, 12.5, and 11.8 for a TTC of 1,2, and 3 seconds, respectively.
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In-depth vehicle-pedestrian crash data in the U.S. is limited. While PCDS is the most recent

publicly available vehiclepedestrian crash database that contains reconstructions, crash scene

diagrams, detailed vehicle damage reports, ardktailed injury records, the age and size of the dataset

is a limitation. The data set was collected from 1994 t01998 and contains only 530 crashes. While we

assumed that the crashes from the collection range resemble crashes that occur today, changes in

driver or pedestrian behavior, different types of distractions, and more pedestrian friendly

intersections could affect the applicability of these crashes.

The simulation model assumed that the vehicle followed the estimated trajectory and that

the vehiclewas able to achieve the necessary braking regardless of the lateral acceleration associated

with turning. Given that the hypothetical braking forces used in this study did not exceed 0.4 g, we
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believe this is a good assumption, but this assumption may nbe so applicable with higher braking

forces.

Time to collision (TTC) was calculated by the linear distance to the impact point by the vehicle
velocity. While this assumption isreasonablefor cases in which the vehicle is travelling straight, this

method may underestimate the TTC for vehicles in turning cases, particularly at longer TTCs.

The sensor with the widest FOV was estimated to be able to detect 99% of pedestshefore
the crash occurred. This estimate assumed an ideal sensioe. a sensor thehad no false positive or
false negatives, was equally effective in all weather and lighting conditions, and instantly detected
the pedestrian. Studies have shown that different sensors, such as camera, radar, and LiDAR may
have different effectiveness bsed on the distance of the pedestrian, environmental conditions, and
pedestrian characteristics such as height or clothing typ¢64]. AEB systems may also have a
computational latency over which the system must identify that the pedestrian is a pedestrian and
that they are on a trajectory tointeract with the vehicle. These factors were not considered in this

study and may reduce the detection ability of a sensor system.

In addition, we assumed the sensor was located on the frorenter of the vehicle. If the
pedestrian became visible immeditely prior to the crash the sensor cone may have missed the
pedestrian. Alternate sensor placement or additional sensors, such as corner sensors, could affect the

ability for the system to detect the pedestrians in these cases, but that was not examinedhiis study.

This work only considered pedestrian detection. While sensor FOVs above 70° showed
minimal additional detection benefit in this study, wider FOV sensors may benefit other vulnerable
road users such as bicyclistd.enard, et al. [65]found that bicyclists required wider FOVs and longer
ranges to be detected in the same proportions as pedestrians. US studievénaxamine earliest
detection opportunity for bicyclist and animals[4] [19], but have not to our knowledge conducted

analysis of sensor requirements necessary to detect these other road users.
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The results presented in this study generally agree with similar analysis conducted using
European datalLenard, et al. [6] conducted a TTC analysis of pedestrian crashes usingdepth data
from the UK and found similar distributions of distances at the TTCs leading up to the crashes, but a
smaller range of pedestrian angled.enard, et al. [65]did not show pedestrian angles above45°,
whereas this study shows angles as high as +90° despite both datasets containing cases with

travellin g straight and turning vehicles.

4.5 CONCLUSION

Three different approaches were usedo examine the earliest detection opportunity in

vehicle pedestrian crashes.

The first method used the distance the pedestrian travelled in the road and the estimate
pedestian speed from the PCDS dataset to estimate the time the pedestrian was in the road. This
method estimated that most (80%) of pedestrians were in the road for more than one second prior

to the collision.

The second method examined vehictpedestrian crashes and nearcrashes from the SHRP 2
database and estimated the duration the pedestrian was visible through manual inspection of the
forward facing video camera. This methoddund that 90% of pedestriars were visible for at least one
second and characteried the types of obstructions that may not be represented on a crash scene
diagram. In addition, both the total time and the time in the road were examined and it was found
that while total time increased the maximum duation visible for some casedlid not have a large

effect on cases in which the pedestrian was detectable for less than a second.

The third method simulated crashes from PCDS to examine the effect of a variety of sensor
field-of-views and ranges on the ability to detect pedestrianssensor range was varied from 20 to

100m and found to have little effect on the detectability of pedestrians prior to the collision, but
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increased range did cause the pedestrians to be detected sooner. Sensor range was found to have a
larger effect on detectability with a £90° degree sensor detecting up to 99% of the pedestrians
compared to only 5861% for the £10° degree sensor. Depending on the sensor,-88% of the

pedestrians were visible for longer than one second prior to the crash.

Despite the different methodlogies, the three methods yielded similar results. All three
methods found that the majority of pedestriars were visible for longer than one second prior to the
crash. This is encouraging for FAEB technology as the longer the pedestrian is detectable gtimore

time the system has to mitigate or avoid the crash.
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5 PEDESTRIANEBEFFECTIVENESS

5.1 RESEARCHDBJECTIVE

Automatic emergency braking has the potential to mitigate or avoid vehiclpedestrian
crashes. This chapteseeks to estimate how effective AEB could be at mitigating crashes and injuries
in the US. AEB systems may have varying sensor configurations, system parameters, and limitations.
The aim of this chapter wado estimate the effectiveness of AEB in U.Sashes for a variety of AEB
systems.Two model methods were implemented. The firstnethod estimated effectiveness by using
the reconstructed impact speed and information about the scene and driver reaction to determine if
the vehicle with a hypothetical PAEB system could have avoided the crash by coming to a complete
stop prior to the impact location (temporal avoidance). The second method improved upon the first
by incorporating the pedestrian and vehicle trajectories from crash scene diagramsensor system
limitations, and by considering a crash could be avoatlif the vehicle braked enough to avoid striking

the pedestrian, but did not come to a complete stofspatiotemporal avoidance)

5.2 ESTIMATEDBENEFIT OFAUTOMATEDEMERGENCYBRAKINGSYSTEMSORVEHICLE

PEDESTRIANCRASHES IN THE.S[2]

5.2.1 APPROACH

The overall approach in this study consisted of three main componentsirst, the model of a
hypothetical AEB system with pedestrian detection ability, henceforth referred to as pedestrian AEB,
was developed to determine the system effect on the crash. Second, a pedestrian injury model was
developed to quantify the effect otrash factors on injury and fatality risk for the struck pedestrians.
Finally, the pedestrian AEB model and injury risk curve were applied to realorld cases to

determine the benefit if all cars and light trucks and vans (LTVs) were equipped with pedesn AEB.
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A diagram depicting the approach is shown ifrigure 35.

Figure 35. Study approach overview.

5.2.1.1 Data Sources
To conduct this study three U.S. databases were utilized: 1) the Pedestrian Crash Data Study

(PCDS), 2Xseneral Estimates System (GES), and 3) Fatality Analysis Reporting System (FARS).

PCDS cases aeve excluded if impact speeds werenissing, pedestrian age was missing, if the
time visible could not be determined, or if the pedestrian was a child under agé10f the 530 cases
in PCDS, 87 were missing impact speeds. We were unable to estimate the tthepedestrian was
visible in an additional 11 cases. In 94 cases, the pedestrians were under the age of 15 or were missing
pedestrian age. The final sample sl in this study consisted of 338 cases which involved 346

pedestrians.

PCDS is a clinical sample, and not inherently nationally representative. To correct for this
potential bias, a weighting scheme was developed based on vehicle type and police reporitgdry
severity to match the proportions seen in the General Estimates System (GES) from 2@015
(Table 13). Injury severity is recorded in GES using the KABCO sc#@&BCO is an injury scale used
by law enforcement to rank injury severity in which K (Killed) represents a fatal injury, A is a
suspected serious injury, B is a suspected minor injury, C is possible injury, and O in no inj{#y].

As an example, ouanalysis showed that PCDS under sampléalv severity crashes, so the weighting
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factor for low severity PCDS crashes was greater than 1. Fatal and incapacitating injury crashes were
oversampled, so the weighting factor for these crashes tended to be less thafrARS was primarily
used to find the target population so that PCDS eff@éatness could be compared to real world fatality

numbers.

Table 13. Table of the weights applied to the PCDS cases to match GES distribution of KABCO

scores.

PCDS GES -

KABCO Scale PCDS Incidence Incidence Weighting

Cases Factor

Rate Rate

0 No injury 2 0.013636 0.031699 2.868745

C Possible Injury 42 0.222727 0.349757 1.507285

o | B NO”"”I%?SSC”&‘“”Q 49 0277273 | 0.347107 1.28217
o]

O | A | Incapacitating Injury 69 0.368182 0.200611 0.52624

K Killed 21 0.109091 0.044358 0.382324

U Injury, Severity 1 0.009091 | 0.026469 4.790844

Unknown

0 No injury 1 0.008197 0.035422 3.861007

C Possible Injury 27 0.213115 0.376073 151822

o|®B Non—mlc;]?s;cntatmg 33 0311475 | 0.291488 0.962792

= [ A | Incapacitating Injury 38 0.319672 0.196567 0.563837

K Killed 15 0.131148 0.071357 0.51853

U Injury, Severity 2 0.016393 0.029093 1.585585

Unknown

5.2.1.2 AEB model with pedestrian detection ability

The pedestrian AEB system was modeled to function by 1) detecting the pedestrian and 2)
applying emergency braking. The system effectiveness depends primarily on the time the pedestrian
was visible, vehicle travel speed, road surfaceonditions, system mebanical latency, and the time
to-collision (TTC) threshold at which the system initiates emergency braking. The time the

pedestrian was visible, travel speed, and road surface conditions were calculated from PCDS cases.

The AEB system with pedestriamletection was modeéd with a range of mechanicdhtencies

(0 2 0.3 seconds) and braking TTChtesholds (0.5z 1.5 seconds). Mechanicdatency was defined as
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the time required for the system to prepare the vehicle for braking. It was assumetat the sysem
instantaneously identified the object as a pedestrian and determined the pedestrian wam a
collision course with the vehicle.This range of latency values was chosen because braking systems
can have mechanical delays in the range of about 0.2 secorj@8]. Values above and below 0.2
seconds were chosen toaccount for norrideal situations and technological improvements
respectively. As shown inEquationp, TTC was defined as the distance to the pedestrian divided by
OEA OAEEAI A86O ET OOAT OAT AT OO OAI T AEOU8 4EAng44+#
thresholds reported by Rosén[67].
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The modeled pedestrian AEB system calculated time the pedestrian was visible (hereafter
referred to as detection time) by taking into account walking speds and obstructions. Detection
time was defined as the distance the pedestrian traveled unobstructed in the road divided by the
DAAAOGOOEAT 6 O A OOEHgdaloAh Distahde Fravéleg wad Pafkcdlated py multiplying
the number of unobstructed lanes the pedestrian crossed by an estimated lane width of 3fie 3m
width is on the shorter range of U.S. lane width$8], but this value was conservatively chosen as a

shorter lane width would result in lower detection times. Walking speed was estimated based on

pedestrian age. Estimated walking speed ranged from 1.%51.45 m/s [60].
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The pedestrian AEB system braking peak magnitude was assumed to reach 0.8g in dry road
conditions, 0.4g in wet road conditions, and 0.3g in icy road conditiorj69]. It was assumed that AEB
would increase braking deceleration at a jerk 0f30m/s3 [23]. There were threepossible braking

configurations: 1) if the pedestrian was detectable for longer than the latency and threshold
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combined, the system started braking at a timéo-collision (TTC) value equivalent to the TTC
threshold 2) if the pedestrian was detectable fotonger than the threshold but not longer than the
latency and threshold combined, the system started braking once the TTC threshold was reached and
latency period had elapsed 3) if the pedestrian was detectable for less than the TTC threshold, the
system garted braking once the latency period had elapsed (i.e. after the system had identified the

pedestrian). These configurations are depicted inFigure 36.
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Figure 36. Potential AEB braking profile cases.

Travel speed of the vehicle was estimated by assuming two human braking patteigd]. The
method described is based on work done in estimating TTC of brakifig0]. The first pattern modeled
a driver who braked late, but with a hard magnitude. The late and hard braking driver braked at 0.4
seconds TTC and reached a deceleration of 0.4g. The second pattern modeled a driver whodmtak
early, but with a weak magnitude. The early and weak braking driver braked at a TTC of 2 seconds
and reached a deceleration of 0.2g. The parameters of the models, showtrigure 37, were chosen
based on previous studies in human braking applicatiofv0]. Both driver braking patterns assumed
a jerk of-10.7 m/s3[23]. These two patterns are intended to model the range of typical driver braking

and thereby formboundaries between which most drivers would fall.
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Figure 37. Deceleration profilesfor (A) early/weak braking driver and (B) late/hard braking driver
with ramp -up braking.

UsingEquationo, travel speeds were estimated given impact speeds and whether or not there
was evidence of driver braking from the PCDS databasEhe variables0 and 0 are the
calculated travel speed and impact speed in m/g)is the maximum acceleration in m/$, 0is the jerk

or deceleration rate in m/s3, and TTC is the time to collision in seconds.

\ e MO . e .
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If the case had no evidence of braking, it was assumed that the travel speed equaled the
impact speed. In approximately 46% (173/416) of the cases, investigators reported no evidence of
braking. As shown inFigure 38, the impact speeds for braking and notraking drivers are similar

with the braking drivers having slightly lower impact speeds than the nofbraking drivers.
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Figure 38. Cumulative distribution plot of impact speeds for braking and norbraking drivers in

the AEB-relevant cases.
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5.2.1.3 Pedestrian Injury Model

The pedestrian injury model was developed using the Maximum Abbreviated Injury Scale
(MAIS) coding from PCDS (PCDS injury codingad AIS90). PCDS was used for this assessment
because GES and FARS do not report injury severity using AIS. AlS ranges fr@nAlS = 1 indicating
minor injury and AIS = 6 indicating maximal injury. For this study, an MAIS score of 3 or higher,
including fatalities, (MAIS3+F) injury curve and a fatal injury curve were developed for pedestrians
struck by cars and LTVs separately. This approach was followed because injuries sustained from
being struck by a car and a LTV are expected to be different duediéferent striking geometries and

heights[71].

