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METRIC CONVERSION TA BLE

U.S. UNITS TO SI* (MODERN METRIC) UNITS

SYMBOL WHEN YOU KNOW ‘ MULTIPLY BY ‘ TO FIND SYMBOL
LENGTH
in inches 25.400 millimeters mm
ft feet 0.305 meters m
yd yards 0.914 meters m
mi miles 1.610 kilometers km
mm millimeters 0.039 inches in
m meters 3.280 feet ft
m meters 1.090 yards yd
km kilometers 0.621 miles mi
SYMBOL | WHEN YOU KNOW | MULTIPLY BY ‘ TO FIND ‘ SYMBOL
AREA
in? square inches 645.200 square mn?
millimeters
ft? square feet 0.093 square meters | m?
yd? square yard 0.836 square meters | m?
ac acres 0.405 hectares ha
mi? squaremiles 2.590 square kilometery km?
mny square millimeters 0.0016 square inches in?
m? square meters 10.764 square feet ft2
m? square meters 1.195 square yards yd?
ha hectares 2.470 acres ac
km? square kilometers 0.386 square miles mi?
SYMBOL WHEN YOU KNOW | MULTIPLY BY TO FIND SYMBOL
VOLUME
fl oz fluid ounces 29.570 milliliters mL
gal gallons 3.785 liters L
ft3 cubic feet 0.028 cubic meters m?
yd® cubic yards 0.765 cubic meters m?
mL milliliters 0.034 fluid ounces fl oz
L liters 0.264 gallons gal
m? cubic meters 35.314 cubic feet ft3
m® cubic meters 1.307 cubic yards yd®
NOTE: volumes greater than 1,000 L shall be shown®in m

*Sl is the symbol for the International System of Units. Appropriate rounding should be made to comply

with Section 4 of ASTM E380.
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EXECUTIVE SUMMARY

This report describea comprehensive studiat aimsto identify ways to reduce the frequency
and severity of bicycle crashes in Floridae objective is achieved through a detadedlysis of

the roadway, behavioral, and spatial factors associated mjttidcrashesAn extensive literature
reviewwas first conducted. The revielwcueson themethodgo identify bicycle hot spotand
findings onbicycle crash causes, crash contributing factors, and potential countermedsures.
descriptive trend analysiwas therperformedbased on a total d26,036 bicycle crashes that
occurredduring2011-2014.A spatial analysisising ArcGIS wasthenperformed to identify the
top five bicycle crash hot spois eachFlorida Department of Transportation (FDOdistrict.
These hot spotegetherexperienced a total of 2,954 bicycle crashes during theykear analysis
period.Police reports of theebicycle crashewerereviewed in detail to identify specific bicycle
crash typestheir aash contributing factorand poéntial countermeasuredlacroscopic spatial
analysiswas performedto model the relation between demographic, secienomic, roadway,
traffic, and bicycle activity data at the census block group level and bicycle crash frequencies in
Florida. Finally, a crosssectional analysis waperformedto develop Floridaspecific Crash
Modification Factors CMFs) for bicycle crashegor different roadway segment and intersection
facility types.

Literature Review

The review summarized existing studies in the following four areas: (1) risk factors thatredfect
frequencyand severity of bicycle crashe®) bicycle crash causes, patns, and contributing
factors;(3) network screening methods used to identifydgorioritize bicycle hot spots; an@)
safety performance of the most commonly implemented enginemringermeasures

Researchers preferred to differentiate the risk factors affecting bicycle safety for intersections and
mid-block locations due to thebviousvariability in the operational characteristics. Roadway
traffic, geometric, and socieconomic variables were investigatedd&termine their impact on
bicycle crash frequency and severity. Spatial anaglgsigecially the use of ArcGl8as evolvd

as an effective tool tbetter understandnd model bicycle crash frequencidoreover spatial
analysis using ArcGIS wasund to be the most commonly used network screeappyoach
Several studiehowever used a combination of different methodsdentify andrank bicycle

high crash locations.

In addition to theypical bicycleinfrastructure such dscycle lanesndbicycle slotsresearchers
haveinvestigated the impact gkverabther roadway chacteristicsincludingshared path width

and separation, shoulder type, shoulder wietb, on bicycle safety. One of the main challenges
observed in improving bicycle safety is the lack of bicycle exposure data. Unlike traffic volumes,
bicycle volumesare scarcely available, if at alResearchers addressed this limitation by using
surrogate measures of bicycle exposure such as number of transit stops in popgiation etc.

Statewide Bicycle Crash Causes and Patterns

Statewide bicycle crash fparns and causes were identifiedsed on a total d26,036 bicycle
crashes that occurretiiring 2011-2014. The descriptive trendanalysis was &sed onamporal,
environmental, bicyclistelated, crash locatierelated, and vehicleslated factorsThe effect of
roadway geometric features on the frequency and severity of bicycle crashes was also studied using
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data from 9,884.3 miles of ndimited-access state roads in Florida, which experienced a total of
10,546 bicycle crashes during the fg@aranalysis periodSome of the key findings include:

T
)l

= =

Bicycle fatal crashes accounted for 5.6% of all traffic fatal crashes, while they constituted
only 1.9% of total crashes.

The majority of bicycle crashes occurred on urban roadways; only 1.2% of ad<tasl
occurred on state roads occurred in rural areas. In terms of crash severity, 16.9% of all
bicycle crashes that occurred on rural facilities resulted in fatalities while only 2.5% of
those that occurred on urban facilities resulted in fatalities.

Nighttime bicycle crashes resulted in more fatalities compared to daytime crashes.
Crashes involving el der bicyclists (O 65
crashes involving younger bicyclists (< 65 years).

Crashes involving male bicyclistssulted in more fatalities compared to crashes involving
female bicyclists.

Over 10% of all bicyclists involved in crashes who were under the influence of alcohol
were killed, and a high 27.6% of all bicyclists involved in crashes who were under the
influence of drugs were killed.

Crashes involving bicyclists using helmet protective padsvere less severe compared

to those involving bicyclists using reflective clothing or lighting.

Although bicyclists were frequently hit while cycling dine sidewalk these crashes
resulted in very few fatalities.

Crashes involving bicyclists cycling alorige roadway against traffic were found to be
more severe compared to those involving bicyclists cycling dlwergadway with traffic.

In terms of bicycligls action athetime ofthe crash failure to yield rightof-way was the

most frequent contributing cause, resulting in about 15% of total crashes.

Among all types of vehicles, passenger cars were found to result in relatively less severe
crashes. Mediurandheavy trucks resulted in more severe crashes; a relatively high 14.5%
of all crashes involving mediuandheavy trucks were fatal.

Bicycle Crash Patterns at Hot Spots

A spatial analysisisingArcGIS wasperformedto identify thetop five bicycle hot spots in each
FDOT district. Police reports of all the 2,954 bicycle crashes that occurred at these hotspots were
reviewed in detail to identify specific bicycle crash types and patterns. Some of the key findings
from thepolice reportreviewinclude

1
T

Drivers were afault in 45.7% of the crashesvhile bicyclistswere atfault in 30.2% of the
crashes.

Crashes involving afault bicyclists resulted in a greater percentage of fatal crashes
compared to those involving-&ult drivers.

Signalized mtersectiongxperienced a greater proportion of bicycle crashes compared to
unsignalized locations

Locations with bicycle lanes experiencedraallerproportion of fatal crashes compared

to locations without bicycle lanes.
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1 Crossing the strésvas found to result in a greater proportion of fatal crashes compared to
riding along the roadway.

1 Crashes involving bicyclists riding alorige roadway facing traffic resulted in a greater
proportion of fatal crashes compared to crasheslving bicydists riding along with
vehicles.

1 Crosswalk locations, although experienced a high frequency of bicycle crashes,
experienced a relatively low proportion of fatal crashes.

The gashpatternanalysisdentified the following four major bicycle crasypes

Motorist turrs right while bicyclist is crossing the street
Motorist turrs left facing bicyclist

Bicyclist rides out at intersection

Motorist drives out at stop sign

= =4 =4 -4

In addition to theecrash types, the followinigicycle crash contributinfactorsandscenariosvere
alsoobservedrequenly:

Inadequatestreetlighting
Unconventionaintersectiorgeometry

Traffic violationsby motorists and bicyclists
Bicyclists sideswipevehicles
Drivewaysnearintersections

U-turn maneuverdy bicyclists and motorists
Bicyclists hit the door of parkedvehicle
Bicyclistsride opposite to theraffic

= =4 -8 -8 _-9_9_°5_2

Several engineering and education countermeasures were recomrfaritiede crash types and
scenariosEngineering countermeasurexluding signabptimization turn regrictions,andsign

and pavement marking improvementsuld improve the overall safety situation for bicyclists.
Agencywide education campaigns on the laws pertaining to bicyclists and extensive driver
education campaigns that focus on driver compliavitte bicyclist rightof-way laws and stricter
enforcement could improve bicycle safety.

Macroscopic Analysis of Bicycle Crashes

Bicycle crash trends are quite distinctive and are dependent on land use, existing bicycle
infrastructure, sociceconomic fators, etc.The impact of thesdactors on bicycle crash
frequencies washereforestudied using spatial analysi8. macralevel spatial analysis was
performedo determineghe relation between bicycle crashes artépendentariablesincluding
demographic and socieconomic factors, roadway and traffic characteristics, and bicycle activity
while accounting for the effect of spatial correlation among census block g&epasate models

were developed for total and F+S bicycle crashes

Table E-1 provides a overview of the impact of different demographic and s@&conomic,
roadway and traffic, anblicycle activity datanthetotal and F+S bicycle crash models.
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Table E-1: Impact of Variables on Bicycle Crash Models at Census BlockrGup Level

Variable Description

Demographic and Soci@conomic Characteristics

Total Crash

Model

F+S Crash
Model

Log of total population

Proportion of lbuseholds with nautomobile

Proportion of lnuseholds with onautomobile

Proportion of nale population

Proportion ofBlack or African American population

Proportion ofHispanic or Latino population

Proportion of ppulation aged 1829 years

Proportion of mppulation aged 3039 years

Proportionof population aged 4049 years

Proportion of ppulation aged 5064 years

Proportion of ppulation 25 years and above having high school
diploma only

Proportionof m pul ati on 25 years and
or attendedome college with no degree achieved

Proportionof m pul ati on 25 years and
or attended some college with no degree achieved

Proportonof m pul ati on 25 years and
or higher

Roadway and Traffic Characteristics

Density of rural collector roads per sg. mi. of area

Density of rural local roads per sg. mi. of area

Length of urban principal arterials per sq. mi. of area

Length of urban collector roads per sq. afiarea

Length of urban local roads per sq. mi. of area

Density of bicyck lane and Ioiycle slot per sq. mi. of area

Log of daily vehicle miles traveled (DVMT) in thousands

S HEE S S I RSIRSI R RS NP PP NN SN

Log of number of bicycle commuters

Truck percentage

=1

Strava Usersod6 Ride Character.i

(72}
—

(7]

Bicycle trip miles: Medium

NC

Bicycle trip miles: High

ih)

Bicycle trip intensity: Medium

iy

Bicycle trip intensity: High

e N N N S B N R R N R I e R N - ey RN e e P ENI=NIEN

i}

Note: ﬁ indicates credible and increasing eff1@indicates credible and decreasing efféE; is not credible.




Florida-Specific CMFs

A crosssectional analysis wgserformedto develop Floridspecific CMFs for bicycle crashes.
Relevant multivariate regression models were developed agjaegeralized linear model (GLM)
approach with negative binomial (NB) distributi@nly the variables that were significantla¢

80% confidence interval in the initial model were used to develop the final models. Finally, the
CMFs were estimated based these final modelstor each facility typethe data and model
coefficients were reviewed closely to identify reliable CMFs. TaBe€ andE-3 provide the
Floridaspecific CMFs developed for total bicycle crashes for different roadway segment and
intersetion facility types, respectively.Similarly, TablesE-4 and E-5 list the Florida-specific
CMFs developed foF+Sbicycle crashes for different roadway segment and intersdetodity

types respectively.

Table E-2: Florida-Specific CMFs for Total Bicycle Crashes for Segment Facility Types
Urban Rural

Variable Divided Undivided Divided
4L° 6L® 4.2 2L°
Median Width - 0.99 | 0.99 NA 0.84
Presence of Bicycle Lane 1.69 | 0.86 -- 2.24 --
Presence of Shared Path -- -- 0.75 -- --
Presence of Sidewalk -- 178 | 1.87 - --
Presence of Sidewalk Barrier 2.18 -- 1.99 0.33 --
Type of Parking (One Side) - - -- -- -
Type of Parking (Both Sid€els) 2.65 - 048 -- -
Lane Width 064 | 0.77 | 0.75 - --
Type of Median Raised TrafficSeparatof 265 | 1.22 -- --
Type of Median Yegetation?® -- 0.62 | 0.49 NA --
Type of Median Curb & Vegetatio)P 243 | 0.85 | 0.80 --
Medium Bicycle Activity (A| 051 -- 0.89 -- -
High Bicycle Activity (Annual Trips >10,000} 0.73 -- 0.73 -- --

-- Not significant;NA is not applicable

aUrban 2Lane Divided Tweway Road? Urban 4Lane Divided Tweway Road;

¢ Urban 6Lane Divided Tweway Road¢ Urban 4Lane Undivided Twewvay Road;

¢ Rural 2Lane Divided Tweway Road.

f The base condition for type of parking is no parking allowed.

9 The base condition for type of median is paved.

" The base condition for bicycle exposure is low bicycle activitpnualTr i ps O 2, 000) .

Table E-3: Florida-Specific CMFs for Total Bicycle Crashes for Intersection Facility Types
Urban 4-Leg Urban 3-Leg

\EUE]ES

Signalized Stop-controlled

1-2 Bus Stops within Intersection Influence Afrea - X
O 3 Bus Stops withinm Inter 1.90 X
1-8 Alcohol Sales withinntersection Influence Aréa 1.53 X
O 9 Alcohol Sales within | -- x
Presence of Bicycle Facilities 1.27 1.36

-- Not significant; x Excluded from modeling.

2The base condition for bus stops is absence of bus stops within intersection influence area.

® The base condition for alcohol sales establishments is absence of alcohol sales establishments within intersection
influence area.



Table E-4: Florida-Specific CMFs for F+S Bicycle Crashes for Segment Facility Types

Urban

Variable Divided Undivided

2L@ 4L° 6L 2129 3L1°
Median Width - 0.98 -- NA NA NA
Presence of Sidewalk 0.41 -- 2.71 -- -- -
Presence of Sidewalk Barrier 4.20 -- -- 3.96 -- 0.36
Type of Parking (One Side) -- -- -- -- -- --
Type of Parking (Both Sidek) 4.62 -- -- -- -- --
Lane Width 052 - 0.79 | 042 | 0.24 -
Type of Median Raised Traffic Separatpr 5.9 -- --
Type of Median Yegetation” -- -- 0.45 | NA NA | NA
Type ofMedian Curb & Vegetatioj’ -- 0.97 --
Medi um Bicycle Activity (
10,000) 0.47 1.63 - - -- -
High Bicycle Activity (Annual Trips > 10,000) -- 1.43 0.76 -- -- --

-- Not significant;NA is not applicable

aUrban 2Lane Divided Tweway Road? Urban 4Lane Divided Tweway Road;

¢ Urban 6Lane Divided Tweway Road¢ Urban 2Lane Undivided Tweway Road;

¢ Urban 3Lane Undivided Onsvay Road! Urban 4Lane Undivided Twewvay Road.

9 The base condition for type of parking is no parking allowed.

h The base condition for type of median is paved.

' The base condition for bicycle exposure is low bicycle activitynualTr i ps O 2, 000) .

Table E-5: Florida-Specific CMFs for F+S Bicycle Crahes for Intersection Facility Types

Variable Urban 4-Leg Signalizedintersection
Numberof Approaches with Righturn Lanes 0.82
Presence of Bicycle Facilities 1.71
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CHAPTER 1
INTRODUCTION

1.1Background

Bicyclists are vulnerable road usernso are agreate risk forfatal or serious injurywhen involved

in a crash with a motor vehiclgvhile bicycling accouns for only 1% of all trips taken in the
United StategPucher et al., 201 1bicycle fatalities constitute over 2% of all traffic fatalitiés.
2014 Florida led the natiowith 139 bicyclist fatalities, representing approximately 20% of the
nationbs tot al ,thefmuntden of 2atallahd seriougu?y(crashes involving a
bicyclist increased by 30%nd reported crashes increased 44

Improvingbicycle safety is a different challenge compared to improving the safetynabdity

of motorized vehicular traffic because of the following reasbitycle crashes are rare and often
severe; bicycle exposure is different from vehicle exposure and is difficult to quantify; and bicycle
crash trends are quite distinctive and are dependent on land use, existing bicycle infrastructure,
sociceconomic factors, et@& thorough analysis of the roadway, behavioral, and spatial factors
associated with bicycle crashegherefore requiretb improve bicycle safety.

1.2Project Goal and Objectives

The goal of this research projectésconduct aomprehensive study to improve bicycle safety in
Florida. This study casiders a combination of analgdiechniques, including descriptive trend
analyses, areaide spatial analyses, sigpecific analyses, and statistical modeling. Descriptive
statisticsprovide insights on bicycle crash patterns and causes. Spatial analyses provide the
necessary tools to identify and rank bicycle hot spotd@myestigate the contributing effects of
sociceconomic and demographic, roadway environment and infrasteyttigycle activity, and

traffic characteristics on bicycle crash frequency. Analysis of collismdition diagrams and
detailed review of glice crash reports provide additional details on bicycle crashes and
contributing factors that are not usuallyadable incrash summaryecords.Lastly, statistical
models help quantify the impact of different roadway characteristics and countermeasures on the
frequency and severity of bicycle crashes.

The specific project objectives include
1. Reviewand summarizexistingliterature orbicycle safety, including methods identify
bicycle hot spotsand findings orbicycle crash causes, crash contributing factors, and
potential countermeasures.
2. l|dentify specific contributing causes and patterns ofdde crashes

3. Identify and analyzbicycle hot spotdor crash causes and potential countermeasures.

4. Develop Floridaspecific Crash Modification Factors (CMFs) to assess the safety effects
of common engineering treatments on bicycle safety.



1.3Repat Organization

The rest othis report is organized as follows:

T

Chapter 2 provides r@view of existing literature on bicycle safety. It focuses onrtble
factors affecting the frequency and severity of bicycle cradhiegcle crash causes,
patterns,and contributing factorghe retwork screening methods used to identify and
prioritize bicycle hot spotsand safety performance of the most commonly implemented
engineeringrelatedbicycle crash countermeasures

Chapter Jiscusseshe overall statewide bicycle crash patterns and trends in Fldhda.
descriptive trend analysis based onemporal, environmental, bicyclistlated, crash
locationrelated, and vehicleelated factorslt also documents theffect of roadway
geometic features on the frequency and severity of bicycle crashes

Chapter 4 focuses on analyzing bicycle crashes using spatial applications. It identifies the
top five bicycle crash hot spots in ead€lorida Department of Transportation (FDOT)
district. It also includes collisiowondition diagramsof locations with bicycle crash
clusters in FloridaThe chaptefurther discusses ibycle crash contributing factors and
potential countermeasures

Chapter 5discusses theelation between demographic, seemnomic, roadway, and
traffic variables at the census block group level and bicycle crash frequencies in Florida.

Chapter 6 presents thecycle crash modification factors ftotal bicycle crasheand fatal
and severe injuryF+S) bicycle crashes fodifferent roadway segment and intersection
facility types

Chapter 7 provides a summary of this project effort and the relevant findings and
conclusions.



CHAPTER 2
LITERATURE REVIEW

This chaptempresents a brigkviewof the literature on bicycleafety. Thechapteiis divided into
threemajor sections. The first section focuses on the risk factors affecting the frequency and
severity of bicycle crashes. It also includes a brief discussion on bicycle crash causes, patterns,
and contributing factorsThe second section discusses teémork screening methods used to
identify and prioritize bicycle hot spotdzinally, the third sectionfocuses onthe safety
performance of the most commonly implemented engineeelaged bicycle crash
countermeasuresich as bicycle lanes, bicycle tracks, and raised bicycle crossings.

2.1Risk Factors Affecting BicycleSafety

This section includes a reviewrgitentiterature on different risk factors affecting bicycle crashes.

It also includes studies that focus on the causes, patterns, and contributing factors associated with
bicycle crashes. Researchers have used several statistical and spatial models tobemalleate
safety. This section is therefore organized according to the analytical meipplisd in the
reviewed literature.

2.1.1Statistical Methods

In this section, studies that have applied statistical models including logit models, probit,models
odds modelsnultivariatePoissorlognormal moded, and regression models are discussed.

Logit Models

Klasseret al. (2014) analyzed the severitytidycle crashes using spatial mixed logit model for
Edmonton. A total of 424 intersectigalated and 147 miblock-related bicycle crashes that
occurred during 2008009 were investigated. o@ridor design, human, temporal, and
environmental factora/ere considexd as covariate categories. The authors did not identify any
common factor contributing to bicycle crash severity at intersections cblot# locations.
However,the interaction between roadway aapiproackcontrol type, the existence of partial
crosswaks and bicyclesigns, and théic y c | i st 6 sageyvere idemtified asnsdynificant
factors for bicycle crash severities at intersections. On the contoagyayclassification, on
street par ki nwerefoand significant for enithl6¢ck bicgckp erash severities.

Moore et al. (2011) also differentiated the factors for intersection andhtersection bicycle
crashes. A total of 10,029 bicyetelated crashes that occurred from 2@0®8 in Ohio were
considered for the studfatandardnultinomial logit andmixed logit modelswere developed to
estimatethe injury severity factors. Roadway geometry (i.e., horizontal curve and vertical grade),
vehicle type (i.e., van, heavy truck, etc.), bicyclist safety devices (i.e., helmet), drug @mal alc
usage, and driver insurance playesignificantrole in determining the injury severity of bicycle
crashes at intersections and rbidck sections.

Zahabi et al. (2011) used an ordered logit model to investigate the effects ofonatsin,
roadwaytype, vehicle movemenighicle type, environmentabnditions, population dengj road
connectivity, and land use mix on injury severity of pedestrians and bicyclists involved in collision
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with motor vehicles in the City of Montreal. Craslasignalized intersectiongere foundto be

more dangerous fdricyclists. Straight (i.e., through)movementof vehicles was found to have
significant assoctéons with sustaining an injury, i.e., increased the bicyslistjury severity in
bicycle crasks. Transit access and median incomerenot statistically significantThe authors

did not find population density and lighting to be significant factors in bicycle crashes. This result
is contradictory to the result from a later studyHgmannet al. 014) which considered these
factors to be significant.

Eluruet al. (2008 pppliedamixed generalized ordered respolwsgt model to analyze pedestrian
and bicyclist injury severityusingdata fromthe 2004 General Estimates System (GRSgE (the
elderly are more injurprone), speed limit (higher speed limits leadiare severejuries), crash
location €rashesat signalized intersections are less sewvarmpared to those that occurred
elsewhere), and timef-day @dark conditions expeneed more seveigjuries) were identified as
influential variables affecting th@on-motorist injury severity

Kim et al. (2007) used a multinomial logitodelto identify the factors leading to the four injury
severity levels in bicyclists (i.e., fatajury, incapacitating injury, noimcapacitating injury, and
possible or no injury). The authors used crash data from-290Z from North Carolina.
Inclementweatherno streetlightsmnorningpeakhour(06:00AM to 09:59AM), headon crashes,
speedingnvolving vehicle speedsver 48.3 kmph30 mph), truck involvenent drunk driver,
bicyclist age 55 or over, and drublcyclist were found to double the probability of a fatal injury
in a bicycle crash. Aastimated prerash speed of vehicle§ morethan 80.5 kmph (50 mph) was
found to increase the bicycléstprobability of a fatal injury by more than 16 times. Compared to
the bicycle crashes involving-&ult drivers, those involving dault bicyclists weredentified to
bemore closely correlatedith bicyclist injury severity.

Probit Models

Klop and Khattak (1999¢xamined the impacts of physical and environmental factors on the
bicyclist injury severity in bicycle crashes. North Carolina Highway Safety Information System
(HSIS) crash and inveory data from 1990993 for statecontrolled, twelane, undivided
roadways were analyzed. Using the KABCO scale of injury severity distribution, two ordered
probit models, one with all crashes and the other one restricted to only those in rural ageas wer
estimated. Roadway characteristics such as speed limit, straight grades, and curved grades; driver
and bicyclistrelated factors includingmpaired braking acceleration, and maneuverability;
environmental factors including fog and dark unlighted camst showed increased severity
trend, most probably due to their effect on driver reaction time and speed differentials at the time
of impact. Average annual daily traffic (AADT), interaction between shoulder width and speed
limit, and street lighting weréound to be associated with decreased injury severity. Marginal
effects of each factor on the likelihood of each injury severity class were identified. They
highlighted the fact that in addition to vehicular traffic and scenery, decision makers should als
review the frequency of straight grades and curved grades on roadway segments, the presence of
a shoulder, and the presence of foggy conditions in selecting State Bicycle Routes. Reducing
grades and curves in new thane roadway construction might haagditional benefits in terms

of reduced bicycle crash severity.



Odds Models

Wang et al. (2015nvestigatedhe factorsassociatedvith the severity of injuriesustainedy
bicyclists in bicyclecrashes at unsignalized intersectiolbe study objective was improve
bicycle safetythroughsite-specific countermeasures and interventidisycle crash data were
extracted from K &entuakyg GolisiorsDatalhase foPtbd peri@G52612.
The authors employedartial proportional odds mode$top-controlled intersections, oflane
approaches, helmeisage, and lower speed limitgere found to beassociatedvith decreased
injury severity. On the other handncontrolled intersections, older drivensd bicyclistqage>

55 yearg, child bicyclists(age< 16 yearg, foggy and rainy weather, inadequate use of lights in
dark conditions, and wet road sacés were found to be the triggering factors for increingey
severity.

Multivariate PoissorLognormal Models

Kaplan and Prat@2015) utilized anultivariatePoissonrlognormal modeto analyze land use and
network effectonfrequency angeverity ofbicycle crashes the Copenhageregion A total of
5,349 bicgle crashesfrom 20002013 were extractedor analysisfrom the National Crash
Databasecompiled by theDanish Road Directoratelraffic exposure of nomotorized and
motorized transport modes was controlled for the modst. dffect of infrastructurée.g., the
presence of bicyclanes or pathghe presencef different types of intersectiongnd land use
(e.g., the characteristiad the area wheréhé roads were located and their interactions with the
aforementioned infrastructyrevas evaluated and heterogeneity and spatial correlation across
links wasaccountedn the model framewotklhe model resulted in reducedash rates dsicycle
traffic increasd and this happexdmorefor fatal and severe injury bicycle crashes

The study revealed that crasfites decreadewith increasingtraffic volume, andparticularly
severe crash rates reduced more witheasindevel ofcongestionFatal and severe injugyasles
were related to the presence wiore heavy vehicles on the rod&licycle lanes andegregated
bicycle paths reducetie number of seveirjury crashes, anthe effects were monggronounced

in suburban area®ossible injury ono injury crashesreremore concentrateat the Copenhagen
city center; whereadatal and severe injury crashegre more associated with industrial zones.
Onewaystreas werecorrelated with decread@umber of crashes, although this relationship was
found to be reversed ftine city centerThemodelidentified intersections to be more problematic
than midblock sections, and the difference veagn more pronouncedhen located in suburban
areas. Roundabouts redound to bethe most problemtic type of intersections.i@ng the right
of-way, crossig a traffic signal, and crossiagoundaboutiggeredmorebicycle crashesaplan
and Pratp2015).

RegressiomModels

Boufouset al. (2012) examined the risk factors associated with the injury severity of bicyclists
involved in traffic crashes in Victoria, Australia during 2€8208. A logistic regression was used

to ascertain the predictors of serious injury &atdl crashes. About 34% of 6,432 polieported

bicycle crashes resulted in severe injury. The multivariate analysis identified age (50 years and
above), not wearing helmet, dark unlit roadway conditions, 70 kmph or above speed zones (43.5



mph), curvedroadway sections, rural locations, headcollisions, ruroff-road crashes due to
loss of control, striking the door of a parked vehicle on paths as the main factors increasing the
severity of injuries.

Schepers et al. (2011) also investigated the safdiicyclists at unsignalized intersections within
built-up areas in Netherlands using crash data from -2008. The study focused on the
association between intersection design characteristics and bicycle crashes. The authors classified
bicycle crashemto two types based on the movements of the involved motorists and bicyclists:
type |- through bicyclerelated crashes where the bicyclist had the +igtway, i.e.,bicycle on

the priority roacl and type II- through motor vehicleelated crashes whetiee motorist had the
right-of-way, i.e., motorist onhe priority road Negative Binomial (NB) method was employed

for the study. The probability of each crash type was found related to its relative flows and
independent variables. Type | crashes weredod occur more at intersections with tway

bicycle tracks, welmarked, and reddish colored bicycle crossings; and these crashes are
negatively related to raised bicycle crossings, i.e., speed humps and otheresioeaty
measures. The intersectionbere the bicycle track approaches wa#m away from the main
carriageway were found to have lower crpedbability. Roadway geometric factors such as raised
medians did not have any significant impact on type Il crashes. However, bicycle crashes were
found to be less severe at intersections with spegacing devices.

Bil et al. (2010) evaluated the critidalctors in fatakrashes involvingdult bicyclists (over 17

years) using multivariate regression analysis. The authors analyze@Q@B5rak data from the

Traffic Police of Czech RepublicIinappropriate driving speeds, heaa collisions, and unlit
roadways were identified as significant factors. Bicycle crashes were found to be more serious
when associated with the consequence of bicgelignial of rightof-way on crossroads. Male
bicyclists were found to be more prone to fatal injuries compared to female bicydiistenost
vulnerableage group was found to b& yearsaand older. The authors also found that more crashes
where bicyclistavere atfault resulted in a fatal injury compared to those where drivers were at
fault (598 vs. 370).

Oh et al. (2008) developed bicycle crash prediction models for urban signalized intersections. The
authors conducted field surveys at 151 intersectinonkiéhon, Korea to identify the potential
variables affecting bicycle crashes. The study revealed Poisson regression model to be most suitable
for predicting bicycle crashe$he primary and alternative models identified the following factors

(and their diection of association) to be the most critical for bicycle crashes at urban signalized
intersections: average daily traffic volume (+), presence of bus sopsi¢walk widths-}, number

of driveways (+), presence of speed restriction devigeprésence of crosswalks (+), and industrial

land use (+). In addition, the study emphasized the need to incorporate driver characteristics, roadway
geometric design, and operational features in the analysis.

2.1.2Spatial Frameworks

A number of studies havepatially integrated and analyzed roadway characteristics, crash, and
traffic data inGeographic Information System (GlYloreover, researchers have traditionally
been using spatial analysis to study the influence of smoomic and demographic fac@uch

as population, median household income, vehicle ownership, etc. on bicycle crashes. This section



presents the newer studies that have analyzed bicycle safety spatially in ArcGIS. More specifically,
studies focusing on the spatial analysis of bisgchjury severity trends, bicycle crash clusters,
and thespatial correlation between bicycle safety and several engineeringsesotiomic and
demographic factors areviewed and summarized.

Lawrenceet al. (2015) conducted geospatial analys of kicyclist injury trends in Melbourne,
Australia. The objective was to identify reduced bicyclist injury density areas. The study examined
crash characteristics and cycling environment to better understand the factors associated with
bicycle safety.Two metlods wereemployed: (a) cycling injury severity was calculated using
kernel density estimation method fttre period20062011to study p#erns in injury density
acrosdMelbourne over an extended time pekiand (bYhe absolute change in injury densitgs
calculated between 2005 and 2011, whielped identify a geographic area which experienced a
relatively more significant reduction imjury density.Figure 2-1 displays the spatial analysis
results. The crash characteristics were then analyzedetuifid the changes to the cycling
environment that were associated with reduced injury rate. As shown in Eigjusegeographical

area tahe southeast of Melbourmeas found to havexperienced a significanéduction in injury

rate. It appeared that @mbinationof behavior and road infrastructure changmht be the
contributing factors for such a reduction. However, ltok of cycling expsuredataprevented

more conclusive statements

)\"
Selected .
area

Change in injury
density/km?
+9.0
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Figure 2-1: Geographic Region in Melbourne, Australia Selected for Detailed Case Study
Based on Spatial AnalysigSource:Lawrenceet al., 2015
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Chimbaet al. (2014) also use@IS to geaclocate and cluster thpedestrian and bicyclerash
locations @ the roadway network in Tennessee. The study objecti@e to investigate
demographicsocioeconomic roadway geometric, traffic, and land us®ractestics affecting
pedestrian andicycle crash frequenc\B regression was employed to model te&tionship
between contributing factors and crasfidsefindings were used to identifyatterns of pedestrian
and bicycle high crash locations in Teasee. Bpulationdistributionby race, age group, mean
householdincome, percentage in the labor force, poverty level, vehicle @wiperland use,
number of laescrossed by pedestrians or bicyclists, posted speeddinaithe presence of special
speed zonewerefound tosignificantlyinfluence thdrequencyof pedestrian and bicycle crashes.

Siddiqui et al. (2012) applied a Bayesian spatial framework tehtoclcle crashes to investigate

the spatial correlation at Traffic Analysis Zones (TAZs) level in Hillsborough and Pinellas counties
in Florida. Roadway characteristics, environmental, demographic andesmmriomic variables
associated with bicycle ciass were used to develop the aggregate (i.e., macroscopic) models.
The Bayesian models were compared with the traditional NB models to assess the effect of spatial
correlation. Two Bayesian models were developed, one with only the random effects which did
not account for the spatial correlation, and the other with both the random effects and spatial
correlation to compare the results and explicitly identify the effect of spatial correlation. A
Heuristic approach, Bayesian Poissognormal, was used alongttvthe traditional forward and
backward methods for variable selection while developing theBagesian models. FDOT
District Sevends b i-2006 avbseanalyzedt svds fodnd that vafiabons 2 0 05
contributed by spatial correlations are abd®% for bicycle crashes in the TAZs; thus, Bayesian
models controlled for spatial correlation resulted in a better fit.

The authors considered the following eleven significant variables for thBayesian NB model:

(1) the total length of roadwaysthil5 mph posted speed limit, (2) total lengtmaE#dways with

35 mph posted speed limi3) total number of intersections per TAZ, @gdian househd
income per TAZ, (5) total numbef dwelling units,(6) log of population perguare mile of a
TAZ, (7) percentagef households with neretired workers but zero auto, (Bgrcentage of
households with neretired workers and one auto, (9) urban flag for a TAZ, (10) number of
kindergarten through 12th gradarollment, and11) log of total employment nmber in a TAZ.

The Bayesian model which did not account for spatial correlation identified similar variables as
significant; whereagnedian householchcome per TAZ, urban flag for a TAZ, and number of
kindergarten through 12th graéerolimentswere foundstatistically insignificant when spatial
correlation was considered in the Bayesian model. Neighbontedaidd variables did not reveal
any significant difference in the two models.

A similar conclusion was drawn by Kim et al. (2007) exceptifistitutional areas (i.e., schools)

which were found to be associated with higher possibilities of incapacitating inMrees. a n 6 s |
statistics identified the spatial orientationkafidergarten through 12thapte school enroliment as

0 r and o moplaimdd the reasan why it was not found significant in the model addressing the
spatial relation by Siddiqui et al. (2012). Total roadway length with 15 mph posted speed limit was
found as the only variable negatively associated with bicycle crashes.eQsontrary, total
roadway length with 35 mph posted speed limit was found to have positive assogiaioilar

positive association between 30 mph and 40 mph was recognized by Kim et al. Te@0¥)mber

of intersections was also found to be highlyaasated with bicycle crashes. A study by Carter and



Council (2007) identified the similarelationship that about 48% of bicycle crashes are
intersectioarelated in urban areas. The estimates for percent of households witletined
workers with zero aos was found to be twice than that of netired workers with one auto in

the model with spatial correlation, implying tladteris less critical than the former variable while
other variables being controlled. Population density and total employnhentwb possible
surrogate measures for bicycle exposure, were also found to be positively associated with bicycle
crashes. Siddiqui et al. (2012) concluded that Bayesian Pdsgoormal models with spatial
correlation to be the better one compared teratiodels that did not account for spatial correlation
among TAZs. Quddus (2008rknowledgedhe Bayesian framework as a more capable platform

to account for spatial correlation and uncontrolled heterogeneity present inlmagrerash data.

Loo and Bui (2010) conducted a spatial, circumstantial, and epidemiological study on bicycle
crashes in Hong Kong, where bicycle is a minor mode of transport. The Traffic Accident Database
System (TRADS) of Hong Kong police from 20@B07 and a hospital based Ro@dsualty
Information Database (RoCIS) were used. Spatial and statistical tools including buffer analysis,
chi-square tests, analysid-variance and binary logistic regression were used to analyze bicycle
crashes. It was found that large proportion oskes occurred on public roads near cycle tracks
which triggered the careful consideration of fully integrated cycle tracks in the new territories and
sufficient safe road network connecting the new cycle tracks. Majority of the bicycle crashes were
found b have taken place on relatively simple road environment which highlighted the lack of
sufficient training and practice. The bicycle safety problem was found to be more serious on roads
outside the cycle tracks as these locations experienced bicyclescodireresulting in serious

and fatal injuries. These bicyclists were mainly miellieed males(45 year¥riding bicycles on

public roads and were using bicycles as their mode of transport for daily trips. Proper education
for all bicyclists focusing othe use of helmets and protective gears was stressed in the study.

2.1.3Descriptive Data Analysis

Descriptive data analysis is one of the oldest and the most common techniques in crash data
analyses. It providean overallunderstandingbout thesdety situationand helps to identify the
mostprobablepredictors that affeatrash frequency and severifjhis section discusses several
recent studies that have used the descriptive data analysis techniques to improve bicycle safety.

Johnsoret al. (2013) studied the crash characteristics and risk factors associated with bicyclists
and open vehicle doors in Victoria, Australia. Three complementary data sources were used for
the study: a total of 1,247 policeported bicycle crashes fra20002011,a total of 40Ihospital®
emergency departmeptesentationor the period2000-2010, and a sample ofdgo footage from

a naturalististudy of commutebicyclists in Melbourneluring20092010.Bicyclist-open vehicle

door crashes accountedout8.4% of the policaeported crashes, and 3.1% of thespital
recorded crashes. Male populatigolice report: 67.1%hospitalrecord 65.8%)comprised the

higher portion of the injured bicyclists.d@ilts aged 18 years or older (police report: 97.5%;
hosptal record 96.3%)were found to be the most vulnerable age group for bicyclists. A high
percentage (93.1%) of crashes took place within 60 kmph (37.3 mph) speed zones. The study
identified 13 doorrelated events with a rate of 0.69ents per trip fromhie naturalisticycling
studydata; nostdrivers were found tmot look in the direction of théicyclist before opening

their vehicle doors.



Schepers and Wolt (2012) investigated thegls-bicycle crash types anttheir characteristics

using a questionna survey conducted in the Netherlands. The survey targeted bicycle crash
victims treated at an Emergency Care Department. The questionnaire had two types of questions:
openended questions about the crash, albdedended questions focusing on possibikec

causes, crash characteristics, and circumstances. About half of allsoygle crashes were

found to be related to infrastructure: collision with an obstaclepfitroad, bicycle skidding due

to slippery road surface, the bicyclist was unablatabilize the bicycle or stay on the bicycle
because of an uneven road surface. Loss of control at low $pesag on the front wheepoor

or risky riding behavioricycle defects, and gust of wind were the other main contributing factors.

2.1.4Combination of Methods

This section focuses on recent studies that have applied a combination of spatial methods and
regression techniques in analyzing crash frequency and severity, and identifying crash causes,
patterns, and contributing factors.

Hamannret al. (2014) examined bicycle crashes at intersections anthteosections in lowa for

the period 2002011 to identify the influence of person, crash, environment, and population
characteristics. The study employegbsdriptive statistics, GIS rpping, and multivariable logistic
regression to examine factors associated with crash risk and crash lo€Chéea variables were
identified as independent predictors of the crash location (i.e., intersection-mtersection). It

was found that young@icyclists (< 10 years old) were more prone to -imdarsection bicycle
crashes. Obscured vision was found to be a triggering factor feinteysection crashes. Non
intersection crashes were found to take place outside the city limits, i.e., in sas| probably

due to variation in exposure or with reduced lighting. Failing to yield -offwtay was a less
associated factor for nantersection crashes. Densely populated, low income, and low education
areas were found to be more crash prone; howesasth location did not make any difference on
the crash statistids these areagvans and Kantrowitz (2002) attributed bicycle crash issues to
more traffic and/or poorer maintenance of these areas. On the other hand, Edwards et al. (2008) and
Morency ¢ al. (2012) recognized the so@conomic disparity inclusive of behavioral aspects as
greater riskaking likelihood for these bicycle crashes.

As mentioned earlier irsection2.1.2, Chimbaet al. (2014) investigatedemographicsocic
economigroadway geometric, traffic, and land waractestics affecting pedestrian abetycle

crash frequencyn Tennessee. In this stud@|S was used to gelmcate and cluster the crash
locations andNB regression was employed to model thlationshigoetween contributing factors

and crashesPedestrian and bicycle crash ddta the period 2002009 from Tennessee
Department offransportation (TDOT) and Tennessee Department of Safety (YO&8bases

were used in tle study. The crash data containrg@0 pedestan crashes and 2,558 bicycle
crashesT DOTOs geos paStcieanls udsa twae basnidt eld s -edoeam@ dataa p hi ¢
at census tract level were also used for the GIS andRasilation distribution by race, age group,

mean household inowe, percentage in the labor force, poverty level, vehicle ownership, land use,
number of lanes crossed by pedestrians or bicyclists, posted speed limit, and the presence of special
speed zones were found to significantly influence the frequency of padestd bicycle crashes.

The findings were used to identify patterns of pedestrian and bicycle high crash locations in
Tennessee. Emaasit (2013) recommended the similar approach to identify bicycle and pedestrian
hot spots and identify the contributing fait for such crashes.
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Rodgers (1997) evaluated the crash risk factors associated with adult bicyclists by comparing
information on the characteristics and travel patterns of bicyclists who had crashed with those who
had not. The logistics regressiontiaimjue was used for the analysis. The analysis was based on
data from a national survey of over 3,000 bicyclists of 18 years of age and older. The survey had
the information on the characteristics and use patterns of the bicyclists and whether they had
crashed or fallen from their bicycles during the preceding year. The crash risk was found higher
for males than for females and was lower for bicyclists in thé®2$ear age group than it was for
bicyclists younger than 25 years and older than 64 yearswsskound to be directly proportional

to the miles traveled. Furthermore, risk was found to be substantially higher-foadfbicyclists
compared to omoad bicyclists; for those who race; for-tdtrain style bicycles as opposed to
generalpurpose liycles; and for Pacific Coast states compared to eastern, midwestern, southern,
and mountain states. Hands training geared toward adults, improvement of riding environment
through bicycle paths and bicycle lanes, use of helmets, and further resea@mpéasized as

injury reduction strategies.