A logistic model was fit to the weighted PCDS data using impact speed and age ageiables.
The glm (generalized linear model) function in the R comging programming language was used to
fit the data to the equationst and v, shown below[72]. In the equations belowv is the impact speed
in kilometers/hour and a, b,and c are coefficients calculated from the logistic model. P is the
probability of a fatality or injury. The model coefficients were calculatd separately for cars and LTVs

and are shown in Tablel.

0 OR "QQ 1

0 0RO "QQ

p ADDO ® Z0) ® z Q0

Table 14. Pedestrian injury model coefficients

Vehicle Type Severity a b c
Car Fatal -8.119 0.0968 0.0364
LTV Fatal -7.264 0.0752 0.0527
Car Injury (MAIS3+F) -4.897 0.0940 0.0284
LTV Injury (MAIS3+F) -4.036 0.0851 0.0223
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Confidence intervals were computed based on methods outlined in Kngr et al. (2004) and
used in Rosén and Sander [73] This method defines the 95% confidencénterval as shown in
equation 6. X isa 3x1 column vetor made up of onesv is the impact speed, anégeis the age of the
pedestrian. & is the estimated approximate variancecovariance matrix which is a 3x3 matrix. The
coefficients,a, b, and care the maximum likelihood estimates that were previously detrmined. The
matrices were multiplied to give equation 7 where the subscript of S corresponds to the values

within the & matrix.

P
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Figure 39 and Figure 40 show the fatality and injury risk curves compared toRosén, et al.
[10].Roséd O AOOOAO xAOA AAOAIT 1 PAA OOETI ¢ AAOA EOITT ') $!
shifted to the left of theRosén curves which indicates a larger riskf injury or fatality at the same
impact speed. Suyprisingly, the car and LTV curves were not signifiaaly different from each other,
based on the overlap between the confidence intervalsThis may be due to small sample sizesr
differences in injuries between car and LTV struck pedestrians that are netident when using MAIS.
A injury specific analysis may show greater differences between cars and LTVs that are not evident

in these curves.
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Figure 39. Fatality risk curve for cars (red) and LTVs (blue) compared toRosén, et al. [1Qjplack).
The fatality risks are shown in relation to impact speed aaiming a pedestrian age of 30. The dotted
and dashed lines correspond to a 95% confidence interval.
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Figure 40. MAIS3+F injury risk curve for cars (red) and LTVs (blue) compared to Rosén, et al.
[10](black). The injury risks are shown in relation to impact speed assuming a pedestrian age of 30.
The dotted and dasled lines correspond to a 95% confidence interval.

5.2.1.4 AEB Benefits Estimation

Theinjury risk calculation for pedestrian AEBequipped vehicles utilized the impact speeds
calculated from the AEB model. Thénjury risk calculation for vehicles without AEB utilizd the

impact speed reported in PCDS. The fatality and MAIS3+F risks were calculated using equations
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and v in which fatal risk and MAIS3+F riskwere the proportions calculated from the injury models
and wt is the case weight. If impact speed was zero, m@ng the crash was avoided, then thétal

risk and MAIS3+F risk wereset to zero.
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As shown in equationsp and ¥, the percent change in fatality and MAIS3+F injury risk was
calculated by first summing theweighted injury risk across all cases if the vehicle had a pedestrian
AEB system. This value was then compared to tigury risk if the vehicle did not have a pdestrian
AEB system. As none of the vehicles in this study were equipped with pedestrian AEB, it was assumed
that the actual event was a good estimation of a vehicle without pedestrian AEBatal risk no AEB
and MAIS3+F risk with no AEfere the proportions calculated from the injury models without AEB,

andwt is the case weight.
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5.2.2 RESULTS

Travel speed was estimated from the impact speed. The cumulative distition plots show
that the late/hard assumption resulted in lower estimated travel speeds than the early/weak

assumption (Figure 41).

70



Percentage of Cases

100%

80%

60%

Source

Laterhard
—— Early/weak

Deceleration

0.2G
or
0.4G

Jerk =
10.7m/s>

time 2.0sor0.4:¢

T
40

T
60

T
80

T
100

Travel Speed (kph)

Figure 41. Cumulative distribution of calculated travel speeds for all AEBrelevant casegleft) and
depiction of deceleration profiles (righ).

As expected, thanodeled pedestrian AEB systerwvas more effective at avoiding crashes for
system designs with a higher TTC threshold and a lower latenc¥igure 42). At low TTC thresholds
(below 0.75 seconds), the highest effectiveness was observed for early weak braking drivers, but at
larger TTC thresholds the late hard braking drivers actually had a higher effectivenessSigure 42).
The early and weak braking driver likely showed lower effectiveness due to the method used to

AAl1 AOI AGA OOAOGAT ODPAAAS %AOIl U xAAE AOAEET ¢ AOl
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Figure 42. AEB system effectiveness at a range of TTC values and latency values for both the
Late/Hard braking driver scenario and the Early/Weak braking driver scenario.

For the cases in which the crash was not avoideBigure 43 generally showed an increase in
average reduction of velocity with increased TC and decreasethtency. Eaty weak braking drivers
resulted in larger average change in velocity compared to late hard braking drivers. This confirms
that the reason early late braking drivers had lower effectiveness watue to the initial travel speed;
although early weak brakingdrivers had larger changes in velocity, they were not able to completely
avoid the crash. The average change in velocity for late/hard braking drivers and early/weak brakgn

drivers ranged from 10z 25 km/h and 18 z 30km/ h, respectively.

Early and weak br&ing drivers showed slight decreases in change in velocity at a TTC value
of 1.5 secondsFigure43). As TTC increases, more and more cases are estimated to be avaitiedlly

leaving only the hard to avoid cases in which AEBIth pedestrian detection ability can do little to
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avoid. The remaining cases have lower estimated earliest pedestrian @etion opportunities and
often have adverse road surface conditions (e.get or icy roads) that reduce the ability of the vehicle
to brake.
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Figure 43. AEB system average change in velocity for unavoided cases for a range of TTC and
latency values for both the Late/Hard braking driver scenario and theEarly/Weak braking driver
scenario. The number on the bar corresponds to the number of unavoided cases.

Figure 44 further showsthat increasing TTC and decreasingtancy,in turn increases system
effectiveness at reducing pedestrian fatalities and MAIS3+F injuries. Thehange infatality and
MAIS3+F risk (effectiveness) was very similar. Fatality and MAIS3+i8k reduction differed by only
1% across most TTC and latency valueShe most beneficial system (TTC = 1.5s and latency = 0s)
was estimated to decrease fatality risk between 84 and 87% and injury risk (Maximum AIS score 3

and greater) between 83 and 87% for the targepopulation.
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Figure 44. Percent change in fatality risk(left) and MAIS3+F injury risk (right) for a range of TTC
and latency values for both the Late/Hard braking driver scenario and the Early/Weak braking
driver scenario.

5.2.3 DiscussION

This study was limited by the indepth pedestrian crash data available in the U.S. While PCDS
was a valuable resource, the sample size was relatively small and is not nationally representative.
Additionally, PCDSwas collected from 19941998 on then late-model vehicles which may not be
representative of vehicles in the current U.S. fleet. However, we compared our fatality risk curves
with more recent pedestrianinjury risk curves generated with the German IrDepth Accident Study
(GIDAS)[10, 73]. The curves developed with PCDS tended to be shifted to the left, meaning higher
injury risk at lower speeds, but this was only statistically significant for MAIS3+mjury at speeds

below 73km/h. Despite these limitations PCDS is the most recent idepth vehicle-pedestrian
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database and includes important injury information and crash reconstructions not available in GES

and FARS.

This study was also limited by the lak of information concerning travel speed. The driver
braking patterns used in this study were intended to act as upper and lower bounds on normal
driving behavior. We expect that driver actions will fall somewhere between the early/weak braking

driver and the late/hard braking driver.

The predicted fatality and MAIS3+F injury estimations used in this study did not include
children due to differences in stature that could affect pedestrian vehicle interaction during
collisions. In the future we would like b extend our model to include children or develop a child

specific curve.

There are several important limitations to the AEB model. (1) We assumed an idealized
system in which there was no sensor degradation, no mechanical failures, and no computational
issues, (2) AEB algrithms are highly proprietary, therefore we analyzed a hypothetical AEB
algorithm based on characterization gathered from the literature and nowonfidential discussions
with industry, and (3) we assumed braking performance based on litature. Consequently, he
results of this investigation only representthe maximum potential of the model system which was

analyzed.

While not all crashes could be avoided, AEB with pedestrian detection abilitgould
substantially mitigate injury risk to pedestrians in the target population. The target population
accounts for about 68.8% of pedestrian fatalities (FARS 2042015) and 56.2% of pedestrians struck
(GES 20112015), meaning that about 3144% of the pedestrians struck or fatality injured by vehioks
annually would not be affected by AEB with pedestrian detection ability. The crashes that would be

affected but could not be avoided tended to have short pedestrian detection opportunities and/or
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collision. Higher benefits were estimated for the AEB system as the TTC of braking lengthened and

the latency value shortened.

5.3 DIFFERENTIAL BENEFIT OF SENSOR SYSTEM FELD-OFVIEW AND RANGE IN

PEDESTRIANAUTOMATEDEMERGENCBRAKINGSYSTEM$3]

5.3.1 APPROACH

5.3.1.1 Data Source

This study utilized vehicle-pedestrian crashesfrom the PedestrianCrashData Study (PCDS).
The PCDS dataset includes 530 vehicle pedestrian crashes involving 549 pedestrians. For simulation,
each case was only simulated once. Cases were excluded if there was not enough information in the
AOAOE OAAT A AEACOAI O1 OOiAgArES110emAiningy Adsds OrOa0dtidd, 6§ O D A (
impact speed was needed to simulate the crashes, therefore, cases were excluded if impact speed was
not estimated leaving 432 remaining cases. Cases were excluded if the primary damage was not to

the front of the vée EAT A AOA O1 OEA AEAZAOET C ET EOOU 1 AAEAI

selection criteria are shown inTable 15.

Table 15. PCDS case exchkion criteria.

Reason Excluded Number (_)f_Cases
Remaining
None Excluded 549
Include only one pedestrian per event 530
Cases missing time visible 511
Cases missing impact speed 432
No damage to front of vehicle 357

PCDS selection criteria specified that the point of impact must have been in front of the A

pillar, involving a passenger vehicle in which the only impact was the pedestrian, the vehicle had to
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be forward moving, and the pedestrian must have not been lyirdpwn or sitting at the time of impact
[74]. To match the PCDS selection criteria, the 20%12015 NASSGES vehicle pedestrian crashes

were filtered with th e following conditions:

=

Only include frontal crashes impactl_im =1, 11, )2

Only include passenger vehiclesbpdytyp im < 50

3. Only include crashes in which the most harmful event was the impact with the pedestrian
(m_harm = §.

4. Excluded crashes irwhich the vehicle was moving backwardsgcrash_im != 1B

N

NASSGES data did not have enough information to determine if the pedestrian was lying

down or sitting.

PCDS was known to have oversamplevehicle-pedestrian crashes involving children and
higher injury severity crashes. In addition, due to the age of the dataset, the U.S. fleet at the time of
the crash was assumed to have a lower proportion of light trucks and vans (LTVs) thtdre current
fleet. Injury mechanisms in LTV vehiclgpedestrian crashes have been shown to differ from those
involving cars [13]. To adjust for these known discrepancies, the PCDS dataset was weighted by
whether or not the pedestrian was a child (defined at less than 15 yemaold), the pedestrian was
struck by a car or LTV, and by injury severity (defined as police reported injury). Police reported
injury was used because this variable was available in both NA&ES and PCDS. Police reported
injury is reported using the KAB® scale in which police rate injury as fatal injury (K), suspected
serious injury (A), suspected minor injury (B), possible injury (C), no apparent injury (O), and injured

unknown severity (U) [75].

As shown in Table 16, the wdghting factors were calculatedby dividing the weighted
proportion of NASSGES cases in a given category by the proportion of PCDS cases in the same
category. The weighting factors corroborate the expected differences between PCDS and NGES.
Cases involving hildren had lower weighting factors, cases involving cars tended to be weighted

lower than their equivalent LTV weights, and higher severity crashes tended to be weighted lower.
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Table 16. Calculation of PCDS weighting factor. Weigling factor was color scaled to show the
lowest weighting factors (blue) and the highest weighting factors (green).

age | VeNce | anco| PCDS| GES | GES PCDS We%ﬁtse o | weight
Type count | count | weighted | proportion : Factor
proportion
0 2 30 | 4190 0.006 0017 | 2.974
C 38 | 258 | 46558 | 0.106 0.185 | 1.739
o B 45 | 2511 | 45512 | 0.126 0181 | 1.435
A 64 | 1299 | 26798 | 0.179 0.107 | 0594
K 22 | 238 | 5686 0.062 0.023
Adult U 11 | 28 | 3979 0.031 0016 | 0513
Pl 0 1 19 | 2745 0.003 0011 | 3.896
C 24 | 154 | 29293 | 0.067 0116 | 1.732
v B 29 | 1485 | 27097 | 0.081 0.108 | 1.326
A 33 | 791 | 16835 | 0.092 0067 | 0.724
K 14 | 244 | 5246 0.039 0021 [ 0532
U 5 17 | 2177 0.014 0.009 | 0.618
0 1 8 334 0.003 0.001 | 0474 |
C 12 | 51 | 7203 0.034 0.029 | 0.852
o B 18 | 526 | 9310 0.050 0037 | 0.734
A 16 | 181 | 3216 0.045 0.013
_ K 2 13 | 1011 0.006 0.004
(ET'SO)' U 3 5 508 0.008 0.002
o 1 6 654 0.003 0.003 | 0.929
C 3 23 | 3945 0.008 0016 | 1.866
v B 8 | 325 | 5785 0.022 0023 | 1.026
A 5 | 127 | 2968 0.014 0012 | 0842
K NA | 13 462 NA 0.002 NA
U NA | 2 19 NA 0.000 NA

Chisquare analysis of the unweighted data shows that the PCDS distribution of pedestrian
age was significantly different from NASSES distributions Table 17). Weighting the PCDS data did
not completely eliminate the difference between the PCDS distributionsand with NASSGES
distributions ( Table 18). Although the weight factors were calculated partially based on pedestrian
age, the weighted distribution was still significantly different than the NAS&ES distribution, likely
AAAAOOA OEA xAECEOET C EAAOI O x A OntiAedolrAde cdtehorie@AEET Ao

used in the chisquare analysis.
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Table 17. Chi-square goodness of fit analysis of pedestrian characteristics in PCDS distribution
compared to GES distribution before weighting.