2.2 Network Screening Methods

This section includes a review of literature on the existing network screening methods to identify
and proritize bicycle hot spots. GIS wdound to be the most commonly usedwork screening

tool. Furthermore, several studies have used a combination of different methods to rank bicycle
high crash locations.

2.2.1Traditional and RisiBased Safety Planning Method

Kittelson & Associates, Inc(2014) developed eombination two network screening methods
to prioritize pedestrian and bicycle hot spots for Oregon Department of Transportation (ODOT).
The firstnetwork screening methasibasedn draditionab me ter, iemoed crash frequency
and severityo prioritize locations for safety improvement. This methedd the most recent five
years of crash data to identify locations across the state with frequent and/or severeTdnashes.
secondmethod is basedn a riskbased systemic safety planning pss@onsistent with Federal
Highway Administration (FHWA) guidanc&he procesglentifiessafetyrisk based on roadway
characteristics that have contributed to pedestrian and bicycle crashes over the studypsriod
method isproactive inthe sense that may identify locations where crashes have not been
reported. In this method, crash history is not excludedgdngidered asne of may risk factors
used tqorioritize locationsRisk factors include a range of roadway or location characterssids

as road gometry(e.g., presence or absence of turn lanesmber of intersection legtc.)
intersection traffic contrdle.g.,signalized, unsignalizeall-way stop contrgletc.) and £gment
characteristic§e.g., number of access points per mifgesence of sidewalk ordyicle lane
presence of illumination, etc.)h& two network screeningethods resulted ia list of potential
safety improvement projects for pedestrians and bicyclists within each GEivh.

2.2.2CrashReductiorFactor-basal Approach

Ragland et al. (201Heveloped standalone tool based on an approach thatl@ash Reduction
Factors (CRFs)The tool carbe appliedn adifferentialmannerto the variousrashesoccurring

at a site, a seif sites, a corridor, or a zone to identify locations that have a potential for reduction
in bicyclist and pedestrian injurieShe tool usd standard formulafor benefitcost calculatioa
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from the Highway Safetymprovemenfrogram (HSIP) guide and liel to extensive HSIP safety
resources The study was based on the principle thig#s with the most potential for injury
redudion are tte sites where the most injuries can be prevented per dollar 3pese sites would
result in highest expected numieéinjuries if nothing is done and everything else being the same.
The study was funded Ithe California Department of Transportation (Caltrals)16.5mile
section of San Pablo Ave (SR 123) in the San Francisco Eastd3aysed as the study area. Crash
data from 1998007 was analyzed. the following approaches were evaluated and compared to
developstable statistical estimatesxtend the number years for both the baseline and falfpw
periods, expand the size of the target sites considered, andBgyagian methods to include a
modeled estimate of risk in the calculatidrinally, the authors discussed thieesgtts and
weaknesses of each approading the data from the study ardable 2-1 summarizes these
strengths and weaknesses.

Table 2-1: Comparison of Strengths and Weaknesses of Different Site Selection Approaches
(Source:Ragland et al., 201}

Approach ‘ Description ‘ Strengths Weaknesses ‘ Comment
Instability of Traditional approach
Calculate - .
A. Choose benefitcost for Intuitive, methods | estimates of followed by many
Specific Sites individual sites exist to identify expected injuries, | current jurisdictions
using Past History sites. especially if injury | and funding
and rank.
rates are low. programs.
. Same as : Potential bias if Very effective in
B. Increasing Gain numbers and : . .

. - Approach Abut ; changes take place| increasing stability
Time Horizon for | . therefore increase g . . .
Events, either wcrease years oi stability of over time (i.e., f of estimates if no
Years of History istory and/or estimates of greater ba_mce 0 reason to suspect

years of follow A change with historical change in
and/or Followup expected injuries. | . R "
up. increasing time). conditions.
C. Increasing Same as . .
Geographic Scale| Approach A but Gain nump ers and Need to spread very effective if
o . therefore increase treatnment costs per
(from specific increase scale of - countermeasures :

. . I stability of unit of area or

sites to corridors, | sites in order to . over a greater area .
; ) estimates of ; number of sites can
zones, or entire | increase L or number of sites.
expected injuries. be kept low.
network) numbers.
Gain numbers and
therefore increase Very effective if
stability of treatment costs per
. Need to spread 3
- For example, estimates of unit of area or
D. Combining : ] A e countermeasures ]
; . = combine mid expected injuries. number of sites can
Sites with Similar : over a greater
g block crossings. | The same . be kept low and ther
Characteristics distance or number
countermeasures : can be an agntage
. of sites. i
installed at all of consolidating
locations, possible engineering analyse
economy of scale.
Create model of
E. Creating the network and - Can be combined
; . . Increase stability | Need for network .
Estimates Using | apply combined . . with any of the
. . of estimates of database with . ;
the Bayesian modeledestimate N : above if data is
O . expected injuries. | relevant variables. .
Method of injuries with available.
history of injuries
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2.2.3GIS Crash Mapping

Mid-Ohio Regional Planning Commissi@dORPC) used GIS to identify bicycle and pedestrian
hot spots. After importing the crash data into ArcGBpatial Analysttool was employed to
identify and calculate the relative magnityde density of pedestriarandbicycle crashesFirst,

a ten squee foot gridwas overlaicbn top of the craslocations andthen a scorgvas assignetb
each grid based on the number of crashes within 500 feke @orrespondingrid cell. Spatial
Join process was then employed to calculate the number of craslés @ath of the highest
crash clusters. Only bicycle and pedestrian crashes occurring within the clusters were counted. A
list and a map were generated with bicycle or pedestrian crash cli$teisernel Densitytool

was next used toonvert crastocationsinto high resolution raster imagglentifying highcrash
clusters, whichwere then converted into polygon shap&ecause of the lower frequenoy
pedestrian and bicycle crashése analysis consided five years of crasldatg instead ofthree
yeas which is oftenused in identifying théop locations for all crash typegdMORPC, 2015).
Chimbaet al. (2014) also utilized GI® geclocate and cluster the pedestrian and bicycle crash
locations on the roadway network. Emaasit (2013) also recommendxdilar approach to
identify bicycle and pedestrian hot spots.

Rybarczyk and Wu (2010) proposed a maittteria evaluation (MCE) analysis along with the use

of GIS for bicycle facility planning. The MCE analysis facilitated incorporating variables from
supply as well as demand side of bicycle planning models. Analysis was performed at two
geographic levels: network level and neighborhood level. Netlewed analysis addressed site
specific issues and provided detailed information for further improvem@ntshe other hand,
neighborhoodevel analysis provided a strategic view of bicycle facilities, and facilitated policy
development and implementations. A &i&sed Exploratory Spatial Data Analysis (ESDA)
method was applied to explore the spatial pastefrbicycle facilities at the neighborhood level.
This model was applied to Milwaukee City, Wisconsin. The researchers concluded that a
combination of GIS and MCE analyses could serve as a better alternative to plan for optimal
bicycle facilities, highlitpting inadequacies of typical suppide measures, and could meet
multiple planning objectives of government agencies, planners, and bicyclists.

Bejleri et al. (2007) presented a new crash mapping method that located bicycle and pedestrian
crashes basedn street intersections and offset distance using GIS. The authors developed a
customized GIS crash mapping applicatidhis application filled the gap of the standard GIS
geocoding software. The application was able to map both property addresseseanhd st
intersections; and was also generic and flexible. The application resulted in accurate and high
matching ratesThe applicatiorutilized the standardgeocoding method for matching the street
addressesand employeda locationreferencing system for theddress with alistance from an
intersectionThe locationreferencing system of ¢éhapplication @d not require any prprocessed
dataasit appliedstreet names as a reference to identify the interselctaation. This process
overcame the limitationgf the node reference systarsed by Palm Beach County, Floriddne
applicationwas able t@wompare street names on a crash record with street names on a street map
to identify an intersection wibut the node numbe€rash analysis methodologiegre apjied

to mapped crashes at different geographical le@isster, trend, and proximity anabswere
employed to understaride general spatiadndtemporal crashgsatternsLinear and area density
indiceswere used tadentify crash concentration areasbathintersection and milock leves.
Figure2-2 provides the study results.
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Figure 2-2: Pedestrian and Bicycle Crash Distribution in Pinellas County, FL
(Source:Bejleri et al., 2007

2.2.4Logistic Model

Allen-Munley et al. (2004) developed a logistic model for rating urban bicycle routes based on

safety. The safety rating model was based on injury severity; and the rating was based on the
principle that safe routes would produce isssere crashes thansafe routes. The modeled rating

of bicycle routeso

r el

ative safety was

def i

Bicycle crash data from Jersey City, New Jerfsegn 19972000 was used to develop the model
with a logistic transformain. Key operational and physical variables such as AADT, lane width,

population density, highway functional classification, presence of vertical gradesagrstreets,
and truck routes were evaluated, and the resulting model met a 90% confidenddrbarehadult
was

commuting bicyclist

t he focus

group-

for

hour nondiscretionarytrips during the highest hours of congestion, and thus had the greatest

potential to reducair pollution

2.3Bicycle Crash Countermeasures

This section includes a review of literature on the safety performance of the existing engineering

related bicycle crash countermeasuRegticularly, the following countermeasures are discussed:

1 bicycle lanes,
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bicycle tracks,

bicycle boulevards

wide curb lanes

traffic calming measuresuch as speed humps and road diets (i.e., lane reductions),
roadway and intersection geometry related countermessueh as raised medians,
crosswalks

roadwaylighting, and

on-streetparking teatments

=4 =4 =8 -8 -4 _9_95_2°

2.3.1Bicycle Lanes

Bicyclelanes aralefined asa portion of the roadway designated for the preferential or exclusive
use of bicyclists and aseparated from motor vehicle traffic through the use of pavement markings
(Mead et al., 2014). Fige 2-3 shows an example of bicycle lanes in Chicdlyo

Figure 2-3: Bicycle Lanes in Chicago, IL(Source: NACTO, 2012; Photo CDOT)

Park et al. (2015) determined the relationships betweesatikéy effects of adding adyiclelane
and the roadway characteristic;n urban arterial facilities in Floridalhe authors used
observational beforandafter with empirical Bayes (EB) and cressctional method® develop
the crash modification factors (CMFs)dding a beyclelane orurban arterials hthpositive safety
effect (i.e., CMF < D) for all crashesand was more effective in reducingyxtle crashefCMF

of 0.439 with EB method and 0.422 with cregstional method)The CMFs were found to be
varying across the sites withftirent roadway characteristicBADT, number of lanes, AADT
per lane, median width, ¢ycle lane width, and lane widtkvere found to be thesignificant
characteristics that affect the variation in safety efflmtadding a iyclelane.Sociceconomic
characteristics such asclgcle commuter rate and population densitgre also found to have
significant effect on the CMRgariation Full crash modificationudnctions showed better model
fit than simplecrash modificationdnctions since they account fitre heterogeneous effects of
multiple roadway and socieconomic characteristics.
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Chen et al(2012) evaluated the safety effects of bicycle lanes installed prior to 2007 in New York
City on total crashes, bicycle crashes, pedestrian crashesyphittie crashes, and injury or fatal
crashes. The impact of bicycle lane installation in a treatgrenfp and a comparison group was
studied using generalized estimation equation methodoldgystudy revealed that the number of
bicyclists increased after the installation of bicycle lanes; however, the lanes did not increase bicycle
crash frequency, nsb likely due to reduced vehicular speeds and fewer vebicyele conflicts.

Nosal and Miranddoreno (2012) studied the bicyclist injury risk on bicycle lanes in Montreal
using relative risk ratios. Most bicycle lanes were fourektabit lowerbicyclist injury rates than
the corresponding control stree@peration way visibility, physical separation, presence and
location of parking, vehicular traffic, and tdeection of vehicular traffic were identified as the
prominent factors affecting the bidist injury risk.

Turner et al. (2011) analyzed three main safety studies undertaken in New Zealand and Adelaide,
Australia. The authors appliggeneralized linear modeling and befared after, controlimpact
methodsCrash, traffic, and biycle voluma and layout data were colledtéor urban road links,
traffic signals, and roundabout. safetyin-numbers effegti.e., crash risk peibicyclist, was
shown to be lower as bicyclolumes increasedas demonstrated by thdofv-only models.
Beforeandafter analysis wasmployed tadentify the presence dfiasnessoward the sites with
bicycle facilities.The research findings on timpactof bicycle facilitieson safetywere mixed.
The safety performance factmalue with bicycle lanewas 1.21, indicatig a21% increase in
bicycle crashes aftehe bicyclelanes were constructed. However beforeandafter studyusing
the EBmethod showed a 10% reductiorbicycle crashes at treaentsites, which indicated bias
in the sites that were seledtfor treatment.Coloredbicycle lanesdecreased bicycle crashieg
39% in the befor@andafter studiesand resulted irsafety performance factoos less than 0.5 for
most crash types. Thus,ellxdesignedbicycle lanefacilities with adequatewidth and color
pavementappeared to perform best.

Hunter et al. (2009) examined bicycle counts and speeds associated with the installation of bicycle
lanes in St. Petersbyrglorida The study showed a total of 17.1% increase in bicycle usage per
day after installationf the bicycle lanes; however, one of the streets experiaht®st no change

in bicycle usage. The average bicycle speeds remained the same (approximageipdi) both

prior to and after the construction of bicycle lanes. The study highlighted thtedathe addition

of bicycle lanes alone on a street could not guarantee an immediate increase in bicycle volume
and/or speed; rather other factors such as adjacent land use, convenient origins and destinations,
and connectivity of bicycle lanes to othmcycle facilities within the street system were critical in
encouraging bicycling.

Hunter et al. (2008) studied the impact of green colored pavement and accompanying signing in a
bicycle lane weaving area (Figut4), where motor vehicles cross thécycle lane near
intersection on bicycliés and mlehaviar.The stualy was conducted in St. Petersburg,
Florida. The authors compar#te operational behavior of the bicyclists and motorists at selected
locations using video footage recorded lbefand after the green pavement and signing treatments
were installed. The authors found that 11.8% nmootorists yielded to bicyclists, and 4% more
motorists signaled their intention to turn right in the afteriod. Overall, 6% more bicyclists
scannedor proximate vehicles in the aft@eriod; while the percentage of conflicts (i.e., sudden
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changes in speed and/or direction) was lower in the-p#eod, the differences were not
statistically significant. The significant increase in yielding behawvjomotorists was similar to
the study findings by Hunter et al. (2000) in Portland, Oregon.

Figure 2-4: Green-colored Pavement and Accompanying Signing in a Bicycle Lane
Weaving Area in St. Petersburg, FL(Source:Hunter et al., 2008

Jensen (2008) camlucted an observational befaardafter study to evaluate the safety
performance of bicycle lanes in Copenhagen, Denmark. A general comparison group in the
observational study was incorporated to address the changes in traffic volumes and crash frequency
and crash severity trends through correction factors. Bicycle lanes in the study resulted in a 5%
increase in crashes and a 15% increase in injuries for urban areas. Thus, the study revealed that
saf ety f ®oworsdnadatyocatiansvihére bicytdmes were constructed and safety was
found to be the worst for bicyclists and moped riders with a 49% increase in injuries. The study
findings are quite dissimilar to the findings from several other studliésding Rodegerdts et al
(2004),Chen et al(2012), Nosal and Mirandisloreno (2012), and Park et al. (201Rpdegerdts

et al. (2004) concluded that bicycle lanes reduced fatal, serious, and minor injury bicycle crashes
by 35%, i.e., the study resulted in a CMF of 0.65 for bicycle lanes.

2.3.2Bicycle Tracks

Bicycletrack isa bicycle facility which is designated for the exclusive use of bicyclists. These are
physicallyseparated from the sidewalk and the roadway bysctdrkedvehiclesbetweenthe
moving traffic and théicycle trackmayoffer an additional buffer from roadway traffiMead et

al., 2014) Figure 2-5 depicts a schematic diagram of a bicycle track and a bicyclist using such a
track in Copenhagen, Denmark.
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BICYCLE PARKED
TRACK i
Figure 2-5: Bicycle Track (Source:Mead et al., 2014)
(Photo Courtesy: Lars Gemzge and Gehl Architects, Member of the Cycling Embassy of
Denmark)

Nosal and MiranddMoreno (2012) studied the bicyclist injury risk on bicytdees and also the
effect of bicycle tracks Montreal using relative risk ratioShe performance of bicycle track was
found to be similar to the performance of bicycle lahésst bicycle tracks were found to result

in lower bicyclist injury rates than the corresponding control str&atslar to the bicycle lanes,
direction of traffic operation (i.e., bidirectional or not), visibility, physical separation, presence and
location ofon-streetparking, vehicular traffic, and the direction of vehicular traffic were identified
as the prominent factors affecting thieyclistinjury risk on bicycle tracks

Schepers et al. (2011) also investigated the safety effects of bicyclists at intersections with two
way bicycle tracks, welinarked, and reddish colored bicycle crossings in Netherlands. Bicycle
crashes where the bicyclist had the rghtvay (i.e., bicyclist on the priority road) were found to

be more prone to occur at these sites than where the motorist had thod-vigiyt (i.e., motorist

on the priority road). Intersections where bicycle track approacheviareters away from the

main travel way were found to have decreased quesbability, with a CMF of 0.55. Similarly,
bicycle tracls that were oves metersaway from the main travel way also resulted in a decreased
crash probability with a CMF of 0.93. However, the crpsibaility was foundto bealmost the

same fomicycle lanes and bicycle patidhenthe distancéetween thdicycletrack andhe side

of the main road is less th@&meters The red color and high quality markings did not improve
the safety for bicyclistsral resulted in a CMF of 1.47 for red color, a CMF of 1.74 for high quality
markings, and a CMF of 2.53 for the presence of both red color and high quality markings at
bicycle crossings.

Jensen (2008) conducted an observational befodafter study to ealuate the safety
performance of bicycle tracks in Copenhagen, Denmark. A general comparison group in the
observational study was incorporated to address the changes in traffic volumes and crash and
injury trends through correction factors. Bicycle trackseased crashes and injuries by 10% in
urban areas. Thus, the study revealed that safety for bicyclists worsened at locations with bicycle
tracks. However, bicycle trackssulted in 20% increase in bicycleloped traffic mileage and a

10% decreaséen AADT. The author calculated a CMF of 1.05 for all crash types and for all crash
severities. The study also calculated the CMFs for different combinations of crash types and crash
severities.
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2.3.3BicycleBoulevards

Bicycle boulevardsre defined asaffic-calmed side streets signed and improvedioycliststo

provide a safer alteative to riding on arterials. Figur26 gives an example of a bicycle
boulevardMinikel (2012) studied bicyclistafety on bicycle boulevards and paehbdirterial raites

in Berkeley,California Policereported bicgle crashes and manualtpllectedbicyclist count

data from bicycle boulevards and parallel arterial routes in Berkeley, Califoom&003 to 2010

were analyzed. The study identifigdatcrashratesorBer kel ey 6s bicycl e boul
eight times lower than those on gk adjacent arterial routes, and resulted in a CMF of 0.37.
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Figure 2-6: Bicycle Boulevard(Source: Williams, 2014)
2.3.4Wide Curb Lanes

An alternative to thanstallation of a fivefoot bicyclelane is to desigithe curb lanavide enough
so that it can accommodate bicyclists. It is a good provision when there isfrghy limitation.
The wide curb lanes are often enhanced with shared lane markingsetasirawvareness of the
presencend position of bicyclistdrigure2-7 gives an example of a wide curb lane in Virginia.

Sando et al. (2011) studied the motoristso be
The authors video recordé&db6 passing esnts at 10 sites ifallahassee, St. Petersburg, and
Brandon, Florida at peak traffic hours multivariate regression modeis developetb identify
andunderstandhe significant variables influencing the passing behavior. The authors concluded

that motorist passing distance is influenced by environmlefctors, such as lane width;
contextual factors, such as the presence or absenahigiesin adjacent lanes; and bicyclist
characteristics, such as gender

Hunteret al. (1999) conducted a comparatisidy of bicycle lanes versus wide culdnes in
Santa Barbara, California; Gainesville, Florida; and Austin, Texasy Video recordedmotor
vehiclebicyclist interactions at 48 study sites and documented 276 coriflettgeen motor
vehicles and bicyclists. It was found thalbile passing liyclists on the left, aignificanty higher
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percentage of vehiclemncroachednto the adjacent traffic lane ktcations withwide curb lane
(17%) than atocations withbicyclelanes (P6). Lane encroachmenitsrdly causeeny conflict
with motor vehiclessing the other lane. Mérethe bicycle lane width was 5.2 feet or leshe
average bicyclist distance from the curb was less than for witdel@nes; however, at locations
wherethe bryclelane width was greater than 5.2 feet, the average bicyclist distancéheaurb
was greater than fevide curb lanes. Thauthorsconcluded that loyclelanesand wide curb lanes
were both effectie in improvingbicyclist safety however, heyrecommended the installation of
bicyclelanesif right-of-way permits.

Figure 2-7: Wide Curb Lane (Source:Mead et al., 2014
(Photo Courtesy:James and Gilbert, 2012

Harkey and StewaftL997) examinednotorist and bicyclist behavior on roadwsggmentsvith

a bicyclelane, a wide curb lanenda paved shouldemhe studyevealed thatotorists passed at

a distance of approximately six feet irrespective of the facility tiypetorists tended to move
about one foot laterallwhile passing a bigaglist in abicyclelane, regardless of the width of the
bicycle lane; whereas, motorists keptadditional 1.3 feet when passing bicyclists in a wide curb
lane compared thicycle lanes and paved shoulders. Moreadviesclists were more likely to ride
further from the curb in a bycle lane or paed shoulder than in a wide cudme. The authors
conducted an observational study aondcluded thabicyclelanes angaved shoulders offered a
safetyadvantage over wide curb lanes

2.3.5Traffic Calming Measres
Traffic calming consists of modifications to the roadway design and signing to slow down and/or
reduce traffic, and to improve safety. Several traffic calming measures includingredaeihg

measures (e.g., speed humps) and road diets (i.e.,dduetions) are proven to be effective in
improving bicycle safety.
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Speedreducing Measures

Schepers et al201]) studied the impacts fpeedreducing measures such as raised bicycle
crossings and speed humps on bicycle safety. Similar to the findingardéret al. (1998),
Schepers et al201] revealed that spegeducingmeasuresor drivers leaving or enterg the

main road (e.g., a raisdacycle path and/or exit construction) effectively improved safety and
resulted in a CMF of 0.49he authorstated that spee@dugng measures on the minor road are
suitable for most cases as theydb require additionalght-of-way, in contrast tahe construction

of a bicycle path oa bicycle trackHowever,for through motorized vehicles on the main road
where the motorists dahe rightof-way, installation of speerkducing measures suchasised
bicycle crossing resulted in a CMF D28 Elvik and Vaa (2004) alseecognizedsuch negative
effect ofaraised bicycle crossing in reducing bicycle crashes and serious and minor injuries. Their
study resulted in 8%increasen bicycle crasheafter the construction of raised bicycle crossings
Oh et al(2008) concludethat the pesene of speed restriction devices such as speed bumps and
red light cameras improved bicycle safety (CMF of 0.28).

Lane Reduction

Chen et al. (2013valuated the effectivenesslahe reduction at intersections on bicycle safety.
The regarchers applied a pretguisttest methodology to compare crash statistics after the
implementation of lane reduction at 324 intersections in New York City-y&ae crash data
before the lane reduction strategy implementation and-yeao crash data &ift the
implementation were analyzednalysis of covariance(ANCOVA) was used to controfor
potential regressioto-themean effects The study identifiedthat bicyclist crash incidence
increasedby 5.9% at treatment intersectioosempared to a 25% reduction at comparison
intersection sitesThus, an ANCOVA adjustethcreaseof 21% bicyclist crashesat intersections
was calculatedhowever theresults vere not significant at the 5% significance level. The authors
could not make a conclusive decisiure to lack of bicycle volume data.

Hamann& PeekAsa (2013) examinedhe link between omoad bcycle facilities and bicycle
crashesn lowa during 2007-2010.A total of 147 gashsiteswere matchedwith 147 noncrash
control sites, andonditionalmultivariate logistic regressiomas employedit was found that for
every 10foot increasein the total roadwaywidth, the odds of the roadway being the site of a
bicycle crash increased by 38t4owever, he researchers were notehb specify whether crashes
took place when bicyclists were crossing the roadway or riding along#asvay. The results
indicatedthat reducing the roadway width may be associated with a decreastdisk for
bicyclists.

2.3.6Roadway andntersecton Geometry
Schepers et al201)) studied the effect of number of lanes and intersection geometry on bicycle

safety. The authors did notlentify any statistically significant relation for bicycle crashes
involving through motor vehicles where motorists had the ‘agiway (i.e., motorist on the

priority road). However, the results were not
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Rasaseand Summala (1998pund that the provision of raised middle islands at intersections that
enclosed a lefturn section for both vehicles and bicyclists on roadways with more than two lanes
resulted in a CMF of 0.96; on the other hand, raised midtthnds at intersections on roadways
with two lanes resulted in a reduction in safety, with a CMF of 1.48. The authors found that
enabling bicyclists to cross in twghases might lower the demandsd increase safety on
roadwayswith more than two lanes.

MirandaMoreno et al. (2011) concluded that the presence of medians produced a positive safety
effect on bicycle crashes (CMF of 0.97), whilEBIF of 1.67 was estimated for locations without
the raised medians (Rasasen and Sumrhgg)

Turner et al(2011) analyzed the effect of l&ttrn lanesat signalized intersections in Christchurch,
New Zealand and Adelaide, AustraliaNew Zealand, intersections with exclusiveeitn lanes
resulted in a CMF of 0.97, and the intersections with sharetlitefand through lanes resulted in

a CMF of 0.60. However, bicycle safety worsened in Adelaide, Australia; intersections with
exclusive leftturn lanegresulted in a CMF of 1.36, and those with shared left turn and through
lanes resulted in a CMF of 1.48chepers et al. (20Lin their study observed a sirailresult. In

their study, leftturn lane or lefturn section on the main road whdieyclists have righbf-way

at the intersections in Netherlangsulted in a CMF of 1.12.

Schepers et al.2011) concluded that estricted visibility of vehicles on a minor road to
approaching bicyclists at intersections whtieyclist priority worsened the safety condition. The
study resulted in a CMF of 1.37. Surprisingly, the authors found that very poor visibility improved
the safety sitation and resulted in a CMF of 0.54 for the same scenario. The same study identified
that thredegged intersections are more bicyclist friendly (CMF 0.83) than-lemged
intersections (CMF 1.28MirandaMoreno et al. (2011) also supported this obs@ma the
authors calculated a CMF of 0.86 for thiegged intersections in Montreal, Canada.

Danielset al. (2009) investigated the effect of convertirigrsections intooundabouts on bicycle
safety. The study assumed that the effectiveness oflabnanits depend on the types of bicygcles
bicycle facilities, and other geometric factorRegression analyses on effectivenieskces
resulting from a bforeandafter study obicyclistinjury crashes at 9®undabouts in Flanders,
Belgium were performedRoundabouts withbicycle lanes perfored significantly worse
compaed to three othedesign types (mixed traffj separatéicycle paths, and gradeeparated
bicycle paths¥or all injury crashes involving bicyclists. Conversiohtraditionalintersectios
into roundabowg with bicycle lanesesulted in a CMF of 1.93 for all injury crashes and a CMF of
1.37 for fatal and sereinjury crashes. Conversiaf traditional intersectiamninto roundabow
with separatedicycle patls however improvethe overall bicycle safety (CMF 0.83); however,
degraded the fatal andveze bicycle crash scenario (CMF 1.42). Conversaintraditional
intersectiosinto roundabowgwith grade separatdacycle patis also improved safety with a CMF
of 0.56 for all cash severities, and a CMF of 1.31 for fatal ances=injury crashesElvik and
Vaa (2004) also recognized the negative effect of raised intersections in reducing crashes. Their
study resulted in a 5% increase in serious and minor injury crashes andrecl&dse in property
damage only (PDO) crashes.
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2.3.7Crosswalks

Oh et al.(2008) concluded that the presence of crosswalks is crucial in the prevention of bicycle
crash probability at intersections. Their study for Korea indicated bicyclists might have a conflict
with pedestrians and vehicles making a right turn when crossirigtersection. Permitting a
RTOR (RightTurn-On-Red) signal at signalized intersections increased the probability of crashes
between pedestrians and bicyclists. Signs prohibiting a RTOR signal during certain hours could
be more effective. The study alstentified presence of bus stops as very favorable (CMF 0.18)

in reducing bicycle crashes at intersections.

2.3.8RoadwayLighting

Kim et al. (2007) investigated the factors that increase the probability of a severe or fatal injury in
a bicycle crash usingraultinomial logit model The analysisvas based on polieeeportedcrash
datafrom 19972002 from NorthCarolina.lt was found hat lack of streetights at night wa
associated with a 111%crease in the probability of a fatajury. Theresearchers emphasized
that lighting not only affected bicyclist visibility but alstecreased the probability ofdaiver

taking evasive actiothat would reduce injury severittiowever, thestudy did not account for

the presence or absence of illumination equipment on bicycles

Wanvik (2009) examinedhe safety effect of roachy lighting oncrashesn darkness on Dutch
roads. The author analgd two decades of crash data. The study concludecbtdatay lighting
wasassoaited with nearly 60% reductian bicyclist injury crashesn dark conditions onural
roads. The observed safatffect wasfound to besignificantly greater for bicyclistsompared to
vehicles

2.3.9Parking Treatments

TheCity of Toronto Transportation Services Divisi(#003) reportedunning into open car doors

as the third most frequent type of bicycle crashes. The analysis wak dag®licereported
bicycle crashes that occurred from 1999098. The authors found that these crashes accounted for
11.9% of the 2,57#deportedcrashes, and resulted in more severe injuries compared to other types
of bicycle crashes.

Duthieet al. (20D) studied theeffects of onstreet bicycle facilitycorfiguration on bicyclisiand
motorist behaviarObservational studiesere conducted at 48 sites in thriegge Texas cities
Austin, Houston, and San Antonidicyclist and motoristlateral position ad motorist
encroachmenbn an adjacent lane were observed. Two multivaniatgession models were
developed based ohdse observation$t was found that bicycle lanes created a safer more
predictable riding environmermomparedto wide outside lans, and the provision of a buffer
between parked vehicles and bicyleleeswasfound to result in fewer conflicts between bicyclists
and open car doors. Furthermotiee lateral positiorof bicyclists was found to be safer when
riding next to a row of padvehiclesthan rding next to only a few parkedehicles.

Teschkeet al. (2012) examined theuteinfrastructire on injury risk to lryclists. A total of690
bicycle crashes in Tonto and Vancouver, Canada were analyzed tla@dnfrastructuref the
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injury occurrecelocationwas compared ta randomly seleged control site from the sartrg. A
casecrossover methodology was adopted in this research. It was found that bidiyaeon a
major street route without parkedhiclesandwith bicycle infrastructuredecrease injury risk by
37% when compared to the same type of roaith on-street parkingVancouver route preference
suvey also indicated a public prefence for major streets withoot-street parking and with
shared lanes or bicyclares

2.4Summary

This chapterpresented a review of recent bicycle safety literature. Specifically, studies in the
following four areas are summarized: (1) risk factors that affextfrequencyand severity of

bicycle crasheq2) bicycle crash causegaterns, and contributing factor&) networkscreening

methods used to identifynd prioritize bicycle hot spots; arfd) safety performance of the most
commonly implemented engineeringpuntermeasuresThe literature review revealed that
researchers have used a number of different approaches to analyze bicycle crashes, depending on
the study objectives and data availability.
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CHAPTER 3
STATEWIDE BICYCLE CR ASH PATTERNS AND TRENDS

This chapterfocuseson identifying the overall statewide bicycle crash patterns and trends in
Florida.Particularly, he general trends inicycle crash data and roadway characteristics data are
identified. The chapteris divided into four major sections. The first sectioouses on the data
preparation efforts. The second and third sections discuss the bicycle crash and roadway geometric
characteristics, respectively. Finally, the fourth section summarizes the analysis results.

3.1Data

The analysisvas based on four years of crash and traffic data from 2011 to 201iHedRoladway
Characteristics Inventor§RCI) data from 2014The following subsections discuss these data in
detail.

3.1.1Crash Data

The law enforcement agencies in Florida document traffic crash incidents using eithefaartong
or a shorform Florida Traffic Crash Report. Theng-form report includesll the craskspecific
information, anda narrative and a diagram, and is usednguthe following conditions:

1 a crash resulting in death of, personal injury to, or any indication of complaints of pain or
discomfort by any of the parties or passengers involved in the crash;

1 a crash involving a driver leaving the scene involving dgent attended vehicles or
property;

1 a crash involving a driver under the influence of alcohol and/or drugs;

1 acrash rendering a vehicle inoperable to a degree that required a wrecker to remove it from
the scene of the crastr,

9 acrash involving a commaal motor vehicle.

The shortform report is used to report other types of traffic crashes and usually does not include
narratives and diagrams. The law enforcement agencies are required to report crashes recorded in
both the longform and the shoifiorm reports tothe Florida Department of Highway Safety and

Motor Vehicles (DHSMV) within 10 days of investigation. The FDOT State Safety Office receives

the longform crash data from the DHSMV and uploads them into the Crash Analysis Reporting
(CAR) database

The followingCAR databasewere used to identify bicycle crash patterns and trends:

1 Crash level data file
1 Norrmotorist level data file
1 Vehicle, driver, and passenger level data file

Non-motorist level data file was used to identify bicycle bessbased on the nomotorist type code

(NON_MOTR_TYP_CD) 3 (bicyclist) or 4 (other cyclisfrom 20112014, a total of 26,036
crashes were identified as bicycle crashes. These crashes involved 26,462 bicyclist3-1Table
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lists the crash data variablesed in the analysis. It also provides the databases which include these

variables. Note that abicycle crashes we analyzed to identify crasdpecific patterns, while
only those that occurred oronlimited-access state roads neeanalyzed to study theffect of

roadway characteristics on bicycle crashes.

Table 3-1: Bicycle Crash Data Variables Used in the Analysis

Variable Name | Variable Description Database

9 Crash
CRSH_NUM Crash Number 9 Non-motorist

1 Vehicle, driver, and passeng
CAL_YR CalendarYyear Non-motorist
EVNT_CRSH_TM Event Crash Time Crash
EVNT_CRSH_DT Event Crash Date Crash
DAYOWEEK Day Of Week Crash
WRK_ZONE_REL_CD Work Zone Related Crash
LGHT _COND_CD Lighting Condition Crash
EVNT_WTHR_COND_CD| Event Weather Condition Crash
AGE3 Non-motorist Age Non-motorist
PERS_SEX_CD Non-motoristGender Non-motorist
INJSEVER Non-motorist Injury Severity Non-motorist
NON_MOTR_TYP_CD Non-motorist Type Norrmotorist
NON_MOTR_LOC_CD Non-motorist Location Non-motorist
ACTN_BFR _CRSH_CD Non-motorist Action Before Crash | Non-motorist
FRST_SAF _EQUIP_CD Non-motorist First Safety Equipme| Non-motorist
NONMOTR_ACTN_01 CL First NonMotorist Action Non-motorist
SUSP_ALC USE_CD Non-motorist Suspected Alcohol Ul Non-motorist
SUSP_DRUG_USE_CD Non-motorist Suspected Drug Use| Non-motorist

VHCL_BDY_TYPE_CD

Vehicle Body Type

Vehicle, driver, and passenge

VHCL_MOVE_CD

Vehicle Movement Code

Vehicle, driver, and passenge

HAR_CD

Hit and Run

Vehicle, driver, and passenge

3.1.2Roadway Characteristics Data

The RCI databasenaintained by FDOT is the primary source of roadway geometric ltlasaa
comprehensive roadway inventory database which includes segments that are part of the state
highway system (SHS), segments that are currently being constructed and yet to lses quated

of the SHS, segments that are no longer maintained by the FDOT, historic roads, local roads,
exclusive roads (ramps, frontages roads etc.), etc. Segments that are currently not part of the SHS
do not have complete roadway traffic, geometric, aadrcdataTherefore only those segments

that are part of the SHS were included in the analysiBO T 6 s
to identify the state road network in Florida. A total of 12,118.6 miles of roadways were identified

as state roada Florida.

State Roads

Gl

The following data variables were extracted from the RCI databizseé@me in the parentheses
gives the description of the variabl®ote that AADT data were extracted for the years 2011
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through 2014 while data for all the other roadwayueszg were extracted for the year 2014. The
RCI data were reported to be current as of December 31 of each year (i.e., 2011 through 2014).

FUNCLASS (functional classification)
NOLANES (number of lanes)
MAXSPEED (posted speed limit)
BIKELANE (presence of kzyclelane)
AADT (annual average daily traffic)

= =4 =4 -8 -

The crash summary records in the CAR system have crash location information including the
roadway ID and the milepost at which the crash occurred. This information was used to identify
crashes that occurreoh state roads.

3.2Descriptive Trend Analysisi Crash Characteristics
The descriptive trend analyd@cused on the following factors:

1 Temporal Factors
A Annual trend
A Monthly trend
A Day of week
A Time of day

i Environmental Factors
A Lighting conditions
A Weather conditions

1 Bicyclistrelated Factors

A Age

Gender

Impairment

Safety equipment

Action prior tothecrash
Action atthetime ofthecrash
Location atthetime ofthecrash

> > > > >

1 Qrash Locatiorrelated Factors
A County
A Work zone

1 VehiclerelatedFactors
A Vehicle type
A Vehicle maneuver action
A Hitand run

27



3.2.1 Temporal Factors
Annual and Monthly Trend

Table 3-2 provides annual bicycle crash frequency by crash severity for the year @DA1
Overall, during the fouyear analysis period, a totafl 503 fatal crashes and 22,146 injury crashes
involved bicyclists. Bicycle fatal crashes accounted for 5.6% of all traffic fatal crashes, while they
constituted only 1.9% of total crashes. These statistics prove that bicycle crashes are often severe.
Tale 3-3 gives the annual bicyclist fatality and injury rates based on population. On average, the
annual bicyclist fatality and injury ratesere 6.48 fatalities and 287.14 injuries per million
population.

Table 3-2: Annual Bicycle Crash Statistics byCrash Severit

Percent of
All Crash Types Bicycle Crashes

Bicycle Crashes
Year y

Fatal Injury | Al Fatal Injury Al Fatal | Injury | All
2011 120 4,587 5,702 2,214 | 117,802 297,997 | 5.4% | 3.9% | 1.9%

2012 117 5961 | 6,857 | 2,238 | 128,794| 345,957 | 5.2% | 4.6% | 2.0%
2013 134 6,377 | 7,410 | 2,223 | 138,169| 400,419 | 6.0% | 4.6% | 1.9%
2014 132 5,221 | 6,067 | 2,289 | 113,817| 362,964 | 5.8% | 4.6% | 1.7%
Total 503 22,146 | 26,036 | 8,964 | 498,582| 1,407,337 | 5.6% | 4.4% | 1.9%
Average| 126 5,537 | 6,509 | 2,241 | 124,646| 351,834 | 5.6% | 4.4% | 1.9%

Table 3-3: Annual Bicyclist Fatality and Injury Rates

Year Popzjilr?tlon Bicyclist  Bicyclist Fatality Rate  Bicyclist  Bicyclist Injury Rate
) Fatalities per Million Population  Injuries per Million Population
2011 19,106 120 6.28 4,631 242.38
2012 19,352 118 6.10 6,026 311.39
2013 19,595 135 6.89 6,441 328.71
2014 19,906 132 6.63 5,287 265.60
Average 19,490 126 6.48 5,596 287.14

Source(U.S. Census Bureau, n.d.)

Table 3-4 provides the monthly bicycle crash frequencies. It can be inferred that bicycle crash
frequenciesvere relatively higher in the months of March to May and October to December.

Day of Week
Table3-5 gives the bicycle crash statistics by day of weekaiash severity. The percentage in

parentheses gives the proportion of crashes by severity that occurred on each day of the week. It
can be inferred fnm the table that fatal crashesreenore frequent on Friday and Saturday.
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Table 3-4: Monthly Bicycle Crash Statistics

Month 2011 | 2012 2013 2014 Average
January 343 517 688 442 497.5
February 369 555 611 517 513.0
March 497 653 604 545 574.8
April 539 575 628 616 589.5
May 509 545 606 549 552.3
June 450 475 550 437 478.0
July 444 517 572 440 493.3
August 481 553 605 478 529.3
Septembe 516 573 621 474 546.0
October 510 668 691 592 615.3
November 508 603 579 466 539.0
December 536 623 655 511 581.3
Total 5,702 6,857 7,410 6,067 6,509.0
Table 3-5: Statistics by Day of Week
Day of Week Fatal Crashes Injury Crashes PDO Crashes \ Total Crashes
Monday 57 (11.3%) 3,350 (15.1%) 415 (14.3%) 3,897 (15.0%)
Tuesday 69 (13.7%) 3,524 (15.9%) 480 (16.5%) 4,145(15.9%)
Wednesday 65 (12.9%) 3,599 (16.3%) 457 (15.7%) 4,197 (16.1%)
Thursday 52 (10.3%) 3,360 (15.2%) 511 (17.6%) 3,994 (15.3%)
Friday 93 (18.5%) 3,440 (15.5%) 447 (15.4%) 4,075 (15.7%)
Saturday 91 (18.1%) 2,726 (12.3%) 332 (11.4%) 3,205 (12.3%)
Sunday 76 (15.1%) 2,147 (9.7%) 260 (9.0%) 2,523 (9.7%)
Total 503 (100%) 22,146 (100%) 2,902(100%) 26,036 (100%)

1 Total crashes include crashes of unknown severity and crashes that resulted-iraffio éatality.

Time of Day

Table3-6 gives the bicycle crash statistics by time of day (divided into-thoee intervals) and
crash severity. About onguarter of all bicycle crashes (i.e., 23.9%) occurred f800® PM to

5:59 PM, while 20.3% of fatal crashes occurred from 6:00 PM toFBb9

Table 3-6: Statistics by Time of Day

Time of Day

\ Fatal Crashes\ Injury Crashes

PDO Crashes

Total Crashes

Midnight - 2:59 AM 45 (8.9%) 1,561 (7.0%) 174 (6.0%) 1,788 (6.9%)
3:00AM - 5:59 AM 27 (5.4%) 321 (1.4%) 38(1.3%) 391(1.5%)
6:00 AM - 8:59AM 67 (13.3%) | 2,695 (12.2%) | 328(11.3%) | 3,156 (12.1%)
9:00AM - 11:59AM | 56 (11.1%) | 3,313 (15.0%) | 383 (13.2%) | 3,835 (14.7%)

Noon- 2:59 PM

46 (9.1%)

4,015 (18.1%)

578 (19.9%)

4,739 (18.2%)

3:00PM - 5:59 PM

69 (13.7%)

5,316 (24.0%)

722 (24.9%)

6,233(23.9%)

6:00 PM- 8:59 PM

102 (20.3%)

3,548 (16.0%)

493 (17.0%)

4,217 (16.2%)

9:00 PM-11:59 PM

91 (18.1%)

1,377 (6.2%)

186 (6.4%)

1,677 (6.4%)

Total

503 (100%)

22,146 (100%)

2,902 (100%)

26,036 (100%)

! Total crashes include crashes of unknown severity and crashes that resulted-iratiiadatality.
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3.2.2Environmental Factors

Environmental factors such as lighting condition and weather conavieos examined to study
the effect of these conditisron bicycle crash frequencies and severities.