PCDS | PCDS | GES GES GES
: . weighted P-value
count | proportion count | weighted )
proportion
Pedestrian Age
Child (0-14) 69 0.193 1280 35416 0.141
Youth (15- 24) 51 0.143 1768 52878 0.210 0.001853*
Adult (25 - 64) 186 0.521 4145 126435 0.503 '
Senior (65+) 51 0.143 1161 36805 0.146
Pedestrian Sex
Female 173 0.485 3618 110837 0.441
Male 184 0.515 4736 140696 0.559 0.094413
P-OAl OAO s n8anuv ET AEAAOA OEA OAI PI A jo#$

(GES).

Table 18. Chi-square goodness dft analysis of pedestrian characteristics in PCDS distribution
compared to GES distribution after weighting.

PCDS PCDS GES
weighted | weighted GES GES weighted P-value
: count | weighted :
count | proportion proportion
Pedestrian Age
Child (0-14) 50 0.139 1280 35416 0.141
Youth (15- 24) 54 0.152 1768 52878 0.210 0.016006*
Adult (25 - 64) 206 0.578 4145 126435 0.503 '
Senior (65+) 47 0.132 1161 36805 0.146
Pedestrian Sex
Female 175 0.491 3618 110837 0.441
Male 181 0.509 4736 140696 0.559 0.057154
*P-OAl OAO s m8nuv ET AEAAOA OEA OAI PI A jOo#$3
(GES).

Chisquare analysis of the unweighted data shows that PCDS distributions of environmental
characteristics were all significantly different from NASSGES dstributions (Table19). Weighting the
PCDS data resulted in a loss of significance when comparing the distribution of weather conditions,

indicating that the PCDS sample wasot significantly different from the NASSGES distribution.

Weighting PCDS did not affect the significance of the other PCDS distributions when compared with

NASSGES distributions Table 20). Weather conditions are important for effectiveness estimations

of P-AEB performance because adverse weather could affect the sensors ability to detect the
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pedestrian and reduces the coefficient of frictiorthereby reducing the maximum braking capability
of the vehicle. While lighting conditions are important for camerabased systems, they have less of

an effect on radar or LiDAR.

Table 19. Chi-square goodness of fit analysis of envirmental characteristics in PCDS distribution
compared to GES distribution before weighting.

PCDS | PCDS | GES | GES GES
count proportion count | weighted We|ght'ed P-value
proportion
Speed Limit
5-25 mph 37 0.104 1862 57681 0.339
30 - 45 mph 293 0.821 3935 96746 0.568
50 - 65 mph 17 0.048 247 7919 0.046 <0.000001*
> 65 mph 2 0.006 16 688 0.004
No Limit 8 0.022 241 7289 0.043
Weather Conditions
Clear 293 0.821 6961 207259 0.862
Rain 58 0.162 854 27407 0.114 N
Snow/Sleet 4 0.011 93 4732 0.020 0.024294
Fog/Other 2 0.006 39 1175 0.005
Lighting Conditions
Daylight 227 0.636 4230 132682 0.552
Dark 105 0.294 3409 98039 0.408 0.000009*
Dawn/Dusk 25 0.070 306 9826 0.041
Relation to Junction
Non-Junction 134 0.375 3052 84803 0.353
Intersection/
InteRreslzct:;lgn— 188 0.527 4468 144313 0.600 <0.000001*
Interchange 10 0.028 64 994 0.004
Other/Unknown 25 0.070 363 10463 0.043
*P-OAl OAO s n8nuv ET AEAAOA OEA OAIPI A jo#$3
(GES).

Table 20. Chi-square goodness of fit analysis of environmental characteristics in PCDS distribution
compared to GES distribution after weighting.

PCDS PCDS GES
weighted | weighted GES GES weighted P-value
. count | weighted .
count | proportion proportion
Speed Limit
5-25 mph 37 0.103 1862 57681 0.339 N
30 - 45 mph 298 0.837 3935 96746 0.568 <0.000001
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50 - 65 mph 10 0.027 247 7919 0.046
> 65 mph 2 0.005 16 688 0.004
No Limit 10 0.028 241 7289 0.043
Weather Conditions
Clear 294 0.826 6961 207259 0.862
Rain 56 0.156 854 27407 0.114
Snow/Sleet 6 0.016 93 4732 0.020 0.074581
Fog/Other 1 0.002 39 1175 0.005
Lighting Conditions
Daylight 240 0.675 4230 132682 0.552
Dark 89 0.250 3409 98039 0.408 <0.000001*
Dawn/Dusk 27 0.075 306 9826 0.041
Relation to Junction
Non-Junction 118 0.331 3052 84803 0.353
Intersection/
Intersection- 206 0.579 4468 144313 0.600
Related 0.000006*
Interchange 7 0.020 64 994 0.004
Other/Unknown 25 0.070 363 10463 0.043
*P-OAT OAO S 1 8 mamplE(PODE)AvAsQidnifi€ithdifferent from the population
(GES).

Chisquare analysis of the unweighted data shows that PCDS distributions of preash
characteristics were all significantly different from NASSGES distributions Table21). Weighting the
PCDS data resulted in a loss of significance when comparing feéent movement, indicating that the
PCDS sample wasot significantly different from the NASSGES dstribution. Weighting PCDS did not
affect the significance of the other PCDS distributions when compared with NASES distributions
(Table22). This could partially bedue to the large number of unknowns in the NASSES distribution.
Pre-event movement is important because as we show in this study system performance is reduced
when the vehicle has a cuwed trajectory. While attempted avoidance maneuver is important for
developing the precrash vehicle trajectories, the presence of a-REB system would change the
attempted avoidance maneuvers, particularly the proportion of crashes in which there was no

avoidance action.
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Table 21. Chi-square goodnss of fit analysis of precrash characteristics in PCDS distribution
compared to GES distribution before weighting.

pcDS| PCDS | GES | GES GES
count | proportion count | weighted We|ght'ed P-value
proportion
Pre-Event Movement
Straight 224 0.627 4662 126386 0.525
Turning 103 0.289 2716 94379 0.392
Accel/Deccel 14 0.039 255 9228 0.038 0.000385*
Lane Change 9 0.025 103 3477 0.014 '
Curve 3 0.008 151 5030 0.021
Other 4 0.011 60 2073 0.009
Attempted Avoidance Maneuver
No Action 140 0.392 2201 75218 0.313
Braking 163 0.457 703 19128 0.080
Steering 6 0.017 196 6160 0.026
Braking + 43 0.120 70 1562 0.006 | <0-000001*
Steering
Other 1 0.003 54 1805 0.008
Unknown 4 0.011 4723 136701 0.568

*P-OA1 OAO s n8nuv EI AEAAOA OEdffe@iflodthd | 0
population (GES).

Table 22. Chi-square goodness of fit analysis of prerash characteristics in PCDS distribution
compared to GES distribution after weighting.

PCDS PCDS GES
weighted | weighted GES GES weighted P-value
: count | weighted .
count | proportion proportion
Pre-Event Movement
Straight 196 0.549 4662 | 126386 0.525
Turning 128 0.361 2716 94379 0.392
Accel/Deccel 17 0.047 255 9228 0.038 0155942
Lane Change 9 0.024 103 3477 0.014 '
Curve 3 0.007 151 5030 0.021
Other 4 0.012 60 2073 0.009
Attempted Avoidance Maneuver

No Action 139 0.391 2201 75218 0.313
Braking 170 0.477 703 19128 0.080
Steering 7 0.019 196 6160 0.026

Braking + 38 0.106 70 1562 0.006 | <0:000001"

Steering

Other 1 0.002 54 1805 0.008
Unknown 2 0.005 4723 | 136701 0.568

*P-OA1 OAO S nm8nu ET AEAAOA OEA OAI DI A joOo#$

(GES).
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5.3.1.2 Develop Trajectories from PCDS Data

While PCDS includes crash scene diagrams, this data was not digitized tetefore required
manual collection. In AutoCAD, the PDF scene diagrams were scaled and the origin wameeffrom
the front center of the vehicle at the impact location. In order to develop the vehicle and pedestrian
trajectories needed for the simulaton, the trajectory points were manually collected from the PDF
scene diagrams. If the subject trajectory was straight, the trajectory was defined using a linear fit
model of the extracted trajectory points. If the subject trajectory was curved, the trajeaty was fit
using the MATLAB curve fitting tool and a variety of potential models including exponential, power,
cotangent models, and cascant (used for Uturn cases). Generally,ite model with the highest R
squared value was chosen. Due tbmited available trajectory points in some cases, howeveithe
model with highest Rsquared values sometimes did not match the case narrative and/or physil

constraints. In these cases the model with the next highest-§guared value was chosen.

Next, the velocity andlocation of both the pedestrian and vehicle was computed at 0.01
second intervals over the time leading up to the crastihrough simplifying assumptions of their pre-
crash actions The pedestrian was assumed to travel at a constant velocity that was estiredtbased
iIT OEA PAAAOGOOEAT 60 ACA AT A xEAOEAO 1O 110 OEAU x/
ranged from 1.15z 1.45 m/s [60]. The vehicle velocity was assumed to be mstant if there was no
reported evidence of braking prior to the crash. If there was evidence of braking, we assumed two
potential driver braking models: 1) an early weak braking driver which braked at a timego-collision
(TTC) of 2 seconds and a deceleiian of 0.2 g and 2) a late hard braking driver which braked at a

TTC of 0.4 seconds and a deceleration of 0.42). We assumedhat both the driver braking models

were equally likely to occur.

In addition to the trajectory information, we also recorded whether or not the pedestrian was

in the road and/or obstructed at each time point. A pedestrian was considered to be obstructed if
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there was a parked or moving vehicle in the crash scene diagrawhich could have blocked them
from the sensor view. If an obstruction was not denoted on the crash scene diagram, then it was not

considered in this study.

5.3.1.3 P- AEB Model

For the spatiotemporal approach, a computational model was developed to simulate each
PCDS case with and without FAEB. The PAEB model was coded using the R programming language.
The model was designed to iteratively step through time from before AEB system activation to
impact. At each time step, the position, the velocity, and the accedéipn of the vehicle and pedestrian
were calculated. If we assumedhat the driver braked in the trajectory calculation, then we also
assumed the driver braked in the simulation. The model required the vehicle and pedestrian

trajectories in addition to the case environmental characteristics and vehicle parameters.

The proposed AEB system activated when four conditions were met: 1) the pedestrian was
within the road edges and not obstructed, 2) the pedestrian was within the FOV and range of the
sensor systen (detectable), 3) the pedestrian was detectable for the length of latency period, and 4)
the time-to-collision (TTC) threshold of activation was reached. An overview of the AEB model is

depicted in Figure 45.

Range

L L]

BRAKE

@

1 1
Normal Driving :Latency: Automatic Braking
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Pedestrian TTC Impact point
Detected  Threshold pactp

FOV

=

time

Figure 45. Schematic of AEB model.
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A variety of sensor FOV and ranges were considered for analysis. According to the European
Telecommunications Standards Institute, commercially available radar systems should be able to
detect pedestrians at over 90 m under ideal conditiong62]. That range, however, may not be
achievable underadverse conditions[64, 76]. Tang, et al. [77]examined pedestrian detection by
vehicle LIDAR under different weather conditions and pedestrian distances and found that LIDAR
was able to deect pedestrians at 30 m and capable of detecting pedestrians at up to 60 m. The sensor
configurations examined in this study are shown infable 23. The systems with FOVsf £10° and
+30°, sensor half angle of 10° and 30° respectively, were intended to model a radar sensor system.
The systems with FOVs of £60° and £90°, sensor half angle of 60° and 90° respectively, were intended
to model a LIDAR or an advanced sensor sgsh. It was assumed that the sensor was located at the
front and center of the vehicle. While this is a potential location for radar and LiDAR, a camera based

system would likely be located elsewhere on the vehicle.

Table 23. Modeledsensor configurations.

Confiouration Sensor Half Sensor
9 Angle Range

o 25m

Radar égo 50m
100 m

o 25m

LIDAR 880 50 m
100 m

The laency period was defined aghe time needed for the vehicle to prepare the brakes for
the evasive braking maneuverlt was assumed the system instantaneously identified the object as a
pedestrian and determined the pedestrian wa®n a collision course with the vehicleFor this study

we assumed an ideal system that immediatelyrakes to avoid the collision i.e. a latency of 0 seconds.
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The time-to-collision (TTC) was calculated at each time step by dividing the linear distance
to the impact point by the vehicle velocity. The system dw activated once the TTC threshold was
reached. TTC thresholds are highly proprietary and therefore unknown by the authors. A braking
TTC of 1.5 seconds was chosen because this value had the highest crash/injury reduction estimation

in a previous study[2].

Once all four activation conditions were met1) the pedestrian wasvisible, 2) the pedestrian
was detectable, 3) the lateng period elapsed, and 4) the timeo-collision (TTC) threshold of
activation was reached the AEB system was activated. The AEB system was assumed to brake at a

maximum of 0.8g (dry), 0.4g (wet), or 0.3g (icy) with a jerk of30 m/s"3 [69].

The iteration continued until the vehicle impacted the pedestrian, the vehicle came to a stop
or the vehicle and pedestriam missed each other. An impact was said to have occurred if at any time
in the simulation the pedestrian came into contact with any part of the vehiclés shown inFigure
46, an impact was detected by computing the total area of the four triangles made up of the vehicle
corner locations (two points) and the closest pedestrian location (one point). If the total triangle area
was greater than the vehicle area, then the pedtrian was not in contact with the vehicle. If the sum
of the areas was equivalent to the area of the vehicle, then an impact was assumed to have occurred.
The pedestrian was assumed to have a radius of 0.3 m, while the car size was assumed to be thk trac
width and 1.2 times the wheelbase length. If the track width was unknown, it was assumambe 1.5

meters. If the wheebase was unknown, it was assumed to be 3 meters.
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ZArea of triangles > Area of rectangle Z Area of triangles = Area of rectangle

Figure 46. Impact detection method schematic.