Lighting Condition

Table3-7 summarizes the bicycle crash statistics by lighting condition. Ba®lerovides daytime

and nighttime bicycle crash statistics. Although a majority of crashes occurred daylighd
(75.2%), they resulted in a lower percentage of fatal crashes; only 1.1% of all bicycle crashes that
occurred during daylight resulted in fatalities. Crashes at night were found to result in a
disproportionately high percentage of fatal crashesekample, 8.5% of all bicycle crashes that
occurred during dark with no street light condition resulted in fatalitiesZithstfor proportions

was used to compare the proportion of fatal crashes that occurred during daytime and nighttime.
The followingequation was used to calculate th&ezt statistic:

Z-t est Stnt(:P]':lzt)Z)ir—;:X1+X2 (43)
PLP T @+5) Not N,
1 N2
where,

P, andP, = proportion of fatal crashes that occurred durdaytime and nighttime,
respectively;

N;andN, = total number of crashes that occurred during daytime and nighttime,
respectively; and

x;andx, = number of fatal crashes that occurred during daytime and nighttime,

respectively.

At a 5% significance lel, there is sufficient evidence to conclude that there is a significant
difference in the proportion of fatal crashes that occurred during daytime and nighttime.
Additionally, at a 5% significance level, there is sufficient evidence to conclude thatishar
significant difference in the proportion of fatal crashes that occurred during dark with street light
and dark with no street light conditions.

Table 3-7: Statistics by Lighting Condition
Fatal
Crashes

Total
Crashes

PDO
Crashes

Injury
Crashes

Lighting Condition

Daylight 219 (1.1%) | 16,764 (85.7%)| 2,201 (11.2%) | 19,571 (100%
Dusk 18 (1.8%) 824 (83.9%) | 121 (12.3%)| 982 (100%)
Dawn 17 (4.1%) 350 (84.7%) 37 (9.0%) | 413 (100%)

Dark with Street Light 128 (3.6%)

3,001 (83.3%)

417 (11.6%)

3,604(100%)

Dark with No Street Light 115 (8.5%)

1,104 (82.0%)

117 (8.7%)

1,346 (100%)

Dark with Unknown Light 5 (8.3%) 50 (83.3%) 4 (6.7%) 60 (100%)
Unknown 1 (1.7%) 53 (88.3%) 5 (8.3%) 60 (100%)
Total 503 (1.9%) | 22,146 (85.1%)| 2,902 (11.1%) | 26,036 (100%)

! Total crashes include crashes of unknown severity and crashes that resulted-iratiiadatality.
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Table 3-8: Daytime and Nighttime Bicycle Crash Statistics

Lighting Condition

Daytime

219 (1.1%)

Injury
Crashes
16,764 (85.7%)

PDO
Crashes
2,201 (11.2%)

Total
Crashes
19,571 (100%

Nighttime? 283 (4.4%) 5329 (83.2%) 696 (10.9%) | 6,405 (100%)
Unknown 1(1.7%) 53 (88.3%) 5 (8.3%) 60 (100%)
Total 503 (1.9%) | 22,146 (85.1%) | 2,902 (11.1%) |26,036 (100%)

1 Total crashes include crashes of unknown severity and crashes that resulted-iraffio éatality.
2 Nighttime crashes include dusk, dawn, dark with street light, dark with no street light, and dark with
unknown light condition.

Weather Condition

Table3-9 provides bicycle crash statistics by weather condition. As expected, a majority of bicycle
crashes occurred in clear weather condit@mly a very small proportion of fatal crashes occurred

in adverse weather conditions. It can be inferred tletable that fog, smog, and smoke condition
resulted in a high proportion of fatal crashes.

Table 3-9: Statistics by Weather Condition

Weather Condition Fatal Crashes \ Injury Crashes  PDO Crashes Total Crashes
Clear 394 (1.9%) 17,843 (84.8%) 2,427(11.5%) 21,053 (100%)
Cloudy 89 (2.4%) 3,236 (86.5%) 346 (9.2%) 3,742 (100%)
Rainy 14 (1.2%) 970 (86.5%) 115 (10.3%) 1,121 (100%)
Fog, Smog, Smoke 5 (8.8%) 41 (71.9%) 8 (14.0%) 57 (100%)
Severe Crosswinds 0 (0.0%) 1 (100%) 0 (0.0%) 1 (100%)
Other 1(1.7%) 53 (88.3%) 6 (10.0%) 60 (100%)
Unknown 0 (0.0%) 2 (100%) 0 (0.0%) 2 (100%)
Total 503 (1.9%) 22,146 (85.1%) 2,902 (11.1%) 26,036 (100%)

1 Total crashes include crashes of unknown severity and crashes that resulted-iraffio éatality.

3.2.3Bicyclistrelated Factors

This section identifies the general trends based on the following bieraihsed factors:

Age
Gender
Impairment

=4 =4 =4 -8 -8 -9 -9

Age

Safety equipment
Action prior tothecrash
Action atthetime ofthecrash
Location atthetime ofthecrash

Since bicyclist exposure data (e.g., bicycle volumes) are not readily available and is expensive to
collect, researchers often rely on surrogate measures to estimate bicyclist exposure, such as
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population or population density. In this stutbicycle crashes in each age group were normalized
by population (i.e., crashes per million population). The 2009 travel survey data extracted from the
National Household Travel Survey (NHTS) datahasee used to estimate population by age group.

Table 3-10 gives the summary statistics of bicycle crashes by age group, population, and crash
severity.The average age of bicyclists killed in crashes with motor vehicdest3 years, while

the average age of bicyclists involved in traffic crashas 33.8 yars.Among the different age
groups, bicyclists between 45 and 54 years of age experienced the highest fatality rate of 19.76
fatalities per year per million population, and thos@5Y4 year age group experienced the highest
injury rate of 875.43 injuds per year per million population. Note that tésults from this table

have to be interpreted with caution because the statistics are based on popuidttoey might

not reflect the actual bicyclist exposure.

Thezt est for proportions was used to compare th
the fatality rate of younger bicyclists (< 65 years). Based oB-thst statistic, at a 5% significance

level, there is sufficient evidence to conclude thate is a significant difference in the proportion

of fatal crashes involving elder bicyclists compared to those involving younger bicyclists.

Table 3-10: Statistics by Age Group
Bicyclist | Population Bicyclist Fatality Rate

Bicyclist Injury Rate

. Bicyclist Bicyclist
Age Group (in Fatalities per Year 710 s per Year
(years) Thousands} per Million Population J per Million Population
<5 1,078 2 0.5 72 16.7
59 1,106 3 0.7 590 133.4
1015 1,369 12 2.2 2,035 371.6
16-20 1,198 43 9.0 2,615 545.7
21-24 1,060 21 5.0 1,949 459.7
2534 2,440 57 5.8 3,322 340.4
3544 2,414 59 6.1 2,647 274.1
4554 2,748 113 10.3 3,762 342.2
55-64 2,497 96 9.6 2,537 254.0
6574 1,935 39 5.0 4,055 523.9
75-84 1,148 20 4.4 337 73.4
85+ 495 8 4.0 75 37.9
Unknown -- 32 -- 1,389 --
Total 19,488 505 6.5 22,385 287.2

Source(U.S. Census Bureau, n.d.)
1Average population from 2011 to 2014.

Gender

Table3-11 provides bicycle crash statistics by gendlable3-12 gives the summary statistics of
bicycle crashes by gender, population, and crash severgylear from these tables that crashes
involving male bicyclistsvere more frequent and more severe compared to those involving female
bicyclists. AgainZ-test for proportions was used to compare gheportion of fatal crashes that
involved male and female bicyclisBased on th&-test statistic, at a 5% significance level, there

is sufficient evidence to conclude that there is a significant differendesiproportion of fatal
crashes involving male bicyclists compared to those involving female bicyclists.
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Table 3-11: Statistics by Gender and Severity
Bicyclist

Bicyclist

Bicyclist

Uninjured

Total

Gender Fatalities Injuries Bicyclists Bicyclists!

Male 427 (84.6%) 16,794 (75.0%) 2,295 (74.5%) 19,881 (75.1%)
Female 48 (9.5%) 4,426 (19.8%) 496 (16.1%) 5,058(19.1%)
Unknown 30 (5.9%) 1,165 (5.2%) 288 (9.4%) 1,523 (5.8%)
Total 505 (100%) 22,385 (100%) 3,079 (100%) 26,462 (100%)

1 Total bicyclists include bicyclists with unknown severity and-traffic fatalities.

Table 3-12: Statistics by Gender and Population
Population

Bicyclist Fatality Rate Bicyclist Injury Rate

g'ggt}srt (in E;?glﬁ:tl:zts per Year per Million ?Aﬁiﬁgit per Year per Million
Thousands} Population Population

Male 9,526 427 11.2 16,794 440.7

Female 9,963 48 1.2 4,426 111.1

Unknown 30 1,165 --

Total 19,489 505 6.5 22,385 287.1

Source(U.S. Census Bureau, n.d.)
tAverage population from 2011 to 2014.

Impairment

Table 3-13 provides statistics on impaired bicyclists. The table includes separate statistics for
bicyclists influenced by alcohol and drugs. As can be inferred from the table, 3.3% of all bicyclists
involved in crashes were under the influence of alcohol, arfd 0f4all bicyclists involved in
crashes were under the influence of drugs. Over 10% of all bicyclists involved in crashes who were
under the influence of alcohol were killed, and a high 27.6% of all bicyclists involved in crashes
who were under the influee of drugs were killed. These proportions were found to be statistically

significant at a 5% significance level.

Table 3-13: Statistics on Impaired Bicyclists

Impairment

Bicyclist
Fatalities

Bicyclist

Uninjured

Total

Injuries
Alcohol

Bicyclists

Bicyclists'

Yes 89 (10.2%) 690 (79.4%) 70 (8.1%) 869 (100%)
No 228 (1.0%) 20,332 (86.0%) 2,636 (11.2%) 23,633 (100%)
Unknown 188 (9.6%) 1,363 (69.5%) 373 (19.0%) 1,960 (100%)
Total 505 (1.9%) 22,385 (84.6%) 3,079 (11.6%) 26,462 (100%)
Drugs
Yes 29 (27.6%) 64 (61.0%) 10 (9.5%) 105 (100%)
No 264 (1.1%) 20,633 (86.0%) 2,650 (11.0%) 23,993 (100%)
Unknown 212 (9.0%) 1,688 (71.4%) 419 (17.7%) 2,364 (100%)
Total 505 (1.9%) 22,385 (84.6%) 3,079 (11.6%) 26,462 (100%)

! Total bicyclists include bicyclists with unknown severity and-traffic fatalities.
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Safety Equipment

Safety equipment plays a crucial role in reducing the frequency and severity of bicycle crashes.
Safety equipment such as helmets, protective @ds,protect the bicyclists involved in a crash;
while other equipment such as reflective clothing, lighting opdbes etc., make bicyclists more
visible to the drivers. Tablg-14 provides bicycle crash statistics based on the safety equipment
used by the bicyclists at the timetbE crash. TheZ-test for proportions was used to compare the
proportion of fatal crashes that involved bicyclists using safety equipment versusstscyot

using any type of safety equipmeBased on th&-test statistic, at a 5% significance level, there

is sufficient evidence to conclude that there is no significant difference in the proportion of fatal
crashes involving bicyclists using safetyiggment compared to those involving bicyclists without
using any type of safety equipment.

Table 3-14: Statistics by Safety Equipment Used

Bicyclist Bicyclist Total

Uninjured

e Fatalities Injuries Bicyclists Bicyclists!

None 404(1.9%) | 18,292 (84.9%)| 2,457 (11.4%)| 21,549 (100%)
Helmet 52 (1.7%) 2,665 (86.7%) 293 (9.5%) 3073 (100%)
Protective Pads Uséd 2 (5.3%) 31 (81.6%) 4 (10.5%) 38 (100%)
Reflective Clothing 5 (4.5%) 95 (85.6%) 9 (8.1%) 111 (100%)
Lighting 31 (5.0%) 507 (82.2%) 71 (11.5%) 617 (100%)
Not Applicable 1 (1.0%) 78 (78.8%) 16 (16.2%) 99 (100%)
Other 1 (0.9%) 103 (88.0%) 9 (7.7%) 117 (100%)
Unknown 9 (1.0%) 614 (71.6%) 220 (25.6%) 858 (100%)
Total 505 (1.9%) | 22,385 (84.6%)| 3,079 (11.6%)| 26,462 (100%)

1 Totalbicyclists include bicyclists with unknown severity and +tiific fatalities.
2 E.g., elbows, knees, etée.qg., jacket, backpack, etc.

Since the type of safety equipment impacts the severity of crastess,for proportions was again
used to compa theproportion of fatal crashes that involved bicyclists using either helanet
protective pads and those using reflective clothing or lighting on bicyctes 586 significance
level, there is sufficient evidence to conclude that there is a signititéarence in the proportion
of fatal crashes involving bicyclists using helset protective pads compared to those involving
bicyclists using reflective clothing or lighting.

Bicyclisits Action Prior totheCrash

Table 3-15 provides statisticbased on bicycligs action prior tathe crash. Over on¢hird of
bicyclists (35.2%) were hit while crossing the road, 2.2% of these crashes resulted in fdtalities.
is worth noting that although bicyclists were frequently hit while cyclinghersidewak, these
crashegesulted in very few fatalities; only 0.4% of all crashes involving bicyclists cycling on
sidewalk resulted in fatalities.

The Z-test for proportions was used to compare ghgportion of fatal crashes that involved

bicyclists crossinghe roadway and those cycling along the roadway B% significance level,
there is sufficient evidence to conclude that there is no statistically significant difference in the
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proportion of fatal crashes involving bicyclists crossing the roadway ceahpathose involving
bicyclists cycling along the roadway. THetest for proportions was again used to compare the
proportion of fatal crashes that involved bicyclists cycling along the roadway with traffic and those
cycling along the roadway againstffra At a 5% significance level, there is sufficient evidence

to conclude that the proportion of fatal crashes involving bicyclists cycling #iengadway with

traffic is significantly greater than those involving bicyclists cycling altreroadway against
traffic.

Table 3-15: Statistics by Bicyclisés Action Prior to the Crash

S S o Proportion
pcton Pror o theCras B e s cis i To

Bicyclists
Crossing Roadway 209 7,845 1,055 9,303 35.2%
Waiting to Cross Roadway 7 274 54 343 1.3%
Cycling Along Roadway with Traffic 153 4,277 427 4,930 18.6%
Cycling Along Roadway against Traff 35 1,887 263 2,214 8.4%
Cycling on Sidewalk 24 5,034 693 5,857 22.1%
In Roadwayworking, playing, etc.) 20 474 63 573 2.2%
Adjacent to Roadway 15 300 43 367 1.4%
Going to or from School 0 143 22 168 0.6%
Working in Traffic Way 0 1 1 2 0.0%
None 5 233 32 275 1.0%
Other 23 1,485 277 1,831 6.9%
Unknown 14 432 149 599 2.3%
Total 505 22,385 3,079 26,462 | 100.0%

1 Total bicyclists include bicyclists with unknown severity and-traffic fatalities.

Bicyclists Location athe Time ofthe Crash

Table 3-16 gives bicyclist crash statistics by locationtla time ofthe crash and crash severity.

At a 5% significance level, there is sufficient evidence to conclude that there is a significant

difference in the proportion of fatal crashes that occurred on segments compared to those that
occurred at intersections.

Bicyclisits Action and Location @he Time ofthe Crash
Table31 7 gi ves st at i sdadtiansthdiiraesoithdcrashn Note that gosnpioget 6

action was identified in 46% of crashes. Failure to yield rigiway was found to be the most
frequent contributing cause, resulting in about 15% of total crashes.
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Table 3-16: Statistics by Bicyclists Location atthe Time of the Crash

Bicyclistd kocation Bicyclist Bicyclist Uninjured Total
at the Time of the Crash  Fatalities Injuries Bicyclists Bicyclists!

Intersectiof 137 (1.2%) 9,882 (85.5%) 1,321 (11.4%) | 11,563 (100%)
Segmenit 305 (2.8%) 9,260 (84.9%) 1,198(11.0%) 10,910 (100%)
Driveway/Access 4 (0.3%) 1,184 (83.9%) 163 (11.5%) 1,412 (100%)
Shareduse Path or Tra 2 (1.9%) 91 (85.8%) 8 (7.5%) 106 (100%)
Non-traffic Way Area 1(1.6%) 46 (74.2%) 13(21.0%) 62 (100%)
Other 44 (2.4%) 1,515(81.5%) 252(13.6%) 1,859(100%)
Unknown 12 (2.2%) 407 (74.0%) 124(22.5%) 550(100%)
Total 505(1.9%) | 22,385(84.6%) 3,079(11.6%) 26,462(100%)

1 Total bicyclists include bicyclists with unknown severity and-traffic fatalities.

2 Intersection locatioimcludes crashes that occurred at interseatianked crosswalk, intersectiemmarked
crosswalk, intersectieather locations.

3 Segment location includes crashes that occurred at midbladked crosswalk, travel lasmther location,
bicycle lane, shoder/roadside, sidewalk, and median/crossing island.

Table3-177 St at i st i sActiolaytheBime of thd Grasht 6

Proportion
of Total
Bicyclists

Total
Bicyclistst

Bi c y cActiosat thesTime of the

Bicyclist
Fatalities

Bicyclist
Injuries

Uninjured

Crash Bicyclists

No Improper Action
No Improper Action | 124 [ 10436 1,417 12,180 | 46.0%
Any Improper Action
Dart/Dash 33 1,239 139 1,444 5.5%
Failure to Yield Righibf-way 127 3,347 409 3,950 14.9%
Failure to Obey Traffic Signs, Signals 33 1,180 140 1,388 5.2%
In Roadway 29 416 47 504 1.9%
Disabled Vehicle Relatéd 0 14 0 14 0.1%
Entering/Exiting Parked/Standing Vehi 0 42 14 58 0.2%
Inattentivé 1 221 33 260 1.0%
Not Visible® 36 621 68 733 2.8%
Improper Turn/Merge 8 181 18 215 0.8%
Improper Passing 2 85 14 105 0.4%
Wrong Way, Riding 18 1,447 192 1,709 6.5%
Other 55 2,162 375 2,640 10.0%
Any Improper Action 6 342 10,955 1,449 13,020 49.2%
Unknown Action
Unknown | 39 | 994 | 213 | 1262 | 4.8%
Total
Total | 505 | 22385 3079 | 26,462 |100.0%

Total bicyclists include bicyclists with unknown severity and-traffic fatalities.

E.g., standing, lying, working, eté.e.g., working on, pushing, leaving/approaching, etc.;

e.g., talking, eating, et®ge.qg., @rk clothing, ndighting, etc.

Any improper action includes dart/dash, failure to yield rigflhtvay, failure to obey traffic signs and signals,
in roadway, disabled vehictelated, entering/exiting parked/standing vehicle, inattentha visible,
improper turn/merg, improper passing, wrong way, riding, and other.

o AN P
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3.2.4Crash Locatiorrelated Factors
County

Table3-18 lists the ten counties in Florida with the highest number of bicycle crashes during the
years 20112014. Miami Dade County, followed by Browa@bunty experienced the highest
number of bicycle crashes. However, Pinellas and Brevard counties experienced a high 10.0
bicyclist fatalities per year per million population.

Table 3-18: Statistics in Top Ten Counties in Florida
Total

Bi Population Bicyclist Bicyclist Bicyclist Bicyclist
icycle , " . e :
Crashes (in Fatalities Fatality Injuries Injury
(20112014) Thousands} (201%:2014) Rate? (20112014) Rate?
Miami-Dade 3,589 2,626 40 3.8 2,897 275.8
Broward 3,202 1,830 52 7.1 2,631 359.4
Pinellas 2,082 927 37 10.0 1,762 475.2
Palm Beach 2,066 1,368 30 5.5 1,814 331.5
Orange 1,875 1,214 33 6.8 1,621 333.8
Hillsborough 1,840 1,291 40 7.7 1,668 323.0
Duval 1,108 885 21 5.9 937 264.7
Volusia 782 500 16 8.0 672 336.0
Brevard 765 550 22 10.0 649 295.0
Lee 715 654 19 7.3 629 240.4
Total 18,024 11,845 310 6.5 15,280 322.5

Source:(U.S. Census Bureau, n.dJ)Average population from 2011 to 2014 rate is per year per million
population.

Presence of Work Zone

Of the 26,036 bicycle crashes that occudadng2011-2014, 205 crashes (0.8%) were identified
as work zongelated. Table3-19 provides these statistics. The proportion of fatalitirework
zonerelated crashes was found todightly lower than the qoportion of fatalities in nomork
zonerelated crashes. Note that this differemaes not statistically significant. Statistics of work
zonerelated crashes by year revealed that the total bicyclists involved in workedatesl crashes
reduced from 6% 2013 to 39 in 2014Moreover, work zoneelated crashes were found to be
more frequent during daytime (157 of 205) compared to nighttime (43 of 205).

Table 3-19: Work Zone-related Crash Statistics
Work Zone-related Fatal Crashes | Injury Crashes  PDO Crashes

Total Crashes

No 497 (1.9%) | 21,898 (85.0%) | 2,874 (11.2%)| 25,752 (100%)
Yes 3 (1.5%) 184 (89.8%) 16 (7.8%) 205 (100%)
Unknown 3 (3.8%) 64 (81.0%) 12 (15.2%) 79 (100%)
Total 503 (1.9%) | 22,146 (85.1%) | 2,902 (11.1%) | 26,036(100%)

! Total crashes include crashes of unknown severity and crashes that resulted-irafiiodatality.
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3.2.5Vehiclerelated Factors
Vehicle Type

Table3-20 providesicycle crashstatistics by vehicle type and crash severity. Overall, a total of
26,766 vehicles were involved in bicycle crashes. As can be observed from the table, among all
types of vehicles, passenger cars were found to result in relatively less severe crashes. Medium
andheavy trucks resulted in more severe crashes; a relativdlyihi§% of all crashes involving
mediumand heavy trucks resulted in fatalities. The 214 bicycle crashes involving medidm

heavy trucks were further analyzed to determine the reasons for high bicyclist fatality rate
involving these vehicles. Analysis $&d on average vehicle speed, first harmful event, vehicle
maneuver action, driver and bicyclist actiorttetime of the crash, bicyclist safety equipment,

etc. was conducted. The average vehicle speed in all the bicycle crashes was found to be 12.4 mph,
while the speed of mediurind heavy trucks was found to be 14.1 mph. High speeds of these
vehicles might have contributed to a higher proportion of fatal crashes compacezshes
involving othervehicles. Besides the average vehicle speed, no other obvious patterns that could
potentially result in more severe crashes were identified.

Table 3-20: Statistics by Vehicle Type

Vehicles Involved in

VENEIS T3 Fatal Crashes Injury Crashes PDO Crashes Total Crashes
Passenger Car 248 (1.7%) 12,706 (84.6%) 1,798 (12.0%) 15,027 (100%)
Sport Utility Vehicle 88 (2.2%) 3,394 (86.6%) 360 (9.2%) 3,917 (100%)
Pickup Truck 85 (2.9%) 2,585 (86.7%) 260 (8.7%) 2,981 (100%)
Passenger Van 46 (3.0%) 1,317(85.9%) 151 (9.8%) 1,533 (100%)
Light Truck 12 (3.3%) 300 (82.2%) 39 (10.7%) 365 (100%)
Medium/Heavy Trucks 31 (14.5%) 156 (72.9%) 20 (9.3%) 214 (100%)
Bus 5 (2.5%) 160 (79.2%) 32 (15.8%) 202 (100%)
Motorcycle 5 (2.7%) 144 (77.8%) 31 (16.8%) 185(100%)
Moped 0 (0.0%) 36 (78.3%) 10 (21.7%) 46 (100%)
Motor Home 0 (0.0%) 21 (95.5%) 1 (4.5%) 22 (100%)
Others 13 (1.9%) 526 (78.9%) 98 (14.7%) 667 (100%)
Unknown 25 (1.6%) 1,326 (82.5%) 235 (14.6%) 1,607 (100%)
Total 558(2.1%) 22,671(84.7%) 3,035(11.3%) 26,766 (100%)

1 Total crashes include crashes of unknown severity and crashes that resulted-iraffio éatality.
2 Light trucks include cargo van.

3 Others includall-terrain vehicle, farm labor vehicle, low speed vehicle, motor ceachd

Vehicle Maneuver Action

fot her o

cate

Table3-21 provides statistics by vehicle maneuver action and crash severity. Overall, about 45% of

all vehicles were traveling straight ahead at the timthetrash. Most severe crashes involved

vehicles leaving traffic lane, followed by vehicles changing lanes and negotiating a curve.

Hit-andrun Crashes

Table 3-22 gives statistics oflit-and-Run crashes. From 2012014, a total of 4,157 bicycle

crashesvereidentified adHit-andRun. These constitute 16.0% of total bicycle crashes. In general,
the severity of crashes involvimif andrun vehicles was found to be similar to the severity of all

bicycle crashes. In other words, involvemenhibfindrun drivers did not affect crash severity.
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Table 3-21: Statistics by Vehicle Maneuver Action
Vehicles Involved in

Vehicle
Maneuver Action

Fatal
Crashes

Injury
Crashes

PDO Crashes

Total Crasheg

Straight Ahead 442 (3.7%) 10,114 (84.0%) 1,248 (10.4%) 12,038(100%)
Turning Right 33 (0.4%) 6,648 (86.2%) 892 (11.6%) 7,712 (100%)
Turning Left 23 (0.8%) 2,538 (87.8%) 282 (9.8%) 2,890 (100%)
Stopped in Traffic 2 (0.3%) 481 (80.0%) 112 (18.6%) 601 (100%)
Backing 0 (0.0%) 303 (88.1%) 37 (10.8%) 344 (100%)
Entering Traffic Lane 0 (0.0%) 296 (86.0%) 36 (10.5%) 344 (100%)
Slowing 2 (0.7%) 239 (80.5%) 46 (15.5%) 297(100%)
Parked 1 (0.4%) 184 (74.5%) 60 (24.3%) 247 (100%)
Overtaking/Passing 4 (2.2%) 159 (88.8%) 14 (7.8%) 179 (100%)
Changing Lanes 10 (7.9%) 102 (80.3%) 14 (11.0%) 127 (100%)
Negotiating a Curve 5 (5.2%) 84 (86.6%) 7 (7.2%) 97 (100%)
Making U-turn 0 (0.0%) 59 (85.5%) 6 (8.7%) 69 (100%)
Leaving Traffic Lane 5 (9.6%) 42 (80.8%) 3 (5.8%) 52 (100%)
Other 9 (1.6%) 457 (79.2%) 90 (15.6%) 577(100%)
Unknown 22 (1.8%) 965 (81.0%) 188 (15.8%) 1,192 (100%)
Total 558(2.1%) 22,671(84.7%) 3,035(11.3%) 26,766 (100%)

1 Total crashes include crashes of unknown severity and crashes that resulted-irafiio éatality.

Table 3-22: Hit-and-Run Crash Statistics

Hit -and-Run Involvement Fatal Crashes Injury Crashes  PDO Crashes

Total Crasheg

Hit and Run 80 (1.9%) | 3,286 (79.0%)| 735 (17.7%) | 4,157 (100%)
Not Hit and Run 420 (2.0%) | 18,429 (86.3%)| 2,086 (9.8%)| 21,352 (100%)
Unknown 3(0.6%) | 431(81.8%) 81 (15.4%) 527 (100%)
Total 503 (1.9%) | 22,146 (85.1%) | 2,902 (11.1%) | 26,036 (100%)

1 Total crashes include crashes of unknown severity and crashes that resulted-iraffio éatality.
3.3 Descriptive Trend Analysisi Roadway Characteristics

This section presents statewide bicycle crash characteistge=d on the followingoadway
related factors:

functional classification
number of lanes

posted speed limit
presence of byclelane
traffic volume (i.e., AADT)

= =4 =4 -8 -9

During the analysis years 202014, of the total 26,036 bicycle crashes, 10,580 crashes occurred
on state roads, which include both limHadcess facilities and ndmited-access facilities.
Although bcycles are prohibi on limitedaccess facilities34 bicycle crashes were found to

have occurred on these facilities. These 34 crashes were excluded from further analysis. The
statistics by number of lanes, posted speed limit, crash location, presencgcté lene, and

traffic volumewere provided fomonlimited-access facilities which constitute 9,884.3 miles of
state road network, and experienced 10,546 bicycle crashes from 2011 through 2014.
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Functional Classification

Table 3-23 provides bicycle crash statistics by functional classification ofadhe network and

crash severityThe majority of bicycle crashes occurred on urban roadways; only 1.2% of all
crashes that occurred on state roads occurred in rural areas. This is expected since traffic volumes
and bicyclists are usually higher on urb@aads as compared to rural roads. In terms of crash
severity, 16.9% of all bicycle crashes that occurred on rural facilities resulted in fatalities while

only 2.5% of those that occurred on urban facilities resulted in fatalities.

Table 3-23: Statistics byFunctional Class

Functional Classification

WIHES

Fatal

Crashes

Injury

Crashes

PDO

Crashes

Total

Crashes

Total Crashes
per Mile per
Year

Rural Principal Arterial 0 0 0 0
Interstate 1731 00m) | (0.0%) | (0.0%) | (0.0%) 0.00
RuralPrincipal Arteriali 175.0 0 0 0 0 0.00
Freeways and Expressways ‘ (0.0%) (0.0%) (0.0%) (0.0%) '
Rural Principal Arterial 17 79 12 109
(%]
2 | Other 2586.0| (15 606) | (72.5%) | (11.0%) | (100%) 0.01
S . : 5 12 3 20
8 Rural Minor Arterial 1,761.2 (25.0%) | (60.0%) (15.00%) (100%) 0.00
T . 0 1 0 1
E Rural Major Collector 404.9 (0.0%) (100%) (0.0%) (100%) 0.00
. 0 0 0 0
Rural Minor Collector 0.0 (0.0%) (0.0%) (0.0%) (0.0%) --
0 0 0 0
Rural Local 0.3 (0.0%) (0.0%) (0.0%) (0.0%) 0.00
- 22 92 15 130
Total Rural Facilities 5,644.7 (16.9%) | (70.8%) (11.5%) | (100%) 0.01
Urban Principal Arterial 1 6 1 8
Interstate 77801 19 506) | (75.0%) | (12.5%) | (100%) 0.00
Urban Principal Arterial 562.3 2 22 2 26 0.01
Freeways and Expressways ' (7.7%) (84.6%) (7.7%) (100%) '
«» | UrbanPrincipal Arteriali 211 6237 803 7,404
2 | other 34669| 2806) | (84.2%) | (10.8%) | (100%) 0.53
S . . 48 2356 298 2,768
& Urban Minor Arterial 1,499.4 (1.7%) (85.1%) (10.8%) (100%) 0.46
S . 2 208 23 238
_‘85 Urban Major Collector 158.0 0.8%) | (87.4%) (9.7%) (100%) 0.38
=)
. 0 2 0 2
Urban Minor Collector 3.7 (0.0%) (100%) (0.0%) (100%) 0.14
0 3 1 4
Urban Local 391 ow) | 75.0%) | (25.0%) | (100%) 0.26
- 264 8,834 1,128 10,450
Total Urban Facilities 6,472.2 (2.5%) (84.5%) (10.8%) | (100%) 0.40
286 8,926 1,143 10,580
Total 12118681 57000 | (84.4%) | (10.8%) | (100%) 0.22

! Total crashes include crashes of unknown severity and crashes that resulted-iratiiodatality.
2 Total miles include 1.7 miles of unknown facility type.
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In particular, urban principal arterials excluding interstates, freeways, and expressways and urban
minor arterials experienced over 95% of total bicycle crashes. The urban principle arterial other

category experienced the highest bicycle crash rate 8ficycle crashes per mile per year. This

was followed by urban minor arterials with 0.45 bicycle crashes per mile per year. Based on these
statistics, it can be concluded that urban principal arterials other than interstates, freeways, and
expressways angrban minor arterials experience a high frequency of bicycle crashes.

Number of Lanes

Table3-24 provides bicycle crash statistics by number of lanes and crash sevenigjority of
bicycle crashes occurred on either ftame or sixlane facilitiesithese two facilities experienced
more than 80% of all bicycle crashes. Thelaixe facilities experienced the highest crash rate of
0.97 bicycle crashes per mile per year, followed by facilities with more than six lanes and five
lanes, respectively. Ondlother hand, the twiane facilities experienced the highest proportion

of fatal crashes; 4.4% of all bicycle crashes atlavee facilities resulted in fatalities while 2.7%

of crashes on all nelimited-access facilities were fatal.

Table 3-24. Statistics by Number of Lanes

Total

Number Miles Fatal Injury PDO Total Crash_es
of Lanes Crashes Crashes Crashes Crashes per Mile
per Year

1 11.8 0 (0.0%) 5 (83.3%) 1 (16.7%) 6 (100%) 0.13

2 5,002.6| 41 (4.4%) | 781 (84.3%) 93 (10.0%), 927 (100%) 0.05

3 151.7 1(0.3%) | 242 (84.6%) 41 (14.3%), 286 (100%) 0.47

4 3,394.1| 129 (3.0%) | 3,654 (83.9%)| 488 (11.2%) 4,355 (100%) 0.32

5 88.9 4 (1.7%) | 189 (79.7%) 37 (15.6%), 237 (100%) 0.67

6 1,142.1] 99 (2.2%) | 3,771 (85.0%) | 451 (10.2%) 4,436 (100%) 0.97

o 7 914 9 (3.0%) | 256(85.6%) 29 (9.7%)| 299 (100%) 0.82

Unknown 1.7 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0.00

Total 9,884.3| 283 (2.7%) |8,898 (84.4%) {1,140 (10.8%)| 10,546 (100%) 0.27

1 Total crashes include crashes of unknown severity and crashes that resulted-iraffio éatality.
Posted Speed Limit

Table 3-25 gives bicycle crash statistics by posted speed limit and crash se@rdsall,

roadways with 40 mph posted speed limit experienced the highest bicycle crash rate of 0.86 crashes
per mile per year. As expected, more severe crashes occurred-agpéaghfacilities. For example,

a high 12.5% of all crashes that occurred odreeay s wi t h speed | i mit o
fatalities, while on average, only 2.7% of all bicycle crashes odimoted-access facilities were

fatal. It can be inferred from the table that ispeed facilities experiencedgreater number of

bicycle crabes while highspeed facilities experienced a greater proportion of fatal crashes.
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Table 3-25: Statistics by Posted Speed Limit

Posted

Total

Speed Miles Fatal Injury PDO Total Crash_es
Limit Crashes Crashes Crashes Crashes per Mile
B I . ______perYear
O ®&ph 921.4| 28 (1.0%)| 2,353 (82.6%) 392 (13.8%) 2,850 (100% 0.77
40 mph 621.3| 46 (2.1%)| 1,819 (85.0%) 237 (11.1%) 2,140 (100% 0.86
45 mph | 2,193.8| 117 (2.6%)| 3,844 (85.6%) 427 (9.5%) 4,491 (100% 0.51
50 mph 583.1| 30 (5.6%)| 454 (84.5%) 50 (9.3%) 537(100%) 0.23
O 55 | 5508.1| 62(12.5%) 397 (80.0%) 33 (6.7%) 496 (100% 0.02
Unknown 56.6 0 (0.0%) 31 (96.9%) 1 (3.1%) 32 (100% 0.14

Total 9,884.3| 283 (2.7%)| 8,898 (84.4%)| 1,140 (10.8%) 10,546 (100% 0.27

1 Total crashes include crashes of unknown severity and crashes that resulted-iraffio éatality.

Crash Location

Table3-26 gives the bicycle crash statistics by crash location. A total of 48.2% all bicycle crashes
occurred at notintersections, filowed by 37.5% at intersections, and 10.3% at driveways. A
greater proportion of crashes at Antersections (i.e., segments) were found to result in fatalities
compared to the crashes at intersections, and this difference was found to be statigtidelgns

at a 5% significance level.

Table 3-26: Statistics by Crash Location

Location

Fatal
Crashes

Injury
Crashes

PDO
Crashes

Total
Crashes

Norrintersection 178 (3.5%) 4,169 (82.0%) 574 (11.3%) 5,085 (100%)
Intersection 85 (2.1%) 3,425(86.6%) 408 (10.3%) 3,956 (100%)
Driveway 7 (0.6%) 970 (89.3%) 93 (8.6%) 1,086 (100%)
Railway Grade Crossing 0 (0.0%) 2 (100.0%) 0 (0.0%) 2 (100%)
Entrance/Exit Ramp 0 (0.0%) 32 (88.9%) 4 (11.1%) 36 (100%)
Crossover related 2 (10.5%) 12 (63.2%) 5 (26.3%) 19 (100%)
Shareduse Path or Trail 1 (5.0%) 14 (70.0%) 4 (20%) 20 (100%)
Through Roadway 4 (14.8%) 16 (59.3%) 4 (14.8%) 27 (100%)
Other 5 (3.5%) 118 (82.5%) 18 (12.6%) 143 (100%)
Unknown 1 (0.6%) 140 (81.4%) 30 (17.4%) 172 (100%)
Total 283(2.7%) 8,898 (84.4%) | 1,140 (10.8%) | 10,546 (100%)

1 Total crashes include crashes of unknown severity and crashes that resulted-iraffio éatality.
Presence of Bicycleane

Table3-27 presents the bicycle crash statistics by the presemtsence of oyclelanes. Of the

entire 9,884.3 miles of the ndimited-access facilities on the state road network in Florida, only
1,160.9 miles (i.e., 11.7%) were found to haveytle lanes. Facilities with loiycle lanes
experienced 0.48 crashes petenper year while those withoutdyicle lanes experienced 0.24
crashes per mile per year. These statistics need to be interpreted with caution since bicycle
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exposure (e.g., bycle volumes) is not taken into consideration. It is fair to assume that the
facilities with bicycle lanes have higher exposure, and hence, could result in more crashes
compared to the facilities withoutdyicle lanes. Bicycle crash severities at locations with and
without bicyclelanes were found to be similar. In other words, csssterity was not affected by

the presence of tyclelanes. However, more-depth analysis is required to understand the effect
of bicyclelanes on the frequency and severity of bicycle crashes.

Table 3-27: Statistics by Presence of BycleLane

Preserce of el
Bicvcle Miles Fatal Injury PDO Total Crashes
L y Crashes Crashes Crashes Crashes per Mile

ane

per Year

Yes 1,160.9] 58 (2.6%)| 1,901 (84.8%) 213 (9.5%) 2,241 (100%| 0.48

No 8,723.4| 225 (2.7%)| 6,997 (84.3%) 927 (11.2%)| 8,305 (100%| 0.24

Total 9,884.3| 283 (2.7%)| 8,898 (84.4%)|1,140 (10.8%)] 10,546 (100% 0.27

! Total crashes include crashes of unknown severity and crashes that resulted-iratiiadatality.
Traffic Volume

Table 3-28 presents the bicycle crash statistics for diffefeNDT ranges. As expected, lew

vol ume roads (i . e .veh/dayiexpdrienced thellowest nlr@ber0od ticycle
crashes per mile per year. However, a greater proportion of these crashes resulted in fatalities. The
highest bicycle crash rate of 1.b&ycle crashs per mile per year wabserved ohigh volume

roads AADT > 50,000 veh/day

Table 3-28: Statistics by Traffic Volume
Total

AADT Miles Fatal Injury PDO Crashes Total Crashes

(veh/day) Crashes Crashes Crashes per Mile
per Year

O 10, 0| 4916.2] 31(6.6%) 379 (80.6%) 55 (11.7%)| 470 (100%)| 0.02

10,00120,000 2,116.9| 49 (2.9%)| 1,448 (84.6%) 180 (10.5%)| 1,712 (100%)| 0.20
20,00130,000 1,153.2| 65 (2.7%)| 1,993 (83.6%) 275 (11.5%)| 2,384 (100%)| 0.52
30,00:40,000 851.6| 55 (2.1%)| 2,282 (86.0%) 262 (9.9%)| 2,652 (100%)| 0.78
40,00350,000  443.5| 46 (2.7%)| 1,469 (85.1%) 174 (10.1%)| 1,726 (100%)| 0.97

> 50,000 380.5| 37 (2.3%)| 1,325 (82.8%) 194 (12.1%)| 1,600 (100%) 1.05
Unknown 22.4] 0 (0.0%) 2 (0.0%) 0 (0.0%) 2 (100%)| 0.02
Total 9,884.3| 283 (2.7%) | 8,898 (84.4%)| 1,140 (10.8%)|10,546 (100%)| 0.27

1 Total crashes include crashes of unknown severity and crashes that resulted-iraffioatality.
3.4 Summary
This chapter focused on identifyirthe overall statewide bicycle crash patteing-lorida The

general trends imicycle crash data and roadway characteristics dage identified and are
summarized in the following sections.
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34.1 Crash Characteristics

The descriptive trend analysigas based onemporal, environmentabicyclistrelated, crash
locationrelated, and vehicleelated factorsThe analysisvas based on total of 26,036 bicycle
crashes that occurreliring2011-2014.Some of the key findings include:

)l
)l

T
T

From 20112014, a total of 503 fatal crashes and 22,146 injury crashes involved bicyclists.
Bicycle fatal crashes accounted for 5.6% of all traffic fatal crashes, while they constituted
only 1.9% of total crashes.

Nighttime bicycle crashes resulted in mdatalities compared to daytime crashes.

The majority of bicycle crashes occurred in clear weather condition. Additionalijyao

very small proportion of fatal crashes occurred in adverse weather conditions.

The average age of bicyclists killed inffia crashes wa 43 years, while the average age

of bicycligs involved in traffic crashes w&3.8 years.

Crashes involving elder Dbicyclists (O 65
crashes involving younger bicyclists (< 65 years).