Vehicle speed and deceleration were calculated using the kinematic equations of motion. The
vehicle was assumed to follow the estimated trajectory. The vehicle rear location was calculated
using a simple kinematic bicycle model shown in equation (&) (3) where X and Y indicate the X and
Y location of the center of the vehicle rean represents the vehicle speed in m/sydrepresents the
time step,—represents the headingj 6 Q'Q1 @@aré&ents the steering angle, and represents the

vehicle length which was calculated ly multiplying the vehicle wheebase by 1.2.
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5.3.1.4 Pedestrian Injury Risk Curve s
The injury risk models used with the simplified RAEB modelwere developed using only

pedestrians that were 15 years or and older. Children are differeritom adults and therefore adult
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injury risk curves should not be directly applied to cases involving child pedestrians. For the

spatiotemporal PAEB model threeinjury risk models representing different injury severities were

developed using the 357 relevant cases from PCDS. Fatal cases were identified using the treatment

variable. Cases with serious injuries were identified as pedestrians that had a maximum abbicted

injury score (MAIS) of 3 or higher or the cases resulted in a fatality (MAIS3+F). Cases with moderate
injuries were identified as pedestrians that had a maximum abbreviated injury score (MAIS) of 2 or

higher or the cases resulted in a fatality (MAIS+F).

The data was fited x EOQOE A

pedestrian age was included as a continuous variable, but the relationship between age and injury

| i CEOOEA OACOAOOEI 1

i T AAI

tolerance was nonlinear. Therefore, the pedestrians werecategorized into three age groups:

children (1-14 years old), adults (1564 years old), and seniors (65+). As shown ifiable 24, impact

speed and pedestrians in the saar age group were significant in all three injury models. For the fatal

injury model, pedestrians in the child age group and pedestrian weight were also significant. Weight

was found to have no interaction effects with any other covariates.

Table 24. Injury model significant parameters.

Variables Fatal Injury MAIS3+F Injury MAIS2+F Injury
Impact Speed (kmh) \Y \% \%
Pedestrian Age Senior \Y * \%

Pedestrian Age- Child

*

Vehicle Type

Pedestrian Sex

PedestrianHeight

Pedestrian Weight

*

5.3.1.5

3ECT E A¥SA AH MDA 4 Ons-aaAp h M -Om évae .o O

Model Benefits Estimation
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Crash avoidance potential was calculated dividing the number of crashes that did not occur
over the total number of crashes that were simulated for each sensor design. The results were also
split up depending on vehicle trajectory and the path of the pedésan. A turning vehicle trajectory
indicates the trajectory path of the vehicle was curved and therefore could include a vehicle traveling
through a curve and/or a vehicle making a turnA summary of the included cases, categorized by

vehicle trajectory and pedestrian path, ispresented inTable 25.

Table 25. Break down of occurrence of crash types included in this study by vehicle trajectognd
pedestrian path.

Pedestrian Path
Vehicle Type Straight Curved Stationary Total
Trajectory Stralght 230 22 2 254
Turning 95 7 1 103
Total 325 29 3 357

To calculate the injury reduction potential, the injury risk curves were used to estimate the
risk of fatal, MAIS3+F and MAIS2+F injury for each pedestrian given their new impact speeds. If there
was no impact, it was assumed that the risk of injury was Theinjury risks for each case were then
summed to get the risk of injury for each sensor design and compared to the risk of injury in the

original crashes with no RAEB systems.

5.3.2 RESULTS

5.3.2.1 Crash Avoidance Results

As shown inFigure 47, systems with a larger FOV and a longer range were estimated to be
able to avoid a larger percentage of crashes. Although longer range sensor configurations performed
slightly better when compared to a sensor with a 25 m range, there was no significant feifence
between a 50 m and 100 m range sensor. Sensors with a 50m and 100m range only performed an
estimated 1-2% better than a sensor with a 25 m range. System FOV had a larger effect on system

avoidance capabilities with wider sensor FOVs able to avoidarger percentage of crashes. A system
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with a 10° half FOV was estimated to avoid 487% of crashes while a sensor with a 90° half FOV was
estimated to avoid 9192% of crashes. The increased benefit from wider FOV appears to only
marginally increase pasta half FOV of 60° as there was only a3l percentage point increase in

avoidance between the 60° and 90° half FOV sensor systems.

Sensor Range (m) 25 50 100

gg | 90 |90 |91 92 92
77 78 78

Percent of Events Avoided

o 4
5% g | 47 47

Scnsuf Half Angle (°)

90 4

Figure 47. Percent of crashes avoided for a set of sensor half angles and ranges.

A concern with narrower sensor FOV angles is that a vehicle with forward facing sensors, may
not see pedestrians when traveling on a curve or executing a turn. To examine this potential scenario
we divided the cases into those in which the vehicle was traling straight (n = 232, weighted) and
compared them to those in which the vehicle had a curved trajectory (n = 123, weighted). As shown
in Figure 48, the modeled RAEB systems were able to avoid a greater percentage of the cases in
which the vehicle was traveling straight for sensor half FOVs of 30° and narrower. When the vehicle
was traveling straight the system with a sensor half FOV of 10° and 30° &ed an estimated 10 to
13 and 6 to 8 percentage points more crashes than the cases in which the vehicle was turning,

respectively. At sensor half FOV of 60° and wider, the hypothetical AEB systems were estimated to
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have higher effectiveness for cases inhich the vehicle was turning than cases in which the vehicle
was traveling straight. A sensor with a half FOV of 60° was estimated to avoid 4 to 6 percentage points
more turning crashes than straight crashes, this difference increased to 9 to 11 percengagoints

for a sensor half FOV of 90°. Interestingly, range had no noticeable effect on the estimated avoidance

capability of the curved crash cases.

Sensor Range (m) 25 50 100

wblens

70 51 gy (86 8 (88 87 89 89

25%+ |48 52 52

Percent of Events Avoided

@ oo gp 98 98 98
73|73 713

psnIND

"7 a8 3030

Sensor Half Ar;glc ©) “

Figure 48. Percent of crashes avoided for a set of sensor half angles and rasdy whether the
vehicle had a straight or curved trajectory.

Although sensor range had little effect on crash avoidance, it did have a small effect on impact
speed of the crashes that were not avoided. As shownkiigure 49, the average impact speed of the
unavoided crashes decreased as sensor range increased. At a sensor half angle of 90° the 100 m
OAT O1 080 AOAOACA Ei PAAO OAIl T REdnpared th &n axetage imipdcO | p ¢ 8
velocity of 8.1 m/s (18 mph, 29 km/h) with a sensor range of 25 m. The average impact speed was

shown to increase with FOV, likely because each bar Figure 48 corresponds to a subset of cases
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that were unavoided and the subset that makes up the larger FOV system are harder to avoid either

because of adverse road conditions, higher initial speeds, and/or obstructions.

Sensor Range (m) 25 50 100

=}
1
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75 74
6.9

6.3 6.3

of Unavoided cases
'S

48
| #5844 a3 44 44

Average Impact Speed (m/s)

Sensor Half Angle (°)

90

Figure 49. Average impact speed (m/s) of unavoided crashes for a set of sensor half angles and
ranges.

5.3.2.2 Pedestrian Injury Risk Curve Results

While seniors were found to have a significantly higher risk of injury than adults, children
were not foundto have a significant difference in injury risk, except for fatal injury risk. Children are
not adults, therefore it is expected that their risk of injury would be different despite the lack of

significant difference.

Table 26. Injury model coefficients.

Injury Impact Age: Age: Pedestrian Intercept
Models Speed Child Senior Weight
Fatal 0.11310 2.24020 2.93552 0.03578 -10.20848
MAIS 3+F | 0.09394 -0.53275 1.04428 - -3.64599
MAIS 2+F | 0.075302 0.066635 1.241275 - -2.071403
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Figure 50 shows the results of the fatality injury risk model for all the impact speeds and
pedestrian weights present in each of the age groups. Seniors were at a higher risk of fatal injury at
lower impact speeds. Children also had a higher risk than adults at the same impact speed. To more
easily compareinjury risk between the age groupskigure 51 shows theoverlaid contour plots from

Figure 50 and Table 27 compares the model odds ratios.
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Figure 50. Risk of fatal injury for the range of impact speeds and pedestrian weight for children
(A), adults (B), and seniors (C). Purple corresponds to lomjury risk while yellow corresponds to
high injury risk. The contour lines (white) are spacg at 10% injury risk intervals. Risks shown

were limited to the range of observed data within each age group.
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Figure 51. Risk of fatal injury contour lines for child (green), adult (red), and €niors (blue). Darker
contour lines correspond to highelinjury risk. Line length corresponds to the data available within
each age group.

Figure 52 shows the risk of fdal injury for the adult, child, and senior age groups at each
COT 6P60O I AAEAT xHgareI @l Figu@ 518é&niors had thd highest risk of injury

followed by children and then adults.
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Figure 52. Risk of fatal injuries for the child, adult and senior groups. Weight was set as the median
weightin each group: 70 kg for adult and senior and 37 kg for child. Dotted lines correspond to 95
percentile confidence intervals. Logistic regression equations are provided with the coefficients

rounded to two decimal places.

The injury risk curves for MAIS 3 F injury had different trends than the fatal injury risk curve
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Figure 53). The senior age group still had the highest risk of injury, but the childge group

had the lowest risk of injury. Although the child injury risk curves showed a lower risk than adults,

this difference was not statistically significant.
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Figure 53. Risk of MAIS 3+F injury for child, adult and senior age groups. Dotted lines correspond
to 95 percentile confidence intervals. Logistic regression equations are provided with the
coefficients rounded to two decimal places.

Figure 54 shows the MAIS2+F injury risk curves. As with the previous models, the senior age
group had the highest risk of injury. The child and adult injury risk curves were very similar. Although
children are not adults, it is possible that analysis wouldthave to be done at the body region level to

elucidate differences in risk of MAIS2+F injury between these groups.
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Figure 54. Risk of MAIS2+F injury for child, adult, and senior age groups. Dotted lines correspond
to 95 percentle confidence intervals. Logistic regression equations are provided with the

coefficients rounded to two decimal places.

Table 27. Odds ratios for the fatal, MAIS3+F, and MAIS2+F injury models.

Injury Model Impact Speed | Child AgeGroup Senior Age Weight
Group
Fatal 1.12 9.40 18.83 1.04
MAIS3+F 1.10 0.59 2.84 -
MAIS2+F 1.08 1.07 3.46 -

5.3.2.3 Injury Benefits Results

As shown in Figure 55 - Figure 57 and Table 28, the proportions of injuries prevented
increased with sensorFOV and range The reduction ininjury probability ranged from 74.9% to
89.1%, 68.4% to 90.2%6, and 58.0% to 90.8% for fatal, MAIS 3+F, and MAIS2+F injuries, respectively.
The 25 m sensor prevented slightly less injuries than the 50 and 100 m sensor, although this
difference was not statstically significant. The similarity in reduction of fatal injury probability was
likely due to the low impact speeds of the unavoided cases meaning that the probability of fatal injury
was also low or that the additional crashes avoidance by the betteessors were primarily low

severity crashes.
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Figure 55. Proportion of fatal injuries prevented by P-AEB with 70%, 80%, 90%, and 100%
sensors. Error bars represent one standard deviation change in the injury risk model.
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Figure 56. Proportion of MAIS3+F injuries prevented by P-AEB with 70%, 80%, 90%, and 100%
sensors. Error bars represent one standard deviation change in the injury risk model.
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Figure 57. Proportion of MAIS2+F injuries prevented by RAEB with 70%, 80%, 90%, and 100%
sensors. Error bars represent one standard deviation change in the injury risk model.

Table 28. Change in fatal, MAIS3+F, and MAIS2+F injury risk.
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Fatal Injury MAIS3+F Injury MAIS2+F
Sensor | Sensor Percent
Half Angle | Range | Number of Change Number of Percent Number of Percent
®) (m) Injuries (%) Injuries Change (%)| Injuries Change (%)
No System 24.8 - 90.5 - 158.6 -
25 6.2 74.9 28.6 68.4 66.6 58.0
10 50 4.3 82.7 26.2 71.0 63.3 60.1
100 4.2 82.9 26.2 71.0 63.3 60.1
25 5.0 79.9 14.7 83.7 28.8 81.8
30 50 3.0 87.7 12.5 86.2 26.1 83.5
100 3.0 87.9 125 86.2 26.1 83.5
25 4.8 80.5 11.9 86.8 194 87.8
60 50 2.9 88.3 9.7 89.3 16.7 89.5
100 2.9 88.4 9.7 89.3 16.7 89.5
25 4.7 81.1 11.1 87.7 17.3 89.1
90 50 2.8 88.9 8.9 90.2 14.6 90.8
100 2.7 89.1 8.9 90.2 14.6 90.8

5.3.3 DiscussION

In this study we compared different hypothetical sensor FOVs and ranges to estimate the
effect of advanced sensors such as LIDAR and radar on crash avoidance and impact mitigation.
Utilizing a TTC of 1.5 seconds and zero latency, the sensor ranges abover2@vere found to have
little to no effect on estimated crash avoidance, but a small effect on impact mitigation. Sensor FOV

was shown to have a larger effect on the estimated crash avoidance up to a FOV of +60°.

Sensors with a 50 m and 100 m range only p@rmed slightly better at crash avoidance than
the sensor with a 25 m range. This could be due to the fact that the automatic braking did not activate
until the TTC threshold was reached. Even if the pedestrian was visible 90 m out, the system did not
brake until the vehicle was 1.5 seconds from the impact point. Cases with obstructions likely affected
the system performance equally regardless of sensor range. A longer sensor range would not provide

additional benefit if a pedestrian stepped out from behid parked cars just before impact.