Crashes involving male bicyclists resulted in more fatalities compared to crashes involving
female bicyclists.

Over 10% of all bicyclists involved in crashes who were under the influence of alcohol
were killed, and a high 27.6% of all bicyclists involvedcrashes who were under the
influence of drugs were killed.

Crashes involving bicyclists using helmet protective padsvere less severe compared

to those involving bicyclists using reflective clothing or lighting.

Although bicyclists were frequentligit while cycling onthe sidewalk, these crashes
resulted in very few fatalities.

Crashes involving bicyclists cycling alorige roadway against traffic were found to be
more severe compared to those involving bicyclists cycling dalwrgadway with trafic.

| n t er ms saction bthetingecofthe arashg &ilure to yield rightof-way was the

most frequent contributing cause, resulting in about 15% of total crashes.

Miami Dade and Broward counties experienced the highest number of bicyclesdarashe
Florida.

Of the 26,036 bicycle crashes that occumedng 2011-2014, 205 crashes (0.8%) were
identified as work zoneelated. The proportion of fatalities in work zereated crashes

was slightly lower than the proportion of fatalities in reork zonerelated crashes.

Among all types of vehicles, passenger cars were found to result in relatively less severe
crashes. Mediurandheavy trucks resulted in more severe crashes; a relatively high 14.5%
of all crashes involving mediuandheavy trucks we fatal. The average vehicle speed of
medium/heavy trucks was found to be 14.1 mph, while the average speed of all vehicles
involved in bicycle crashes was found to be 12.4 mph. High speeds of these vehicles might
have contributed to more fatal crashespared to other vehicles.

In terms of vehicle maneuver action, a high proportion of severe crashes involved vehicles
leaving traffic lane, followed by vehicles changing lanes and negotiating a curve.

About 16.0% of total bicycle crashes constituted hid aun crashes. However,
involvement ofhit andrundrivers did not affect crash severity.
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3.4.2 Roadway Characteristics

The effect of roadway geometric features on the frequency and severity of bicycle crashes was
studied using data from 9,884.3 mile$ nonlimited-access state roads in Florida, which
experienced a total of 10,546 bicycle crashes during theyaranalysis period. Some of the key
findings include:

1 The majority of bicycle crashes occurred on urban roadways; only 1.2% of all dfzesthes
occurred on state roads occurred in rural areas. In terms of crash severity, 16.9% of all
bicycle crashes that occurred on rural facilities resulted in fatalities while only 2.5% of
those that occurred on urban facilities resulted in fatalities.

1 Urban principal arterials other than interstates, freeways, and expressways and urban minor
arterials experienced a high frequency of bicycle crashes.

1 Six-lane facilities experienced the highest crash rate of 0.97 bicycle crashes per mile per
year, while bur-lane facilities experienced slightly greater proportion of fatal crashes.

1 Low-speed facilities experienced greater number of bicycle crashes whilesgegh
facilities experienced more severe crashes.
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CHAPTER 4
BICYLCLE HOT SPOT IDENTIFICATION AND ANALYSIS

This chapterfocuses ondentifying and analyzing locations with high bicycle crash frequenties
Florida The chapter is divided intfive major sectionsThe first sectiordiscusses the approach
used to identify bicycle crash hot spots usipgtgl analysis in ArcGISt alsoincludesthelist of

top five bicycle crash hot spoits eachFDOT district The second section focuses on analyzing
the bicycle hot spots. The police report review process to idepgfjifec bicycle crash types and
paterns is also discussed in this section. The third section provides the calbsidtion
diagrams of bicycle crash clusterShe @ash contributing factorsaand relevant potential
countermeasurese discussed in the fourth sectibmally, the chapteroncludes with a summary
of the analysis results.

4.1 Identification of Bicycle Hot Spots
4.1.1Data
The following shapefilewere used to identify bicycle hot spots in eatthe sevefrDOT districts.

20112014crash data for both esystem anaff-system roads
2014 NavStreetsnap

On-system road network

Off-system road network

= =4 -4 -9

The gash datashapefilesfor the years 2D1-2014 were downloaded fronthe FDOT Unified
Basemap Repository (UBR) foboth onsystem and offsystem roads The variable
CNTOFCYCLS that provides information on the number of bicyclists involved in a crash was
used to identify bicycle crashes.

The 2014 NavStreets Map, also downloaded from the FDOT UBR, is a basemap with linear
referencing system (LRS) for all public roadways in Florida. Thesystem road network
shapefile, maintained by the FDOT Transportation Statistics Office, provided gfatiaation

on active mairline roads maintained by FDOT. Similarly, the-effstem road network shapefile,

also maintained by the FDOT Transportation Statistics Office, provides spatial informatidoy on

or county owned roads that aret maintained 9 FDOT.

4.1.2Methodology

GIS techniquesvere used to identifghe top five bicycle crash hot spots in each distiitte
process involve the following steps:

Step 1:Create a network dataset from tNevStreetsstreets feature class usiiNpvStreets
Processing ToqlArcGIS Team Network Analyst, 2015).

46



A network dataset incorporates an advanced connectivity model that can represent complex
scenarios such as multimodal transportation networks. The [¥8¢8treetsshapefile @ not
include a network daset, and therefore, a network datag first created.

The ArcGIS has a set of tools to automatically create a network dataset fraddauBé&eets
shapefile. These tools are available in the Geoprocessing Model and Script Tool Gallery under
Vendor Steet Data Processing Tools for ArcGIS 10. Specifically, these tools process shapefile
data fromNavStreetsnto a file geodatabase network dataset. They import the street feature classes
into the file geodatabase and add the appropriate fields to theaeefetasses for modeling
overpasses/underpasses,-wag streets, travel times, hierarchy, and driving directions. They also
create feature classes and tables for modeling turn restrictions and signpost guidancé-IFigure
provides the screenshot of thmction to create network dataset.

ArcToolbox

’.\‘ Process NAVSTREETS™ Street Data

[E=E)

[®] ArcToolbox

= & 3D Analyst Tools

7 & Analysis Tools

) @ Cartography Tools

7 & Conversion Tools

& Data Interoperability Tools
+ &) Data Management Tools

+ @ Editing Tools

3 a Geocoding Tools

& e Geostatistical Analyst Tools
# & Linear Referencing Tools

= @ Multidimension Tools

7 & Network Analyst Tools

& @ Parcel Fabric Tools

7 @ Schematics Tools

7 @ Server Tools

@ @ Spatial Analyst Tools

# & Spatial Statistics Tools

= @ Street Data Processing Tools

) & Tracking Analyst Tools

Input Streets Feature Class
E:\Bike\Transportation2015q1\Streets.shp

Input AltStreets Feature Class
E:\Bike\Transportation2015q1\AltStreets.shp

Input Z-Levels Feature Class
E:\Bike\Transportation2015q1\Zlevels.shp

Input Condition/Driving Manoeuvres (CDMS) Table
E:\Bike\Transportation2015q1\Cdms.dbf

Input Restricted Driving Manoeuvres (RDMS) Table
E:\Bike\Transportation2015q1\Rdms.dbf

Input Signs Table
E:\Bike\Transportation2015q1\Signs.dbf

Output File Geodatabase
E:\Bike\test04.adb\test

Output File Geodatabase Version
10.1

= & HERE Feature Dataset Name
’(\ Process NAVSTREETS™ Street Data Routing
#, Process NAVSTREETS™ Time Zone Data Network Dataset Name
# & TomTom Routing_ND

[] Create Network Attributes in Metric (optional)

0o e e e e B

4

[7] Create Two Distance Attributes (optional)
¥ Time Zones
¥ Historical and Live Traffic

¥ Transport Condition Modifiers

[ OK l { Cancel ] lEnwronments... ] [ Show Help >>

Figure 4-1: Create Network Dataset
Step 2:Makeaservice areaetwork analysisayer and choose the following settings:

Use NavStreets network dataset

Impedance attribute: miles

Travel to and from

Default break viaie: 0.1 (miles)

Accumulators: miles

Hierarchy: uncheck (checking assumes higher capacity road is chosen)
Line generator: True Lines, Overlap Lines

Polygon generator: No polygons

Restrictions:

= =8 -8 _9_9_9_95_2°_2

47



A Allow U-turns
A Avoid carpool roads, express lanes, ferries, gates, limited access roads, private roads,
toll roads, and walking

Figure4-2 showsthe screenshot of tteervice area network analysis layer properties.

P S
Layer Properties @
Line Generation [ Accumulation l Attribute Parameters Network Locations
General | layes |  Souce |  Analysis Settings Polygon Generation

Settings Restrictions
Impedance: Miles (Miles) v [¥] Avoid Carpool Roads
[V] Avoid Express Lanes
Default Breaks: 0.1 [V] Avoid Ferries
[¥]Avoid Gates
[] use Time: [V] Avoid Limited Access Roads
o @Avoid Private Roads
i [¥] Avoid Toll Roads
@ Day of Week: Fodae [~ Avoid Unpaved Roads
; ["|Driving a Bus
Spedific Date: 5/12/2016 ["|Driving a Delivery vehicle
["|Driving a Taxi
Direction: ["]Driving a Truck

["|Driving an Automobile

@ Aw i
PG Eacly [ |Driving an Emergency Vehide

() Towards Fadility [oneway
' ["Riding a Motorcydle
U-Turns at Junctions: Allowed X [ |Roads Under Construction Prohibited
n | ibi
[P Use Hierarchy ["[Through Traffic Prohibited
[¥]walking

[¥] 1gnore Invalid Locations

About the service area analysis layer

[ ok ][ Cancel ][ oph

Figure 4-2: Service Area Network Analysis Layer Poperties: Analysis Settings

Step 3:Addthe20112014 onsystem and offystem crash shapefiles. Identify bicycle crashes by
selecting crashes with CNTOFCYCLS > 0. From 2@D14, there are a total of 24,765 bicycle
crashes, as summarized in Tadlg. Next, addthe crashlocationsfrom the 20112014 crash data
shapefilesand choose the following settinfgee Figure 8):

1 Unit: Miles

1 Tolerance0.1

1 Find closest among all classeshecked
1 Append to existing locations

1 Exclude restricted portions of timetwork
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p
Layer Properties ﬂ

General I Layers l Source l Analysis Settings l Polygon Generation l
Line Generation | Accumulation ] Network Locations
Network Location Field Mapping
Location Type: [Fadliﬁes 'J
Property Default Value Candidate Fields & Load...
Name Name;Address;Label;Location;F... { = ‘
SourcelD <None> SourcelD;SID;Source 3
SourceQID -1 SourceQID;SOID
PosAlong 0 PosaAlong;PA;Pos
SideOfEdge Left Side SideOfEdge;SOE =
Finding Network Locations
Search Tolerance: 0.1 [Miles v ]
Soap To: Name Shape  Middle End
@ Closest Streets 4 [ [
©) First Routing_ND_Junctions |_ [— l_ '5' |
Exdude restricted portions of the network
"
About network locations

[ ok ][ Concst || Aoy

Figure 4-3: Service Area Network Analysis Layer Properties: Network Locations

Step4: Add the crash locations as facilitieigure 44 givesthe spatial distribution of bicycle
crashes in Floride&Erom Figured-4, it can be inferred that a noaity of bicycle crashes occurred
along the coastlin@nd in major urban areas including Jacksonville, Miami, Orlando, Tallahassee,
and Tampa.

Table 4-1: 2011-2014 Bicycle Crash Statistics

Bicycle Crashes on Bicycle Crashes on Total Bicycle
On-System Roads Off-System Roads Crashes
2011 2,523 2,706 5,229
2012 3,090 3,051 6,141
2013 3,241 3,382 6,623
2014 3,181 3,591 6,772
Total (2011-2014) 12,035 12,730 24,765
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Legend /

o =
¢  Bicycle Crashes (2011-2014)

Streets

0 20 40 80 120 160
Miles

Figure 4-4: Spatial Distribution of Bicycle Crashes in Florida

Step5: RunSolve toolto generate service aredstotal of 424,676 lines are generate#ligure4-
5 gives the areenshot of the result after running Solve tool in ArcGIS.
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Figure 4-5: Result after Running Solve Tool in ArcGIS

Step6: Export lines generated by Solve tool tshapefile Figure4-6 shows the screenshot of the
line-based service area shapefile (known as Crash Lines shapefile) generated in this step.

7
/ /
7 //' /
/
( | \
‘ \
>—
i ‘ l
1} \ ‘
K / l ‘ l t - o x
= ARl Y] .
6.Export_Output X
FID | Shape* ObjectlD FacilitylD | FromCumul_| ToCumul_Mi |
» 0 | Polyline M 1 1 0 0.008436 ||
1 | Polyline M 2 1 0.008486 0.031914
2 | Polyline M 3 1 0.031914 0.09758
3 | Polyline M 4 1 0.008486 0.061109
4 | Polyline M 5 1 0 0.039048
S | Polyline M 6 1 0.039048 0.088682
‘ 6 | Polyline M 7 1 0.039048 0.083137
7 | Polyline M 8 1 0.039048 0.088682
8 | Polyline M 9 1 0.09758 0.1
9 | Polyline M 10 1 0.09758 0.1
10 | Polyline M " 1 0.031914 0.1
11 | Polyline M 12 1 0.09758 01
17 | Dohdina M 12 1 nNn21014 nalT
[Tl 1r E (0 out of 424676 Selected)
6-Bxport Output

Figure 4-6: Result after Exporting LinesGenerated by SolveTl ool to aShapefile

Step7: Project the Crash Lines shapefilgto the projected coordinate system: UTNNAD 83,
as shown in Figuré-7.
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Left: -127556.293078 m

Data Source

Data Type:

Shapefile:

Geometry Type:
Coordinates have Z values:
Coordinates have measures:

Top: 3446087.537926 m

Right: 596124.217190 m

Bottom: 2715000.357313m

Shapefile Feature Class
E:\Bike\ff\06_p.shp
Line

No

Yes

| >

l..m

Layer Properties u
Hatches Joins & Relates | Time | HTML Popup
General | Source | Selection | Display | Symbology | Fields | DefintionQuery | Labels | Routes
Extent

Projected Coordinate System: ~ NAD_1983_UTM_Zone_17N
Projection: Transverse_Mercator
False_Easting: 500000.00000000
False_Northing: 0.00000000 b
< »
Set Data Source...
Lok ][ Cancel ][ Aonly

Figure 4-7: Change the Projected Coordinate System
of the Crash Lines Shapefile to UTMNAD 83

Step8: Add f i el ,hs dhdwa in Bidurd-8.
ERAR Rl -R 3 | X
ZLAYT ST e e -
3+ 2 X
Uo_p
FID Shape * ObjectiD FacilitylD FromCumul_| ToCumul_Mi | length I -
» 0 | Polyline M 1 1 0 0.008486 0 |:]
1 | Polyline M 2 1 0.008485 0.031914 0
2 | Polyline M 3 1 0.031914 0.09758 0
3 | Polyline M < 1 0.008485 0.061109 0
4 | Polyline M ) 1 0 0.039043 0
5 | Polyline M 6 1 0.035048 0.088682 0
6 | Polyline M 7 1 0.035048 0.083137 0
7 | Polyline M 8 1 0.033048 0.088682 0
8 | Polyline M 9 1 0.09758 0.1 0
9 | Polyline M 10 1 0.09758 0.1 0
10 | Polyline M 1 1 0.031914 0.1 0
44 Nakdina M 40 4 n nn7co n4 n o
< | i | y
T 1 > » [BE|S | ©outof 424676 Selected)

Figure 4-8: Add Length Field to the Crash Lines Attribute Table

Step9: Calculate the geometry in the length fiedd shown in Figuré-9.
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Table E
R
06_p X
FID Shape * ObjectiD FacilitylD FromCumul_| ToCumul_Mi } length § »
0 | Polyiine M 1 1 0 0.008486 | 44.80711 | |
1 | Polyline M 2 1 0.008486 0.031914 | 123.7055
2 | Polyline M 3 1 0.031914 0.09758 | 346.7340
3 | Polyline M 4 1 0.008486 0.061109 | 277.8606
4 | Polyline M S 1 0 0.0359048 | 206.1806
S | Polyline M 6 1 0.039048 0.088682 | 262.0824
6 | Polyline M Tz 1 0.039048 0.083137 | 232.8032
7 | Polyline M 8 1 0.039048 0.088682 | 262.0824
8 | Polyline M 9 1 0.09758 0.1 | 12.70336
9 | Polyline M 10 1 0.09758 0.1 | 12.77699
10 | Polyline M 1 1 0.031914 0.1 | 359.5111
44 Nahdina 1 40 4 n nnvco nA4 40 TT7e0C 57
< | T | »
o4 0 r M & | (0 out of 424676 Selected)
06.p |

Figure 4-9: Calculate the Length ofEach Featurein the Crash Lines Shapefile

SteplO: U s &SeldttBy Attribute® f u n c t i almecords wherédngth@=t0, as shown in
Figure4-10. A total of 1,392 lines are selected.

O x
X
X
—
FID Shape * ObjectiD FacilitylD FromCumul_| ToCumul_Mi| length | »
»| 180 | Polyline M 161 9 0.077881 0.077881 0 |:
1123 | Polyline M 1124 72 0.075076 0.075076 0
1125 | Polyline M 1126 72 0.058859 0.058859 0
1630 | Polyline M 1631 110 0.08336 0.08336 0
1632 | Polyline M 1633 110 0.070276 0.070276 0
1635 | Polyline M 1636 110 0.050305 0.050305 0
1682 | Polyline M 1683 113 0.080081 0.080031 0
1794 | Polyline M 1795 117 0.016794 0.016794 0
1937 | Polyline M 1938 126 0.077998 0.077998 0
2065 | Polyline M 2066 134 0.075242 0.075242 0
3411 | Polyline M 3412 243 0.015686 0.015686 L
ANAC Nakdin~ 11 ANAC nT n nconen n nconen n
< | 1 »
4 1 » 0 % (1392 out of 424676 Selected)

Figure 4-10: Records with Zero Length in the Crash Lines Attribute Table

Stepll Delete all selected rowss shown in Figurd-11. The final table includes a total of
423,284 records.
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O x
X
X
FID Shape * ObjectlD FacilitylD FromCumul_| ToCumul_Mi length -
4 0 ] Polyline M 1 1 0 0.008486 | 44.807115 [:
1 | Polyline M 2 1 0.008486 0.031914 | 123.705599
2 | Polyline M 3 1 0.031914 0.09758 | 346.734029
3 | Polyline M < 1 0.008486 0.061109 | 277.860694
4 | Polyline M 5 1 0 0.038048 | 206.180614
5 | Polyline M 6 1 0.039048 0.088682 | 262.082487
6 | Polyline M 7 1 0.035048 0.083137 | 232.803224
7 | Polyline M 8 1 0.039048 0.088682 | 262.082471
8 | Polyline M 9 1 0.09758 0.1| 12703364
S | Polyline M 10 1 0.08758 0.1 12.77699
10 | Polyline M 11 1 0.031914 0.1| 359.51113
11 | Polyline M 12 1 0.08758 0.1| 12776954 i
172 | Dahslina M 12 1 NnN21014 n4 AC0 C£1N04C
TR 15 » E | (0 out of 423284 Selected)
|

Stepl2 Del et e

Step13: Usethe SelectBy Locatiord function to select all the featurdsom the NavStreets
shapefile which touch the boundary of tleashLines $apefile. A total of 554 records are
selected. Figurd-1 2 [

Figure 4-11: Final Crash Lines Attribute Table

t he

shows

with the selected records.

ALengt ho fi

t he

nSel

ect

el d

By

Locat

Table o x
- B By OEx 9 %
streets X

FID | Shape* | OBJECTID | LINK_ID ST_NAME FEAT_ID | ST_LANGCD | NUM_STNMES| ST_NM_PREF | ST TYP_BEF | _ ST_NM_BASE  ~
» [ 3407 | Polyiine 3408 [ 917261091 -~ (3]

2717 | Polyline 27180 | 106122216 | N PALAFOX ST Select By Location E i

5951 | Polyiine 59515 | 106122922 | N HIGHWAY 81 L

7271 | Polyline 72713 | 1076724885 | EMERALD COAST PKWY. fg:gf;“;:sfgm:;‘?n%':ﬁ:;glg;':xas"a*d““”‘"“’GW"'"

1990 | Polyine 199022 | 1076926626 | SW 75TH CT

190 | Polyine 199082 | 1071380807 | SW 75TH CT Selection method:

1990 | Polyine 199085 | 1071380810 | SW 75TH ST [select features from -]

1991 | Polyine 199158 | 1001298009

1991 | Polyline 199165 | 1001298004 Targetlayer(s):

1991 [ Polyine 199167 | 1001298007 | SW ARCHER RD 0 o7

1991 | Polyine 199168 | 106125688 | SW 69TH TER 0 06

1891 [ Polyline 199185 | 105821403 | SW ARCHER RD [ 6.Export_Output

1992 [ Polyine 199240 | 1001656124 | SW ARCHER RD M streets
[ | 1992 [ Polyine 199242 | 1001656126

2053 | Polyiine 205330 | 119043965 | NE SEMINARY ST

2065 | Polyiine 206510 [ 1071221627

2085 | Polyiine 208671 | 122028339 | SR-226

2085 | Polyiine 208672 | 1001083691 | SW 16TH CT

2089 | Polyiine 208909 | 122028338 | SR-226 |

2398 | Polyiine 239883 SW FAITH RD J!