Similar to results shown byRosén, et al. [10hnd Gruber, et al. [78] sensor ranges above 25

m were not found to have a significant effect on crash avoidance, but had a small effect on impact
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mitigation. This is encouraging because the further asy a pedestrian is, the harder they are to
accurately detect and the harder it is to estimate thei trajectory. Also, showing potential
effectiveness atlow ranges is encouraging for sensor systems that may be affected by lighting and
weather conditions. Qirrent systems often depend on both radar and cameras to detect pedestrians.
While adverse weather may have only a small effect on radar and LIDAR, it has a large effect on
camera detection. Furthermore, radar systems commonly have various FOVs and rangethin a
system. For example they may have a long range radar with a small FOV coupled with a-naiige
sensor with a larger FOV. This was not accounted for in the model. Future work could combine

multiple sensors and vary effectiveness based on weather mditions.

Previous work has shown that as latency increased, effectiveness decreased, and as TTC
threshold decreased effectiveness also decreas§?]. This study only examined one system latency
and TTC threshold. The effectiveness values presented would likely be lower with a system that had
a shorter TTC threshold and a longer latency value. It is also possible that sensor rarmguld have a
larger effect when combined with a different system latency and TTC threshold. TTC was calculated
Au AEOEAET ¢ OEA AEOOAT AA Oi OEA 1 OECET Al EI PAAO
(unit in meters per second).Thisis a gad estimation of TTC for cases in which the vehicle is traveling
straight, but may underestimate the TTC in turning cases. This underestimation would cause the AEB
system to activate sooner, due to the vehicle reaching the TTC threshold sooner, which caelsult

in an overestimation of effectiveness for the turning cases.

The hypothetical sensors with FOVs of 60° and greater were estimated to avoid a greater
percentage of cases in which the vehicle was turning than cases in which the vehicle was traveling
straight. This is likely because the cases in which the vehicle was turning tended to have lower impact
speeds than traveling straight cases. The median original impact speed of the curved cases was 3.6

m/s compared to a median impact speed of 8.6 m/s faraveling straight cases. Additionally, it was
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assumed that the hypothetical PAEB system was able to achieve the same maximum deceleration,
regardless of the vehicle trajectory, which may have resulted in an overestimation of the crash
avoidance potentid in the cases in which the vehicle was turning. If a vehicle is turning, an AEB
system may not be able to apply maximum deceleration to avoid the crash without resulting in loss

of control.

For this study, we assumed an idealized hypothetical-REB systen. We assumed that the
sensors always detected the pedestrian when they were in the road and not obstructed and we
AOOOI AA OEAO OEA xAAOEAO AT A 1 ECEOETC ATTAEOQOEITTO
pedestrian. Future work could incorporake the effect of weather, lighting conditions, and even
DAAAOOOEAT EAECGCEO i1 OEA OAT OI 060 AAEI EOU O1 AAOA
range. We did not consider differences in how various sensor systems would be able to detect the
pedestrians. For example, LIDAR requires greater computational power than radar which could affect
computational time. We did not consider differences in computational power, scanning time, or
resolution in this study. Future work could vary the sensor systenparameters to examine how

differences amongst sensor detection parameters and associated computational and algorithmic

requirements would change the results.

5.4 CONCLUSION

The first model treatedthe pedestrian as a wall, in that the crash is only considerex/oided
if the vehicle comes to a complete stop before reaching the imgamint (temporal model), while the
seconds model accounted for the fact that a crastould also be avoided if the vehicle slows

sufficiently for the pedestrian to completely clearm front of the vehicle Gpatiotemporal model).

The temporal model examined a variety of TTC threshold and latency valuasd found that
shorter latency and longer TTC thresholds lead to increased avoidance potential. The temporal model

estimated a lowest performing system, 387% effectiveness, was achieved by a system with 0.3

100



second latency and 0.5s TTC threshold. The higst performing system, 8486% effectiveness, was
achieved by the system with a Os latecy and a 1.5 s TTC. The spatiotempomalodel further examined

the highest performing system, latency of 0 seconds and a TTC threshold of 1.5 seconds, with a variety
of sensor field-of-views and ranges. The spatiotemporal model predicted higher-REB performance
than the temporal model at avoiding crashes when equipped with the £90° and £60° and sensor. This
is likely because in the spatiotemporal model the vehicle did naeed to come to a complete stop to

successfully avoid the collision.

The temporal model injury reduction benefits closely mirrored the overall crash avoidance
predictions. The spatiotemporal model saw a similar trend in the MAIS 2+F injury reduction
estimates, but at more severe injury levels this trend was replaced with similar injury reduction

estimates across sensor configuration.

A study examining reaiworld effectiveness of pedestrian AEB at reducing pedestrian bodily
injuries found a 35% reduction in bodily injury claims [79], which is a substantially lower
effectiveness than the idealized results presented her8oth modds in this investigation presented
an upper bound for vehiclepedestrian crash avoidance because they assumed idealized sensors that
were always accurately able to detect the pedestrian if they were within the sensor parameters.
Additionally, both modelsin this investigation assumed the pedestrian was a threat and took on
avoidance actions so the system did not have to determine the likelihood of collision or account for

potential pedestrian actions.
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6 PEDESTRIANAEBPREDICTEIBENEFITS

6.1 RESEARCH OBJECTIVE

The effectiveness estimates in chapter 5 assumed that all vehicles would be equipped with
pedestrian AEB, but pedestrian AEB is a relatively new vehicle feature and therefore will take years
to be widely deployed in the fleet. This chapter examines the fmmtial benefits of AEB in a mixed

fleet and predicts benefits of pedestrian AEB in future fleets.

6.2 APPROACH

The Insurance Institute for Highway Safety (IIHS) Highway Data Loss Institute (HLDI) has
developed estimates of market penetration in the U.S. foraxious common active safety features.
Figure 58 shows the 2015 IIHS estimated AEB U.S market penetration which was shifted to account
for when pedestrianrAEB entered the U.S. market. Wessumed that pedestriaig AEB entered the
market in 2011 because this is when Volvo first released pedestrian crash mitigation in their new
vehicles The 2015 IIHS market penetration curve was useds a proxybecausethere was not a
published pedestrian AEB market penetration curve. The 2015 AEB curve was chosen because this
was before voluntary agreement by automakers to equip almost all new vehicles with forward
collision warning by 2022 and requiressimilar technology as pedstrian AEB. Full deployment,

which we defined at 95% adoption was estimated to occur in 2053dashed line).
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Figure 58. Estimated pedestrianAEB market penetration based on the IIHS AEB market
penetration estimates and shifted toeflect bicyclist-AEB entering the market in 2011

We then applied the effetiveness numbers from chapter 3o the market penetration values
to get the crash reduction effectiveness at various market penetratior{§igure 59). The effectiveness
values were multiplied by the likelihood that in a given vehiclgpedestrian crash the vehicle was
equipped with P-AEB. Therefore, at low market penetration the effectivenads low because very few
vehiclesare equipped with the system As market penetration increases so does the effectiveness.
cover the range of efctiveness values from chapterB x A AD D1 E A 20 x4 DO GHA ADARGHAT AT | /

systemeffectiveness valuesgor each model(Table 29).

Table 29. Ef fectiveness numbers for fibest o and Awor st

Crash Fatal Injury MAIS3+F Injury
Model Performance Avoidance Avoidance Avoidance
Temporal Best 0.85 0.86 0.5
Worst 0.35 0.36 0.36
Spatiotemporal Best 0.92 0.89 0.90
Worst 0.46 0.75 0.68
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Figure 59. Crash (A), fatal injury (B), and MAIS3+F injury (C) reduction effectiveness by market
penetration.

The crash reduction effectiveness per market penetration was combined with the estimated
market penetration over time to determine the crash rediction effectiveness over time(Figure 60).
To estimate the residual crashes in 2025 and beyond, we estimated the incidence of target population

vehicle-pedestrian crashes over time assuming they remained constant increased linearly with
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vehicle miles travelled. We assumed that vehicle miles traveled increased 1% annually in the growing

VMT casq80].
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Figure 60. Crash (A), fatal injury (B) and MAIS3+F injury (C) reduction effectiveness over time.
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6.3 RESULTS

Figure 61, Figure 62, and Figure 63 (black line) show the estimated number of target
population vehicle-pedestrian crashes faal injuries, and MAIS3+F injuriesout to 2070 given that
intervention does not occur. We then applied the effectivenessimbers by year to show the residual
vehicle-pedestrian crashes and MAIS2+F injuries out to 2070F{gure 61 blue and pinklines). The
plots show that initially pedestrian AEB will have little effect due to the low market penetration, but

by 2030 we expect some crash reduction effect.
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Figure 61. Estimate of vehiclepedestrian crades without pedestriarAEB (black line) compared to
spatiotemporal model(Pink line) and temporal model (blueline) witht he Abest 6 (sol i d |
Aworsto (dott e ¢eddstriam-ABB. Asimed oonstant NIgT (left) and growing VMT
(right).
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Figure 62. Estimate of vehiclepedestrian fatal injuries without pedestrian-AEB (black line)
compared to spatiotempor al model (Pink I'ine) and
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6.4 DiscuUsSsION

This study predicted how RPAEB systems with a range of estimated effectiveness values could
reduce vehicle pedestrian crashedatalities, and MAIS3+F injuriesout to 2070. We assumed that P
AEB would follow a similar market penetration curve as standard AEB, although the penetration may
be faster as standard AEB is already in most new vehicles in the US ardBBdoes not necessaly
require additional equipment over standard AEBAdditionally, P-AEB could leveragea variety of
sensor types some of which are widely used in current vehicle platforms and may result in fasites
of adoption. For example, FAEB could use video camaisto detect pedestrians which isamore cost

effective approachthan using expensivesensas such as LiDAR

Due to low market penetration valuesinitially we see very little effect from pedestrian AEB
prior to 2025. After 2025, we seea decrease in predcted pedestrian crashes and injuries that

accelerates until about 2040 wherthe rate of decrease slows. Pedestrian crashes and injuries were
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predicted to level off around 2060. While not all crashes or injuries are expected to be avoided, PAEB

was predicted to decrease vehiclgpedestrian crashes and injuries gbstantially.

7/ BICYCLISTAEBTARGETPOPULATION

7.1 RESEARCHDBJIECTIVE

The objective of this chaptewasto characterize the target population of policereported and
fatal crashes for a bicyclist detectig AEB bicyclist AEB) system. The target population was defined
as the subset of bicyclisvehicle impacts which might be avoided or mitigated by a bicyclist detecting
AEB system. The characteristics of bicyclist, vehicle, environment, and driveonditions were

examined for those crashes in the target population.

7.2 APPROACH

Similar to chapter 3 (pedestrian AEB target population), FARS and GES were filtered to
include all vehiclebicycle crashes from 20112015. The target population for bicycleAEB was
assumed to be vehiclebicycle crashes in which the front of the car or LTV struck the bicycland loss
of control was not a factor. Bicycle collisions with heavy tricks, busses, and motorcycles weneot
considered. The proposed bicyclist AEB system would also be limited to single vehicle crashes as
multi -vehicle crashes are too complex to determiné bicyclist AEB would affect the crash. For
example, if vehicle 1 struck vehicle 2 and pushed vehicle 2 into the bicyclist, AEB would not prevent
vehicle 2 from striking the bicyclist. Bicyclist AEB systems were assumed to only affect forward
collisions, meaning that any crashes that were not forward collisions would not be mitigated by this
system. Any bicyclist struck by the back or side of the vehicle would likely not be affected by a

bicyclist AEB system. Bicyclist AEB systems would also be ineffeetivn a situation in which a vehicle
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lost control and then struck a bicyclist. Delivering an alert to the driver or automatically braking in
this situation would be unlikely to prevent the crash. Thereforethe data was filtered to only include
cases in wheh the striking vehicle had a car or LTV body typebpdy_typor bdy_typ_im < 5Q)frontal

impact (impactl = 11, 12, or )l and no loss of control f_crash2 > 9

Other factors such as weather or lighting conditions may also affect Bicyclist AEB
effectiveness. These potential factors will be examined in this chapter as well as bicyclist and driver

characteristics, environmental factors, and event factors.

7.3 RESULTS

As shown inFigure 64, vehicle-bicycle fatalities have increased by over 20% from 2012015,
with a high of 869 fatalities in 2015. On the other hand, police reported vehicle bicycle fatalities have

been relatively constant with an average 53,482 vehiclbicycle crashes per year.
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Figure 64. Vehicle-bicycle fatalities from 20112015 (FARS).
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Figure 65. Vehicle-bicycle policereported crashes from 20112015 (GES).
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If a bicyclist AEB system uses a combination @rward facing radar, LIDAR and/or cameras
to detect bicyclists then it would likely be effective for frontal impact crashesFor this reason we
assumed the target population for bicyclisStAEB would only consist of frontal impact crashes. As
shown in Figure 66, most vehiclebicycle fatalities and crashes wererbntal impacts, but there was
also a substantial number of right, left and back impacts. Frontal impact made oper 80% of fatal

crashes (FARS) and 70% of polieeeported crashes (GES).
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The following sections breakdown the target population and compare the distributions of
vehicle-bicyclist collisions in terms of selected environmental and bicyclistelated variables. The
tables highlight the trends, similarities, and differences between the distributions of FARS and GES
(weighted). The trends, similarities, and differences are discussed individually in the following

bicyclist characteristics, driver characteristics, and environmental characteristics sections.

7.3.1 TARGETPOPULATION

The target population refers to that subset bvehicle-bicycle impacts which might be avoided
or mitigated by a bicyclist AEB system. TheAEB system in question is an active safety system

designed to be integrated in cars, light trucks, and vans. It expected that it will only be effective in
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single wehicle collisions. As shown irmrable 30, when multi-vehicle crashes are excluded, there were
3,537 applicable fatal crashes and an estimated 264,358pplicable police-reported crashes from
2011 - 2015. The exclusion criteria are also depicted iRigure 67. The numbers are slightly different
because a small number of cases involvaultiple bicyclists, Table 30 shows the number of cases and
Figure 67 shows the nunber of bicyclists.

An additional 578 fatal and 16,444 policeeported crashes involved norpassenger vehicles
and were excluded, as were anothe346 fatal and 75,150 policereported crashessince the proposed
AEB system would only be effective in frontampact scenarios Frontal impacts made up the majority
of impacts with only about 20% of fatal crashes and 30% of polieeported crashes occurring at non
frontal impact locations.

Finally, AEBwould not be effective in situations in which there was los®f control of the
vehicle. This criteria excluded an additional 12 fatal and 314 polieeeported crashes resulting in a

target population of 2,601 fatal and 172,451 policeeported vehicle-bicyclist crashes [Table1).

Table 30. Breakdown of target population exclusion criteria for vehiclebicycle crashes.

FAEI;gl(l::ilse: Gé%fla_ses Weighted GES Casey Annual Annual
2015) 2015) (2011 -2015) FARS Caseg GES Case

All Bicyclist Crashes 3,690 8,287 267,412 738 53,482
Inclusion Criteria Cases remaining

Single-vehicle crash 3,537 8,228 264,359 707 52,872

Struck by car or LTV| 2,959 7,642 247,915 592 49,583

Frontal Impacts 2,613 5,158 172,765 523 34,553

No loss of control 2,601 5,150 172,451 520 34,490

Target Population 2,601 5,150 172,451 520 34,490
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Figure 67. Breakdown of target population exclusion criteria for bicyclists.

Figure 68 and Figure 69 compare the total vehiclebicycle fatal and crash populations to the
target population for 2011-2015. The total population includes all vehicle types, mukvehicle
crashes, all impact locations, and cases with loss of contr@lverall, the target population accounted

for 70% of fatal and 64% of policereported crashes All analyses after this point arebasedon this

target population.
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Figure 68. The total vehiclebicycle fatalities (FARS) compared to the target population that could
be affected by bicyclist AEB.
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Figure 69. Thetotal vehicle-bicycle crashes (GES) compared to the target population that could be
affected by bicyclist AEB.

7.3.2 BICYCLISTHARACTERISTICS

Bicyclist age had a bimodal distribution for both fatal and police reported crashes as shown
in Figure 70 and Figure 71. Fatal crashes had a larger proportion of bicyclists over the age of 50 while
police-reported crashes had a higher proportion of bicyclists under the age of 30. This difference

could be due tothe differences in injury tolerance between these age groups.
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Figure 70. Distribution of bicyclist ages for vehiclebicycle fatalities from 20132015 (FARS).
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Figure 71. Distribution of bicyclist ages fa vehicle-bicycle policereported crashes from 20112015
(GES).

An overwhelming proportion of the struck bicyclists were male Figure 72). Female bicyclists

made up lessthan 25% of fatal and policereported crashes.This difference coulddue to behavior

differences(e.g.risk taking behavior) and/ or gender differences in bicycle ridership in the U§1].
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Figure 72. Distribution of bicyclist gender for all vehicle-bicyclist fatalities (FARS) and crashes
(GES) from 20112015.

Bicyclist alcohol involvement did notmake up a large proportion ofvehicle-bicycle fatalities
or crashes. As shown ifrigure 73, about 12% of fatally injured bicyclists and only 2.4% of bicyclist
involved in police-reported crashes had reported alcohol involvement. Despite the low proportions,

the proportion of fatally injured bicyclists that were involved with alcohol was about 5times higher
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than bicyclists involved in policereported crashes although in a large proportion of fatal crashes the

alcohol involvement was unknown
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Figure 73. Distribution of bicyclists that had evidence of alcohoinvolvement for fatal (FARS) and
police-reported crashes (GES) from 201-R015.

7.3.3 DRIVERCHARACTERISTICS

As shown inFigure 74 and Figure 75, young drivers made up a higher proportion drives
involved in vehicle-bicyclist fatalities and crashes. Interestingly, there was an almost linear

relationship between driver age and the number of bigcle fatalities and crashes.
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Figure 74. Distribution of driver ages for vehicle-bicycle fatalities from 201:2015 (FARS).
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Figure 75. Distribution of driver ages for vehicle-bicycle crashes from 2012015 (GES).

Most drivers involved in vehicle-bicycle fatalities and crashes were maleHigure 76). A
greater proportion of male drivers were involved in fatal crashes than policeeported crashes.
Drivers were reportedly involved with alcohol in less than 1% of police reported crashes, batl% of
fatal crashes Figure 77), although a large proportion (more than 20%) of the fatal crashes had

unknown driver alcohol involvement.
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Figure 76. Distribution of driver gender for all vehicle-bicyclist fatalities (FARS) and crashes (GES)
from 2011-2015.
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Figure 77. Distribution of drivers that had reported alcohol involvement for fatal (FARS) and
police-reported crashes (GES) from 201-R015.
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7.3.4 ENVIRONMENTACHARACTERISTICS

As shown in Figure 78, the distributions of speed limits vary between fatal and police
reported crashes. Fatal crashes tended to have higher speed limits than polieported crashes.
Canclusions are difficult to daw from this information, however, because about 30% of police

reported crashes had either no limit or an unknown speed limit.
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Figure 78. Distribution of speed limits for fatal (FARS) and policereported crashes (GES) from
2011-2015.

The most common lighting condition for fatal and policaeported crashes was daylight which
made up 49% and 76% of the sample, respectively. A large proportion of fatal crashes occurred

during dark lighted or not lighted conditions with a combined poportion of 45% (Figure 79).
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Figure 79. Distribution of lighting conditions for fatal (FARS) and police-reported crashes (GES)
from 2011-2015.

For both fatal and police reported crashes clear weather conditions were present in the
majority of cases (~80%) as shown inFigure 80. This is encouragirg for sensor systems as adverse
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Figure 80. Distribution of weather conditions for fatal (FARS) and policereported crashes (GES)
from 20112015.

Almost all vehiclebicycle fatalities and police reported crashes occurred on the roadway,

92% and 98%, respectively Figure 81).
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Figure 81. Distribution of bicyclist relation to the road for fatal (FARS) and policereported crashes
(GES) from 20112015.

As shown inFigure 82, most fatal vehicle-bicycle crashes occurred at nofjunctions (60%),
while most police-reported crashes occurred at intersectios (37%) and intersection-related areas
(32%). A higher proportion of fatal crashes may have occurred at ngjanctions because the vehiles

were likely traveling at faster speeds.
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Figure 82. Distribution of crash location in relation to junction for fatal (FARS) and police-
reported crashes (GES) from 2012015.

7.3.5 VEHICLEBICYCLEEVENTCHARACTERISTICS

In 2014, NHTSA added a pedestrian and bicyclist table with more detailed information of
factors specifically applicable to bicyclists and pegkstrians. The following analyse are based on this
data, and therefore are only presented for 201-42015. As shown inFigure 83, bicyclists traveling
with traffic were the most commonly present for both fatal and policereported crashes. Police
reported crashes had a higher proportion of bicydsts facing traffic than fatal crashes. Similarly, 78%
of fatal vehicle-bicycle crashes occurred when the bicyclist was in the travel lane, whereas the
majority of police-reported crashes occurred when the bicyclist was in the travel lane or a

sidewalk/cro sswalk, 53% and 42%, respectivelyKigure 84).
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Figure 83. Distribution of bicyclist initial travel direction for fatal (FARS) and police-reported

crashes (GES) from 2014015.
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Figure 84. Distribution of bicyclist position for fatal (FARS) and police-reported crashes (GES)

from 2014-2015.
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There were a wide range of bicyclist crash groups for both fatal arblice reported crashes
(Figure 85). The bicyclist crash groups are simplified groups of the bicyclist crash types. Descriptions
of the crash groups can & found on pages 99.02 of the PBCAT manudB2]. The most common fatal
bicyclist crash group, accounting for 30% of fatal crashes, was when the motorist overtook the
bicyclist. The most common policeeported bicyclist crash groups, accounting for 16% each, were
loss of control/turning error and crossing path-other. Crossing pathother indicates that the bicyclist
and vehicle were initially crossing paths, but no further classification can be mad83]. This may
indicate that additional or better coding options are needed as a fairly large percentage fall into this
category. As vehicle loss of control cases were excluded fromgharget population dataset, we can

assume that any loss of condl cases were loss of controby the bicyclist.
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Figure 85. Distribution of bicyclist crash groups for fatal (FARS) and policereported crashes
(GES) from 20142015. Descriptions of the crash groups can be found on pagesd® of the
PBCAT manual [82].
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As shownin Figure 86, the majority vehicles were traveling straight prior to the fatal crashes
(83%). The GES policeeported crashes were approximately split between travelingtraight (44%)
and turning (45%). In police reported crashes the vehicle was turning right or left, 27% and 18%
respectively, prior to the crash. Scenarios in which the vehicle is turning could present a challenge
for bicyclist AEBbecause it primarily uses forward sensorswhich may have a limited field of view.

Thelimited field of view would make it difficult to detect bicyclists notdirectly in front of the vehicle
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Figure 86. Distribution of pre-event vehicle movement for fata{FARS) and policereported crashes
(GES) from 20142015.

As shown inTable 31, most fatal vehicle bicycle crashes occurred when the vehicle was
traveling straight and the bicyclist was traveling with traffic. This crash type was also the most
common policereported vehicle crash configuration, but GES had an almost even split between the

vehicle traveling straight and the vehicle turning. It should be noted that NHTSA dieéd traveling
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the vehicle and bicyclist wee traveling the same direction. FARS and GES have limited information

on vehicle-bicycle crashes which affects the ability téurther distinguish crashes.

The data inTable31 was condensed from the vehicle pre&event movement variable, therefore
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vehicle was merging, changing lanes, leaving or entering a parking spot, and negotiatinguave.

Traveling straight included going straight, starting in road, stopped in road,

accelerating/decelerating in road, and passing or overtaking another vehicle.

Table 31. Weighted distribution of case vehicle preevent movementand bicyclist travel direction.

Bicyclist 7 Bicyclist 7 Bicyclistz
With Traffic Facing Traffic | Other/Unknown
FARS Vehicl_ez Traveli_ng St_raight 588 169 184
(2014- Vehlglez Turnlpg Right 13 15 3
2015) Vehiclez Turning Left 26 11 3
Vehiclez Other/Unknown 60 20 16
GES Vehiclez Traveling Straight 19,345 10,888 6,935
(2014- Vehiglez Turnipg Right 5,474 12,768 1,448
2015) Vehiclez Turning Left 8,739 3,450 874
Vehiclez Other/Unknown 1,101 494 215

7.4 DISCUSSION

This study examined twonationally representative data sources collected in the U,$5ES and
FARS o characterize the target population for a bicyclist precollision system (AEB). The target
population was the population of crashes that a bicyclishEB system may have had theability to
mitigate. The target population was defined as all vehiclbicycle crashes that were single vehicle
frontal crashes in which the striking vehicle was a car or LTV and there was no loss of control. The
AEB-applicable vehiclebicycle crashes acconted for 70% of fatal and 64% of policereported

crashes.
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Bicyclist Characteristics: Male bicyclists constituted the majority of struck bicyclists (80

87%). Few bicyclists were involved with alcohol prior to the incident (212%). If unknowns are
excluded 2.8-22% of bicyclists were reported involved with alcohol. The median age of struck
bicyclists was 28 years, however the median age of fatallgjured bicyclists was 48 years reflecting

the lower injury tolerance of older bicyclists.

Driver Characteristics: The age distribution of drivers who struck bicyclists had a median age

of 37 in fatal crashes and 47 years old in all crashes. Furthermore, males made up 66% of the drivers
involved in fatal crashes and 56% of drivers in policgeported crashes. Few dvers were involved
with alcohol prior to the incident (0.8-11%). If unknowns are excluded 114% of drivers were

reported involved with alcohol.

Environmental Characteristics: Most collisions occurred during the daylight (4976%),

however a larger propottion of fatalities occurred in dark conditions (46%, combined lighted and not
lighted). Most collisions occurred when there were no adverse weather conditions (785%) and on
the roadway (92-98%). Fatal crashes were more likely to occur at nejunction locations (60%)

compared to policereported crashes (14%).

Event Characteristics Most crashes occurred when the bicyclist was in the travel lane and

traveling with traffic. The reason for the crash varied between fatal crashes and policeported
crashes.Most fatal crashes were due to the motorist overtaking the bicycle and most police reported
crashes were due either to loss of control/turning error or because the motorist and the bicyclist
crossed paths. Most crashes occurred when the vehicle was travegistraight (52%), but in a large

proportion the vehicle was turning (46%).
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These observationswill aid in the development of potential safety benefit models by
indicating factors that increase risk of collisions and to estimate the number of crashes thagay not
be able to be avoided by a bicyclishEB system. AEB systems may have limited effectiveness in
adverse weather and low light conditions. Most crashes and fatalities occurred in clear weather
conditions, but a large number of fatalities occurred irdark lighting conditions. AEB systems may
have reduced effectiveness in turning scenarios. While in most fatal crasiés vehicle wastraveling

straight, a large proportion of all crashes involved a turning vehicle.
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8 BICYCLISTEARLIESTDETECTIONOPPORTUNITY

8.1 RESEARCHDBJECTIVE

The objective of this chapter was to estimate the earliest detection opportunityeDO) of
bicyclists using the WATS and SHRP 2 databases. Understandimgearliest detection opportunity
can be used to further enhance theffectiveness of Automatic Emergency Braking (AEB) and tune

system parameters.

8.2 POTENTIALEFFECTIVENESS 3ICYCLEAUTOMATICEMERGENCBRAKING USING THE

WATSDATASET4]

8.2.1 INTRODUCTION

Using European dataRosén [67] examined the potential effectiveness of a range of AEB
system designdo mitigate 607 vehicle-bicycle crashesxtracted from the German InDepth Accident
Study (GIDAS) database. The four main factors that affected AEB etifeeness were found to be the
vehicle speed, lighting conditionstime to collision, and deceleration ability. The study found that
x EAT  OE A brékikdsiisteinvladaPplied at maximum capacity84% of the fatalities could have
been prevented. Whenth O A EbEalirig 8yst€nwas applied at minimal capacity,19% of fatalities
could have been prevented[67]. These estimates in fatality reduction with respect to braking
demonstrate how applying the brakes at maximum capacity can better reduce the number of
fatalities. Fredrikssonand Rosén [84Jused GIDAS to find a relationship between body region injury
and impact location on the vehicle. Both of these studies relied on German crash data and therefore
may not be directly applicable to U.S. crashes as the U.S. vehicle fleetiafrdstructure may differ
from Germany.&1T O A@Ai 1 Ah T AT U 53 OOAOAO Aillix OOEGEOD

Germany[85].
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Unfortunately, little in-depth vehicle-bicycle crash data is available to study vehiclbicycle
crashes in the U.S. In lieu of idepth crash data, U.S. vehicleicycle studies have examined
naturalistic and government curated national databasesSherony, et al. [86Jused naturalistic data
from the Transportation Active Safety Institute (TASI) 116Car study to examine bicyclist motion
during vehicle-bicycle interactions to aid in the design of AEB bicyclist detection systems. Haus and
Gabler examined U.S. vehicleicycle near crashes in the second Strategic Highway Research Program
(SHRP 2), a naturafitic driving study, and found that in about half of the cases the bicyclist was visible
for at least one second which is promising for AEB as a mitigation strateg§]. An analysis of U.S.
national databasesfrom 2014-2017 found that 71% of vehiclebicycle crashes and 82% of fatal

vehicle-bicycle crashes were frontal crashes and therefore potentially mitigatable by AH87].

The goal of this study was to elucidate U.S. vehidbécycle crashes ad examine factors

related to AEB effectivenessising in-depth vehicle-bicycle crashdata.

8.2.2 METHODS

This study used a newdataset collected under the Washtenaw Area Transportation Study
(WATS) conducted in southeast Michigan. This dataset was collecteddollaboration with Toyota
CSRC. First, WATS was compared to the Fatality Analysis Reporting System (FARS) and the General
Estimate System (GES) to compare and contrast WATS findings with national observations. Then, the

WATS database cases were examineddetermine potential AEB effectiveness.

8.2.2.1 Data Sources
The data for this study was compiled from three data sources (shown ihable 32): the
Washtenaw Area Transportation Study (WATS}he Fatality Analysis Reporting System (FARS), and

the National Automotive Sampling System (NASS) General Estimate System (G&ESymmary of the

131



three data sourcess included inTable32. As WATS is not necessarily nationally representatiythe

WATS data distributions were compared to those of FARS and G&Sillustrative purposes.

Table 32. Overview of Data Sources.

Dataset WATS FARS GES
Injury Severity All Injury Levels Fatal All Injury Levels
Years 2011-2013 2011-2015 2011-2015
Total Cases (unweighted) 100 3,554 8,353
Weighted No No Yes
Nationally Representative No Yes Yes
Sample Sample of crgshes in Census ofJSFatal All USPolice
southeast Michigan Crashes Reported Crashes
Scene Diagram Yes No No
Imputed Variables No No Yes

8.2.2.2 Calculate Earliest Detection Opportunity

The effectiveness 6AEB depends on the abilityf the sensors to detect the bicyclist, but this
information is not available in publically available US databasesTherefore, we utilized the WATS
scene diagrams and associated crash event records to estimate time to collision, i.e., how long the

bicyclist was in the road before the crash.

The estimated time to collision, referred to here as the Earliest Detection Opportunity (EDO),
was calculated by dividing the distance the bicyclist traveled in the road by the bicyclist riding

velocity as shown in Equéon 1:

00s QI 00OE DQ
DQa € w Qo w P

For a bicyclist crossing scenario, the distance the bicyclist travelled in the road prior to impact

was measured from the crash scene diagrams. As shownFigure 87, each crash scene diagram was

OpP1I 1 AAAA ET O1 1001 #!'3$ AT A OAAI AA O DPOI PAO AEI AT «

from the edge of he road to the impact point.
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Figure 87. Sample crash scene diagram and CAD measurement. Green bracket indicates the
measured dstance the bicyclist traveled orthe road.

For bicyclists riding along the road, relative speed wa® OAA ET OOAAA 1T £ OEA AE
The bicyclist was assurad to be visible for 40 m as a conservative estimateltl@ough current radar
systems can detect pedestrians at ranges upwards of 90m in ideal conditiofg®] . Bhagavathula, et
al. [58] found that bicyclists were detected by drivers an average of 85 m away in unlit conditions,
although this study only tested crossing bicyclists and not bicyclists travelling with trafficA detection
range of40 m was chosen because camera based detection and fideal conditions can reduce
pedestrian detection rangeg64, 76]8 4 EA OAI AOEOA OPAAA xAO OEA AEAEAE
AOGOEI AGAA OPAAA AT A OEA OAEEAI AGO AOOEI AOAA OPAARA
speed limit was wsed as a surrogate for the vehicle speed as the actual travel speed of the vehicle was
not reported in the WATS dataset.
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The speeds of the bicyclists were assumed tdepend on age, gender, and crossing behavior.
Age and gender were available directly from the WATS database. Bicyclist crossing behavior was
determined based on the crash scene diagram and assoedtevent information. Bicyclistcrossing
behavior was graiped into three categories: riding along the road, riding through an intersection, or

turning left/right ( Figure 88).
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findings were based on radargun measurement of the speed of 152 children and adults riding
bicycles on a clsed road.Ling and Wu [89]calculated the speeds for bicyclists turning left through
analysis of video surveillance of 531 bicyclists at intersectionsSherony, et al. [90]determined the
speeds ¢ 895 bicyclists riding through/along and at certain parts through the road from an analyzing
the TASI 110. The TASI 110 car study was a one year naturalistic driving collection conducted in the
greater Indianapolis area[34]. For this study, the 5@ percentile speed was used for each

characteristic of the bicyclist since it represents the average rider. The bicyclist values used are

shown in Table 33 and Table 34

Table 33 Average Bicyclist Speeds for Riding along the Road and Turninfg8, 89]

Sample Size Male Female Unknown

Gender

S po UAA 107 4.11 m/s 3.84 m/s 3.97 m/s
| pt UAA 45 4.69 m/s 4.04 m/s 4.33 m/s
Unknown Age 152 4.29 m/s 3.93 m/s 5.6 m/s
Turning Left 531 3.58 m/s 3.73 mls 3.66 m/s

Table 34. Average Bicyclist Speeds for Riding through an Intersectioff1].

Sample Size: 280 | Starting Stationary | Constant Speed

25 % across road 3.35 m/s 4 m/s

50 % across road 3.77 m/s 5.2 m/s

75 % across road 3.85 m/s 6.3 m/s
Riding through - 5.2m/s
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8.2.3 RESULTS

8.2.3.1 WATS comparison to GES and FARS

Table 35, Table 36, Table 37, and Table 38 summarize the results from the WATS data for
driver/bicyclist, environment, and event characteristics. The percentages in the column that are
bolded are the highest percentage of the specific category. GES cases were weighted and rounded to
the neaest whole number. A chisquared goodness of fit test was conducted to compare WATS to
GES. We assumed GES values were the expected values and the WATS valtethe@bserved. The
test was run with a 90% and a 95% confidencénterval. If the pvalue wasless than 0.1 or 0.05 there
was no statistically significant difference between the datasets and it was assumed they were
sufficiently similar. Variables with Rvalues greater than 0.1 were denoted with ** and variables with
p-values greater than 0.05 wee denoted with *. For all groupings, unknown variables and variables
with zero GES cases were excluded and denoted with °.
8.2.3.1.1 Driver Characteristics

Onequarter (25%) of drivers in WATS vehiclebicycle crashes were under the age of 24. This
may be due to youger drivers tending to have less driving experience. FARS and GES drivers under
the age of 26 and 29, respectively, accounted for 25% of vehiddcycle crashes. In WATS, male
drivers were involved in 48% of vehiclebicycle crashes. FARS and GES male drsraccounted for
66% and 57.5%, respectively. In WATS, 1% of the drivers were involved with alcohol and the rest
had no reported alcohol involvement (96%) or it wasunknown (3%). FARS and GES had reported

that 9.1% and 0.9%, respectively, of drivers werenvolved with alcohol.
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Table 35. Results for Driver Characteristics.

Drlver_ . | WATS Case WATS FARS Case FARS GES Cases GES
Characteristics Percentage Percentage Percentage

Total 100 100% 3,690 100% 267,412 100%

Gender
Male 48 48% 2,435 66.0% 153,762 57.5%
Female 41 41% 1,000 27.1% 113,650 42.5%
Unknown® 11 11% 255 6.9% - -
Alcohol Involvement**

Drinking 1 1% 334 9.1% 2,313 0.9%

Not Drinking 96 96% 2,380 64.5% 220,013 82.3%

Unknown® 3 3% 976 26.4% 45,085 16.9%
P-values greater than 0.1 were denoted with **, Ralues greater than 0.05 were denoted with *.

Excluded variables denoted with’.

8.2.3.1.2 Bicyclist Characteristics

In WATS, FARS, and GES, bicyclists that were struck by a passenger vehicle had a median age
of 37, 46, and 47, respectively, and the WATS sample was younger than either FARS or GES. Males

accounted for the majority (64%) of the bicyclist crashes in the WATS dataset, which also matched

the trends in GES and FARS. Only 1% of bicyclists were involvetihaalcohol in WATS. Nearly half

(42%) of bicyclists in WATS did not wear a helmet and those riders tended to have more severe

injuries. However, both fatallyinjured riders in WATS were wearing their helmes.
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Table 36 Results br Bicyclist Characteristics.

Bicyclist WATS WATS FARS FARS GES GES
Characteristics Cases | Percentage | Cases| Percentage | Cases | Percentage
Total 100 100% 3,895 100% 273,829 100%
Gender
Male 64 64% 3,372 84.6% 222,747 81.3%
Female 29 29% 513 31.3% 51,082 18.7%
Unknown® 7 7% 10 2% 0 0%
Alcohol Involvement **
Drinking 1 1% 432 11.1% 7,002 2.6%
Not Drinking 95 95% 1,659 42.6% 230,771 84.3%
Unknown® 4 4% 1,804 46.3% 36,056 13.2%
Helmet Usage®
Worn 31 31% - - - -
Not Worn 42 42% - - - -
Unknown 27 27% - - - -
Injury Severity (KABCO Scale)**

Killed 2 2% 3,895 100% 2,855 1.0%
Incapacitating 5 5% - - 29,450 10.8%
_ Non- 49 49% . . 122,735 |  44.8%
incapacitating
Possible Injury 21 21% - - 85,358 31.2%

No Injury 12 12% - - 28,608 10.4%
Unknown® 11 11% - - 4,823 1.8%
P-values greater than 0.1 were denoted with **,

P-values greater than 0.05 were denoted with *. Excluded variables denoted with

8.2.3.1.3 Environmental Characteristics
In WATS, nearly threefourths (72%) of bicyclists were struck by drivers in thedaylight and

20% were struck in darkness, either lighted or unlighted. This is similar to GES, in which 76.5% of
bicyclists were struck in daylight and 18.2% were struck in darkighted/unlighted. By contrast,
FARS reported that hal{50.1%) of fatal bicyclist crashes occurred during daylight conditions and
43.2% in dark-lighted/unlighted conditions. In WATS, the majority of the collisions (70%) occurred
when the weather was clear and 26% of the collisionoccurred when there were adverse weather
conditions (rain, cloudy, fog). Likewise, FARS and GES reported that struck bicyclists were riding in
clear weather for 79.2% and 83.9% of therashes, respectively. Dry roadonditions were present in

90% of WATS driverbicyclist collisions. FARS and GES reportétiat 91.4% and 84.8%, respectively,
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of bicyclists were riding on dry roads. In WATS, 46% of crashes occurred in a speed limit zone of 25

mph (roughly 40 km/h) and 60%occurred at an intersection.

Table 37 Results of Environmental Characteristics.

Environmental WATS WATS FARS FARS GES GES
Characteristics Cases| Percentage | Cases |Percentage| Cases | Percentage
Total 100 100% 3,690 100% 267,412 100%
Weather Type
Clear 70 70% 2,922 79.2% 224,480 83.9%
Cloudy 22 22% 522 15.0% 29,904 11.2%
Rain 3 3% 147 4.0% 11,956 4.5%
Sleet/Hail - - 2 0.05% 88 0.03%
Fog/Smoke 1 1% 27 0.07% 298 0.1%
Snow/Blowing Snow - - 7 0.02% 588 0.02%
Severe Wind - - 1 0.002% 26 0.001%
Other/Unknown 4 4% 28 0.08% - -
Road Surface Condition **
Dry 90 90% 3,373 91.4% 226,652 84.8%
Wet 6 6% 251 6.8% 15,807 5.9%
Snow/Ice/Frost/etc. 0 0% 13 0.4% 511 0.2%
Other/Unknown 4 4% 53 1.4% 24,442 9.1%
Lighting **
Dawn 2 2% 89 2.4% 3,457 1.3%
Daylight 72 72% 1,850 50.1% 204,567 76.5%
Dusk 5 5% 123 3.3% 10,037 3.8%
Dark-Lighted 13 13% 817 22.1% 39,167 14.6%
Dark-Unlighted 7 7% 777 21.1% 9,629 3.6%
Dark-Unknown Lighting 0 0% 24 0.7% 541 0.2%
Other/Unknown ° 1 1% 10 0.3% 15 0.006%
Road Type®
Non-freeway Intersection | 43 43% - - - -
Non-freeway Straight 27 27% - - - -
Intersection Related Otherl 13 13% - - - -
Non-freeway Driveway 11 11% - - - -
Intersection Driveway 4 4% - - - -
Non-freeway Curved 1 1% - - - -
Other 1 1% - - - -
Intersection **
Intersection 60 60% 1,393 37.8% 171,569 64.2%
Non-Intersection 40 40% 2,297 62.2% 95,843 35.8%
Traffic Control**
Signal 33 33% 613 16.6% 74,154 27.7%
Stop Sign 24 24% 162 4.4% 49,814 18.6%
Yield Sign 2 2% 7 0.2% 1,254 0.5%
Other Regulatory Sign - - 37 1.0% 239 0.09%
Warning Sign - - 22 0.6% 493 0.2%
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Environmental WATS WATS FARS FARS GES GES
Characteristics Cases| Percentage | Cases |Percentage| Cases | Percentage
Railway Crossing Device - - 1 0.05% 40 0.001%
None 41 41% 2,819 76.4% 129,201 48.3%
Other/Unknown - - 29 0.8% 12,217 4.6%

P-values greater than 0.1 were denoted with **, Excluded variables denoted with

8.2.3.1.4 Event Characte

Most WATS vehiclebicycle collisions were impacts to the front of the vehicle (81%).

Likewise, most impacts in FARS and GES were to the front of the vehicle and accounted for 82.4%

ristics

and 69.1%, respectively. Before the crash, in WATS, 31% of the drivers waveling straight, 26%

were turning left, and 23% were turning right. FARS and GES reported that vehicles traveling straight
accounted for 78% and 40.6% of collisions, respectively. The presence of visual obstructions was not

recorded in most cases, butvhen known, the most commonly reported in WATS were hills (5%) and

traffic (6%).

Table 38 Results for Event Characteristics.

- WATS WATS FARS FARS GES GES
Event Characteristics
Cases |Percentage | Cases|Percentage | Cases | Percentage
Total 100 100% 3,690 100% 267,412 100%
Vehicle First Impact Location *
Front 81 81% 3,042 82.4% |184,831] 69.1%
Back 5 5% 71 1.92% 11,944 4.4%
Left 1 1% 99 2.6% 19,018 7.1%
Right 12 12% 263 7.1% 51,123 19.1%
Undercarriage 0 0% 58 1.5% 124 0.046%
Top 0 0% 2 0.054% 284 0.1%
None® 1 1% 4 0.1% 76 0.028%
Other/Unknown ° 0 0% 151 4% 12 0.0046%
Vehicle Pre-event Movement **
Going Straight 31 31% 2,880 78.0% 108,537 40.6%
Slowing/Stopping 4 4% 6 0.2% 2,717 1.0%
Starting Up on Roadway 4 4% 16 0.4% 13,733 5.1%
Stopped on Roadway 2 2% 8 0.2% 6,789 2.5%
Turning Right 23 23% 187 5.1% 69,992 26.2%
Turning Left 26 26% 163 4.4% 42,676 16.0%
Accelerating in Road 0 0% 12 0.3% 127 0.05%
Overtaking or passing 0 0% 52 1.4% 2,498 0.9%
Leaving a parking position 0 0% - - 1,227 0.5%
Entering parking position 0 0% - - 1,230 0.5%
Making a UTurn 0 0% 1 0.03% 2,455 0.9%
Negotiating a Curve 0 0% 219 5.9% 3,886 1.5%
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. WATS WATS FARS FARS GES GES
Event Characteristics
Cases |Percentage | Cases|Percentage| Cases | Percentage
Changing Lanes 0 0% 59 1.6% 889 0.3%
Merging 0 0% 7 0.2% 127 0.05%
Successful Avoidance 0 0% 6 0.2% 39 0.01%
Other/Unknown ° 10 10% 74 2.0% 10,489 3.9%

P-values greater than 0.1 were denoted with **,
P-values greater than 0.05 were denoted with *. Excluded variables denoted with
Vehicle Visual Obstruction®

Hill 5 5% - - - -
House/Buﬂng/Intersect 1 1% - - - -
ion
Limited Sunlight 1 1% - - - -
Parked Vehicle 1 1% - - - -
Tree/Bushes/Fence 4 4% - - - -
Traffic 6 6% - - - -
Unknown 82 82% - - - -

P-values greater than 0.1 were denoted with **,
P-values greater than 0.05vere denoted with *. Excluded variables denoted with °.

8.2.3.2 WATS Analysis

Turning crashes may present a challenge for AEB systems as the vehitleunted sensors
may have limited field of view to detect the bicyclists. In turning cases, the bicyclist ofténot in the
view until just before impact. As shown inFigure 89, most drivers were going straight or turning
prior to the crash which likely resulted in front or side first impacts across all three datasetsThe
WATS datawas similar to GESwith about 30-40% of carstravelling straight and about 25% turning
right. In FARS however, more than threéourths (78%) of fatal crashes occurred when the vehicle

was traveling straight and very few occurred when the motorist was turning left or right.
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Figure 89. Distribution of vehicle pre-event movements before colliding with a bicyclist.

In addition to detecting the bicyclist, bicycleAEB systems must be able to predict the
AEAUAT EOOOGS 11 OAI A1 Os8 4AEEO DOAOGAT 6O A AEAIIT AT CA
interact and the possibility that the bicyclist is i the road or on pedestrian pathways. Most vehicle
bicycle collisions in WATS occurred at intersections (76 of the 100 crashes). As showrFigure 90,
crashes that involved the bicyclist riding along the road only resulted in 20 collisions, which was
approximately one-fourth the number of intersection crashes. There were only 3 cases in which the
bicyclist was turning z 2 left turning cases and 1 right tuning case. Turning left may put the bicyclist
at a greatrisk of collision because the bicyclist had to cross another through lane, but this cannot be
confirmed with this small sample of turning cases. The most common vehicle pogash movement
was turning right, closely followed by turning left. Ride through and ride along vehicle travel paths

indicate the vehicle was travelling straight through an intersection or straight on a nofunction,

respectively.
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Figure 90. Percentage bcrash cases for varying vehicle and bicycling traveling paths in WATS.
The annotated number denotes the number of cases each bar represents.

Once the bicyclist is detected, the effectiveness of the AEB system largely depends on the time
the system has taeact. The longer a bicyclist is visible to an AEB system, the longer the system has
to initiate braking and avoid the collision. As shown irFigure 91, the bicyclist ride along and ride
through cases have similar distributionsof earliest detection time For ride along cases, the bicyclist
was visible for at least half a second, 1 second, and 2 seconds for 25%, 45%, and 70% of the cases,
respectively. Fa ride through cases, bicyclists were visible for at least half a second, 1 second, and
about 2 seconds for 23%, 39%, and 69% of the cases, respectiv®lhile AEB system parameters are
highly proprietary and differ by manufacturer, one second is a commonlassumed threshold above
which an AEB system could mitigate or avoid a crash.dh AEB system only needs one second to

mitigate a crash, then about 60% of the crashes in the WATS database could potentially be mitigated.
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Figure 91. Cumulative distribution of earliest detection time for ride along and ride through cases
in WATS.

8.2.4 DISCUSSION

This study examined vehiclebicycle crashes investigated by Washtenaw Area
Transportation Study (WATS) in southeast Michigan with support fronToyota CSRO he goal of this
study was to elucidateprevalent conditions for U.S. vehiclebicycle crashes and examine factors that
could be detrimental to AEB effectivenesslhe data from WATS was able to provide many details
about vehiclebicycle crashes that are not available in national databases and could be very useful in

research and further development of AEB

Although WATS data collection was limited to southeast Michigan, WATS was broadly similar
to the nationally representative GES. The twexceptions were weather and bicyclist gender which
had statistically significant differences between WATS and GES. While weather conditions, e.g. rain,
could affect AEB performancend was significantly different between the datasetghe distribution
of road surface conditions, e.g. wet vs. dry pavement, was not significantly different. igh
counterintuitive finding may reflect actual differences in weather at the time of collision, but may
also reflect how quickly investigators were able to visit the scemafter the collision(which could be
expected to haveoccurred, in some situations, after the weather had changedyVATS and GES also

had significantly different distributions of bicyclist gender. Although bicyclist gender could affect
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bicyclist speed, itwould likely have little effect on crash causation factors or AEB detection
capabilities.

The WATS database provides a unique dataset ofdepth investigation of vehicle
bicycle crashes in the U.S. which allows computation of important parameters suels earliest
detection opportunity and distance travelled in the road.This study was limited by the number of
cases (100) in the WATS dataset. Another limitation in the study was the lack of available travel speed
data in the WATS dataset. For bicyclistgding along the road, our study used posted speed limits as
a surrogate for the drived @avel speed. This assumption may affect the earliest detection
calculation. For all cases, bicyclist speed was not known and therefore had to be estimated based on
I EOAOAOOOA OAlI OAOG8 4EAOA xAOA Ox1 AAOAOG xEAOA
not be calculated and were omitted from our calculations.

This work presents variables that can contribute to the potential effectiveness of AEB
in reducing/mitigating vehicle bicycle crashes. In order to estimate effectiveness further research
needs to exanine the time requirements for braking, the effects of pavement conditions on maximum
possible braking, and the effects of obstructions. WATS does not record impact speed or travel speed
of the vehicle which make it difficult to simulate the crashes accutaly. While WATS is more in
depth than publicly available vehiclebicycle crash databases in the US, a national study that includes
a larger sample size, crash reconstructions, and more detailed injury information would benefit AEB
effectiveness estimatims.

AEB is a promising active safety technology that may avoid or mitigate many vehitte
bicycle collisions. Bicyclistavere on the road for more than one second prior to impaadnh 60% of the
WATS casedAssuming that an AEB system requires a minimum ohe second for detection and brake
activation, these collisions would be potentially detectable by an AEB system with sufficient time to

take evasive action. However, for the remaining cases with less than one second of time to react (40%
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of cases), an AEBystem would be challenged to avoid or mitigate the collisiorCollision type, such

as straight crossing path or turning, could also affect AEB effectiveness.

8.3 (HARACTERISTICS OF NELEBICYCLE CRASHES ANDNEARCRASHES USING

NATURALISTIC DRIVINBATA[ 7]

8.3.1 INTRODUCTION

This study is motivated by a need to reduce the incidence of bicyclist injuries and fatalities
from vehicle-bicycle collisions in the U.S. and examines the feasibility of automatic braking sms

to accomplish this goal.

An important factor in bicyclist detection is the time the bicyclist is visible. If an automated
braking system could detect a bicyclist, a crash could be avoided or injury decreased. Vehicle and
bicycle speed before a crashnd presence of visual obstructions have been shown to be significant
factors in determining the severity of a crash, but can also affedte detectability of cyclists[92].
Studies are being conducted to model cyclist behavior with the goal of tes§j and improving pre-
collision systems[86, 90, 93]. While these studies have successfully modeled much of the movement
of a typical bicyclist, little has been reported on how effective these preollision systems would be
in real world examples in the U.S. In Europe, the effectiveness of automated emergency braking
systems in situations with pedestrians have been estimated to reduce fatalities by -#D% and
seriously injured persons by 1427% [10, 94, 95]. For this reason, characterizing vehicle and bicyclist
speeds and duration of visibility is necessary to determine whether and when the bicyclist would be
detectable by active safety systesh The objective of this studyas to characterize the types of
interactions between vehicles and cyclists wfite goal of determining if vehicle active safety features

could potentially mitigate these vehiddcycle interactions.

145



8.3.2 APPROACH

This study usal the Second Strategic Highway Research PrograrBHRP 2 Naturalistic
Driving Study (NDS) data to examine interactions between vehicles and bicycleSHRP 2vehicles
are instrumented with five cameras, but for the purposes of this study only the forwardating video
was examined. The forward facing camera is an analog standard definition camera that captures at
a frame rate of 30 frames per second. The camera has a focal length of 3.6mm and a horizontal field
of view of 67.4 degrees. The video is capted and scaled to 480x360 pixels for storage on tHeHRP

2 data acquisition system.

The interactions were categorized bySHRP 2data reductionists by type of interaction,
severity, vehicle type and driver distractions, among others In our study, the dataset was filtered to
include only interactions with pedalcyclists (any severity was accepted) resulting in 65 eventé
pedalcyclist was defined as bicyclists and other cyclists, including riders of unicycles, tricycles, and
any other vehicle powered only ly pedals[96]. For the remainder ofthis paper these road users will
be referred to as bicyclists as all the cases involved bicycles. The data set consisted of 3 crashes, 61
near-crashes, and 1 norsubject conflict. INSHRP 2an event was considered a crash if the subject
vehicle made any ontact with the bicyclist that results in kinetic energy measurably transferring or
dissipating. An event was considered a nearash if a rapid evasive maneuver by the subject vehicle
or bicyclist was required in order to avoid a crash. A rapid evasiv@aneuver refers to a change in
steering, braking, accelerating or any combination of these maneuvers. Three of the near crash events
were missing video and were therefore excluded. The nesubject conflict event, an event in which
the subject vehicle obseved an incident with a bicyclist, did not have enough information for analysis

and was excluded. The final dataset consisted of 61 cases (58 nesashes and 3 crashes).

While not ideal, near crashes are acceptable surrogates for crashes because thergissitive

relationship between the frequency of factors that contribute to crashes and near crashg]. Guo,
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et al. [97] found that the inclusion of both near crash data and crash data increases the precision of

contributing factor risk estimations.

8.3.2.1 Classification of Interaction Types

In each case, the factors which may have influenced the crash ecragarwere examined
including, but not limited to the speeds of the vehicle, road conditions, light conditions, and the path of the
vehide and bicycle. These factors were compared to bicyclist crash data extracted from the General
Estimates System (GES) and the Fatality Analysis Reporting System (FARS) to ensure $itREh2
sample was representative of national veHiitgcle crash sttistics. GES is a probability sample of about
60,000 policereported crashes of all severities (no injury to fatal injury) that use weighting factmed¢o
case counts to match national figures. These weighting factors were incorporated in ouranbly/S&S
data. FARS is a census of all U.S. traffic crash fatalities. While these data sets are large, they do not contain
the level of detail provided by tH8HRP 2sample. TheSHRP 2database records video of the incident
which can provide informatiosauch as the path of the vehicle and bicyclist, speed of the vehicle and the
bicyclist before the crash, and the duratioa bicyclist was visible. Thegparameters are not available in
the GES or FARS data. The paths of the vehicle and bicycle weraledcand compared to the data
reductionistés analysis of each incident. The dif

in Figure 92.

Figure 92. The most common vehicléicycle interactions found in theSHRP 2NDS database.
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