=% :z:::i e e e [ Only show selectable layers in this list

3004 [ Polyine 300417 | 134883757 | S VERMONT AVE Source layer:

3029 | Polyiine 302960 | 113379925 | BISHOP ESTATES RD o

3029 [ Polyiine 302961 | 744078176 | RACE TRACK RD
] 3029 | Polyine 302963 | 42738242 Use selected features (0 features selected)

3332 :::::: 235; ﬁ:gf;g ::::::z:m Spatial selection method for target layer feature(s):

3088 | Polyline 308859 | 127623691 | BAYMEADOWS RD touch the boundary of the source layer feature

3088 | Polyiine 308860 | 836075850 | PHILIPS HWY Aoply. search distance

3089 | Polyine 308951 | 1050746993 | PHILIPS HWY

3303 | Polyline 330320 | 1021366299 0.003000 Decimal Degrees

3303 | Polyiine 330321 | 1021366297 —

‘@ Polyiine | 335789 | 1052138895 About select by location o ] [ Apply ] [ Close. b
< n »
o4 1 0m E (554 out of 1805375 Selected)

‘ 07 ‘ streets |

Figure 4-12: Features in the NavStreets Shapefile
That Touch the Boundary of the Crash Lines Shapefile
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Stepl4: From the features selected in Step 13, remove those thathesveentroid in th€€rash
Linesshapefile A total of 480 features are selected, as shown i€ 3.

Table o x
ERGR- AL L G T x
streets X
- _ - -
FID | Shape* | OBJECTID | LINK_ID ST_NAME FEAT_ID [ST_LAHGCD]HUM_STNMEﬂ ST_NM_PREF | ST_TYP_BEF |  ST_NM_BASE
» [3407 | Polyline 3408 | 917261091 - [
2717 | Polyline 27180 | 106122216 | N PALAFOX ST Select By Location E ﬂ 0X \‘
5951 | Polyline 59515 | 106122922 | N HIGHWAY 81 . AY 81 I
7271 | Polyine 72713 | 1076724885 | EMERALD COAST PKWY. f;f&%“;?&ﬂ:z?ﬂ%’:ﬁ:ﬁ:":rye’s"ase“" their location in LD COAST
1990 | Polyline 199022 | 1076926626 | SW 75TH CT =5
1990 [ Polyline 199082 | 1071380807 | SW 75TH CT Selection method:
1990 | Polyline 199085 | 1071380810 | SW 75TH ST [remove from the currently selected features in -
1991 | Polyine 199158 | 1001298009
1991 | Polyine 199166 | 1001298004 Target layer(s):
1991 [ Polyline 199167 | 1001298007 | SW ARCHER RD 0 o7
1991 | Polyline 199168 | 106125688 | SW 69TH TER O 06.p
| | 1991 [ Polyiine 199185 | 105821403 | SW ARCHER RD [ 6.Export_Output
1992 | Polyline 199240 | 1001656124 | SW ARCHER RD streets
1992 | Polyline 199242 | 1001656126
| | 2053 [ Polyiine 205330 | 119043965 | NE SEMINARY ST
2065 | Polyline 206510 | 1071221627
2086 | Polyline 208671 | 122028339 | SR-226 "
2089 | Polyline 208909 | 122028338 | SR-226
2398 | Polyline 239883 SW FAITH RD
2999 | Polyiine 299992 | 106136497 | RIVERS RD |
2999 | Polyline 299993 | 105901008 [ SHEDD RD | e
| 2004 [ Polyine 300417 | 134883757 | S VERMONT AVE [Clorly show selectable layers n ths st
3029 | Polyline 302960 | 113379925 | BISHOP ESTATES RD Source layer:
3029 | Polyline 302961 | 744078176 | RACE TRACK RD o
3029 | Polyline 302968 | 42738242
| 3088 [ Polyine 308347 | 930705693 | PHILIPS WY Use selected features (0 features selected)
S0e, :m: 3083: :?’m :T\L;;S HWszm Spatial selection method for target layer feature(s):
3088 | Polyline 308860 | 836075850 | PHILIPS HWY have their centroid in the source layer feature
3089 | Polyline 308951 | 1050746993 | PHILIPS HWY e e
3303 | Polyline 330320 | 1021366299 L
3303 | Polyline 330321 | 1021366287 0:003000 Decimal Degrees
3357 | Polyline 335789 | 1052138885
3357 | Polviine 335795 | 1052138896 About select by location [ oK ] [ poxi J [ = J ] =
<] 1 | 3
TR 1 v » | E[E] @80 out of 1805375 Selected)
07 | streets |

Figure 4-13: Features inthe NavStreets Shapefile
That Have Their Centroid in the Crash Lines Shapefile

Stepl5: Export the selectefiéatureso a newshapefile.As shown in Figuré-14, a total of 480
features are exported.

— —
B-BROA X
X
Shape * | OBJECTID LINK_ID ST_NAME FEAT_ID | ST_LANGCD| »
» [0 Polyline 3408 | 917261091 [] 3
1 | Polyline 27180 | 106122216 | N PALAFOX ST 717765718 | ENG
2 | Polyline 59515 | 106122922 | N HIGHWAY 81 736732864 | ENG
3 | Polyline 72713 | 1076724885 | EMERALD COAST PKWY 733043661 | ENG
4 | Polyline 189022 | 1076926626 | SW 75TH CT 1419478014 | ENG
S | Polyline 189082 | 1071380807 | SW 75TH CT 1419478014 | ENG
6 | Polyline 199085 | 1071380810 | SW 75TH ST 732935099 | ENG
7 | Polyline 199158 | 1001298009 0
8 | Polyline 189166 | 1001298004 0
9 | Polyline 189167 | 1001298007 | SW ARCHER RD 733043424 | ENG
10 | Polyline 189168 | 106125688 | SW 6STH TER 721043343 | ENG
11 | Polyline 199185 | 105821403 | SW ARCHER RD 733043424 | ENG
12 | Polyline 199240 | 1001656124 | SW ARCHER RD 733043424 | ENG
13 | Polyline 189242 | 1001656126 0
| _1_4‘_F’Jolvline 205330 | 119043965 | NE SEMINARY ST 7368020989 | ENG X
< [om »
M 4 1 E | (0 out of 480 Selected)

Figure 4-14: New Shapefilenith Features inthe NavStreets Shapefile
That Have Their Centroid in the Crash Lines Shapefile
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Stepl6: UsefiSelectby Attributes function to select and deletecordsfrom the new shapefile
created in Step 15 whiaghatch the followingcriteria:

T CONTRACC =Y (controlled acces®R
7 RAMP =YOR
1 AR_PEDEST = N (Access Restriction Pedestrian)

This step removes records such as freeways and ramps that are access .régrgtted/n in
Figure4-15, a total oB records are selected and removed.

Table 0o x
- 1%- R EE x
15 X
S

FID | Shape* | OBJECTID | LINK_ID ST_NAME Select by Attributes F_ = ghp_ssr ST_N »

363 | Polyiine 1454064 | 127631913 | NA ST A

364 Polyine 1454065, | 22583952 [4TH.AVEN Enter a WHERE clause to select records i the table window. ATH

365 | Polyiine 1454066 | 127631914 | NA ST A

366 | Polyline 1454067 | 22583371 | HIGHLAND AVE Method : {Createanewselection v] HIGHLAND

367 | Polyiine 1454068 | 22583419 | HIGHLAND AVE = - = HIGHLAND

368 | Polyline 1454069 | 811889943 | 95 _.AR—CARPOOHL 2 195

369 | Polyline 1454070 | 812471130 | F95 "AR—PEDEST" = 195

370 | Polyline 1454071 | 22583449 | INDUSTRIAL ST FAR. TRUCKS L5 INDUSTRIAL

371 | Polyline 1454072 | 22781595 | 4TH AVE N AR_TRAFF 4TH

372 | Polyline 1454073 | 16997815 | 195 "AR_DELIV" - 195

373 | Polyiine 1454074 | 22781597 | 6TH AVE N 6TH

374 | Polyiine 1454075 | 22781596 | INDUSTRIAL ST E - E INDUSTRIAL

375 | Polyline 1454076 | 832630417 | F95 195

376 | Polyline 1454077 | 127637798

377 | Polyline 1454078 | 16997814 | F95 195

378 | Polyline 1454079 | 22445505 |64 B4

379 | Polyline 1454080 | 832630414 | 195 Q. - - 195

380 | Polyiine 1454081 | 22610170 | TTHAVE N TTH

381 | Polyline 1454082 17024817 | 7TH AVE N Get Unique Values | Go To: TTH

382 | Polyiine 1454083 | 22602230 | BARNETT DR SELECT * FROM 15 WHERE: BARNETT

383 | Polyiine 1454084 | 22602219 | BARNETT DR S . et S - s BARNETT [

384 | Polyiine 1454085 | 22602220 | 8TH AVE N CON TRACLE = OR "RAME SR ORTARIPEDESIT=N 7 8TH =

385 | Polyiine 1454086 | 17024819 | TTH AVE N TTH

386 | Polyiine 1454087 | 17024818 | 7TH AVE N 7TH

387 | Polyiine 1454088 | 22583268 | 7TH AVE N 7TH

388 | Polyiine 1454089 | 122670733 | TTH AVE N 7TH

389 | Polyline 1454090 | 122670732 [ 7THAVEN [ Clear } { Verify ] [ Help ] [ londe ] [ T ] 7TH

390 | Polyiine 1454091 | 22583270 | BARNETT DR BARNETT  ~
< | " | [ A ] [ Close ] »
(L] 1 » 0 5 (8 out of 480 Selected)

—

|15 |

Figure 4-15: Select and Remove Segments with Restricted Access
Stepl7: Merge theshapefile exported from NavStreets with @eash Lines lsapefile exported

from the Service Area layer.A total of 423,756 records ermerged. Figurd-16 shows the
screenshot of the attribute table of the updated NavStreets shapefile.
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Table o x
BBk EE X
17_merge X
FID Shape * OBJECTID LINK_ID ST_NAME FEAT_ID | ST_LANGCD [ NUM_STNMES| ST_NM_PREF ST_TYP_BE-F ST_»
> 0 | Polyline M 3408 | 917261091 0 0 I:]
1 | Polyline M 27180 | 106122216 | N PALAFOX ST 717765718 | ENG 3|N PALAFOX
2 | Polyline M 59515 | 106122922 | N HIGHWAY 81 736732864 | ENG 3N HIGHWAY 81
3 | Polyline M 72713 | 1076724885 | EMERALD COAST PKWY 733043661 | ENG 4 EMERALD CC
4 | Polyline M 199022 | 1076926626 | SW 75TH CT 1419478014 | ENG 1|SwW 75TH
S | Polyline M 199082 | 1071380807 | SW 75TH CT 1419478014 | ENG 1|SW 75TH
6 | Polyline M 199085 | 1071380810 | SW 75TH ST 732935098 | ENG 2 |Sw 75TH
7 | Polyline M 199158 | 1001298009 0 0
8 | Polyline M 199166 | 1001298004 0 0
9 | Polyline M 199167 | 1001298007 | SW ARCHER RD 733043424 | ENG 2 |sw ARCHER
10 | Polyline M 199168 | 106125688 | SW 69TH TER 721043343 | ENG 1|SwW 69TH
11 | Polyline M 199185 | 105821403 | SW ARCHER RD 733043424 | ENG 2 |sSw ARCHER
12 | Polyline M 199240 | 1001656124 | SW ARCHER RD 733043424 | ENG 2 [sw ARCHER
13 | Polyline M 199242 | 1001656126 0 0
14 | Polyline M 205330 | 119043965 | NE SEMINARY ST 736802099 | ENG 2 | NE SEMINARY
15 | Polyline M 206510 | 1071221627 0 0
16 | Polyline M 208671 | 122028339 | SR-226 717738397 | ENG 2 SR-226
17 | Polyline M 208909 | 122028338 | SR-226 717736397 | ENG 2 SR-226
18 | Polyline M 239883 SW FAITH RD 1435415786 | ENG 1|SW FATH
19 | Polyline M 299992 | 106136497 | RIVERS RD 7 ENG 1 RIVERS
20 | Polyline M 299993 | 105901009 | SHEDD RD 729872394 | ENG 1 SHEDD
21 | Polyline M 300417 | 134883757 | S VERMONT AVE 732990634 | ENG 1(8 VERMONT
22 | Polyline M 302960 | 113379925 | BISHOP ESTATES RD 730212392 | ENG 1 BISHOP ESTZ
23 | Polyline M 302961 | 744078176 | RACE TRACK RD 720125898 | ENG 1 RACE TRACK
24 | Polyline M 302968 42738242 0 0
25 | Polyline M 308847 | 930705693 | PHILIPS HWY' 717802048 | ENG 4 PHILIPS
26 | Polyline M 308856 | 127623688 | PHILIPS HWY 717802048 | ENG 4 PHILIPS
27 | Polyline M 308859 | 127623691 | BAYMEADOWS RD 717793920 | ENG 2 BAYMEADO\ ~
< m ] »
o4 10 E (0 out of 423756 Selected)
] 17_merge ‘

Figure 4-16: Updated NavStreets Shapefile

Step 18 Project theupdated NavStreets shapefimto the GCS_WGS_ 84 geographic
coordinate systenas shown in Figurd-17. This stefhelps with running the buffer function.

& al
Layer Properties M

Hatches | Joins & Relates | Time | HTML Popup
General Source | Selection | Display | Symbology | Fields | Defintion Query | Labels | Routes

Extent
Top: 30.996539 dd

Left: -87.518245 dd Right: -80.033661dd
Bottom: 24.546816 dd

Data Source
Data Type: Shapefile Feature Class -
Shapefile: E:\Bike\ff\17_MERGE.shp F
Geometry Type: Line
Coordinates have Z values: No
Coordinates have measures: Yes =
Geographic Coordinate System: GCS_WGS_1984
Datum: D_WGS_1984
Prime Meridian: Greenwich
Angular Unit: Degree v
< » '

Set Data Source...

(T =T

Figure 4-17: Change the Geographic Coordinate System
of the Updated NavStreets Shapefile to GCS_WGS 1984
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Stepl9: Createa 106ft buffer around the features in ti@rashLines $apefile. Select the Dissolve
AALLO buf {seerfigurebl8)t i on

::;:.::
S T
R Table o x
=L - W
\j W S R A\
‘ S e, @ 2 =1 r
£ iy FID | Shape® | Id ’ ‘) )
> 0 | Polygon 0 C:::::\_i J ||} )
1 | Polygon 0 s :“-\ﬁ_
J] — [f Ty,
S J e { oy
2 ||| —r
B R o« 1 E R,
—e Tl
== | (0 outof 2 Selected) o
19 T
H =

Figure 4-18: 10ft Buffers Created Around the Features in the Crash Lines Shapefile

Step20: Run Multi-part toSingle-part tool on the buffer filéo create a Singlpart Crash Lines
Buffer shapefile A total of 10,831 buffer are generated (see Figui8).

Table ox i
= % R X )\ -
— ~

| /‘:7::1:*3,_ 20 % = ]I
Polygon

r.‘ o 200 1
J >
10 | Polygon

11 | Polygon
‘ 12 | Polygon

|

(0 out of 10831 Selected)
w |20 |

Figure 4-19: Singlepart Crash Lines Buffer Shapefile

FID | Shape* | Id | ORIG_FID | & [
Polygon i
Polygon
Polygon
Polygon
Polygon
Polygon
Polygon
Polygon
Polygon

w|~|o|n|slwin a]e

©

olo|o|o|o|o|o|o|o|o|e|e|e
olo|o|o|o|o|o|o|o|o|e|e|e
!
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Stel2: Add a field

n a meSthglgpdtFCEagh LiheBiifer shapefite ICaculate

this field as FID field+1as shown in Figurd-20. This step updates the records such that the

AREA_ID is a noRzero integer.

Table
ERAR R -1 i
%

2
(5]
a

Shape *
Polygon
Polygon
Polygon
Polygon
Polygon
Polygon
Polygon
Polygon
Polygon
Polygon
Polygon
Polygon
Polygon

ORIG_FID AREA_ID

N dn|s Wi -

DN ®D|n|alWN =

w

w

10
11
12
13

0> E (0 out of 10831 Selected)

=3
o

=1
e

Qoo
QIOIQOIO|QIO|O|Q|O|0|0|o|o

b
N

4 d

Step22: Usethe GpatialJoinb f unct i on

tthe Singleppart Crash Lines &feo i n

shapefile to the€CrashLinesshapefileto select features in the Crash Lines shapefilieh intersect
the Singlepart Crash Lines 8ffer shapefile.Keeponly the AREA_ID field. Run as @ o n e

many 6 s pAstcan adseen io Figude2l, a total of 423,284 lines are generated.
Table 0o x
ERAR R -1
22 X
FID Shape * Join_Count TARGET_FID JOIN_FID AREA_ID
> 0 | Polyline M 1 0 9857 9858 (A
1 | Polyline M 1 1 9857 9858
2 | Polyline M 1 2 9857 9858
3 | Polyline M 1 3 93857 9858
4 | Polyline M 1 B 9857 9858
S | Polyline M 1 5 9857 9858
6 | Polyline M 1 6 9857 93858
7 | Polyline M 1 7 9857 9858
8 | Polyline M 1 8 9857 9858
9 | Polyline M 1 9 9857 9858
10 | Polyline M 1 10 9857 9858
11 | Polyline M 1 1 9857 9858
12 | Polyline M 1 12 9857 9858 -
TR 1 » E (0 out of 423284 Selected)
|22 |

Figure 4-21: Singlepart Crash Lines Buffer Shapefile Attribute Table after Being Spatially
Joinedto the Crash Lines Shapefile
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Step 23: Add the followirg fields t o t he Crash Locati ol
AOTHRI NJCRSHO0, and APDO_CRSHO. These three fi:
crashes, other injury crashes, and property damage only (PDO) crashes, respEgivels-22

shows the scenshot of the crash location shapefile attribute table with the three new fields.

Table o x
SRR R
bcll 14 x
e e e
MAPVERSION | DTPUBLISHE | DTCARXTRCT | DTCOORDXTR LINESEGID FSI_CRSH | OTHRINJCRS | PDO_CRSH -
201404 SI1M7/2016 3112016 SM17/2016 105877492 0 0 0 i
201404 SI17/2016 3112016 SM7/2016 106010111 0 0 0
201404 SI1712016 3/1/2016 SI17/2016 7592889 0 0 0
201404 SM7/2016 3172016 SI1M7/2016 37896535 0 0 0
201404 SM7/2016 3172016 SM7/2016 23091931 0 0 0
201404 SI712016 3/1/2016 SI17/2016 781986028 0 0 0
201404 SI1M7/2016 3112016 SI1M7/2016 37899257 0 0 0
201404 S1712016 31172016 Si17/2016 41823450 0 0 0
201404 SI1M7/2016 3172016 S1M7/2016 840139797 0 0 0
201404 S1M7/2016 3172016 SM17/2016 851161049 0 0 0
201404 SI1712016 31172016 SI17/2016 22383602 0 0 0
201404 SI1M7/2016 3112016 SM17/2016 22384668 0 0 0
201404 SI1M7/2016 3112016 SM7/2016 812654712 0 0 0
201404 SI712016 3/1/2016 SI17/2016 762606820 0 0 0
201404 SI1M7/2016 3172016 S1M7/2016 960756081 0 0 0
201404 SM7/2016 3172016 SM17/2016 22573508 0 0 0
201404 SI1712016 3/1/2016 SI17/2016 22576630 0 0 0
201404 SI1M7/2016 3172016 S1M7/2016 22597874 0 0 0
201404 SI1712016 31172016 SI17/2016 22786151 0 0 0 -
e —— e P - = -
< " »
=
o« 0r om [_%JE (0 out of 24765 Selected)

Figure 4-22: Crash Location Shapefile Attribute Table with New FieldsFSI_CRSH,
OTHRINJCRSH, and PDO_CRSH

Step24: Use thefollowing queries within th@SelectBy Attributesd  f u n ¢heGrashhocation
shapefileto populateFSI_CRSH, OTHRINJCRSHndPDO_CRSHields:

T FSI _CRSH = ACNTOFFATLO >0 or ACNTOFSVI NJO
T OTHRI NJCRSH = ACNTOFINJO >0 and ! (ACNTOFFA
T PDO_CRSH = ACNTG@KEINNIOG FFATQ oard 0O

Figure4-23 shows a sample query in the field calculator to pop&#&te CRSH field.

Step25: UsethefiSpatialdloind f unct i on t orashlipeationsteapefilggotheSinglea t he C
part Crash Lines &fer shapefileto identify crabeswhich are within 40 ft of the buffer. Ruhe

jonas a O0one t o Adthe ¥ CRSHAQTHRINIJCRSHEd RDO_CRSH fields

keep the AREA_ID, DISTRICT and DOTCOUNTY fieldsee Figurel-24). This step generated

a total 0f24,450 records.
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Field Calculator

Parser

@) VB Script () Python

Fields: Type: Functions:
FID i i @ Number :Jt): (( ))
Shape (4 @ string Cos()
KEYFIELD1 ~ Exp @)
CALYEAR O [Px()
CRASHNUM {"t (( ))
CASENUMBER S?r,g( )
AGENCY Sar ()
DISTRICT Tan ()
DOTCOUNTY -

Tl B L&

Abs ( [CNTOFFATL] >0 OR [CNTOFSVINI] >0 )

About calculating fields

Clear ] [ Load... ] [ Save... ]

(oc J [Ccancel ]

Figure 4-23: Field Calculator to PopulateFSI_CRSH Field

p
*, Spatial Join

Target Features

-

J20
Join Features

Ei=)

[bet1 14
QOutput Feature Class

Bl

Join Operation (optionai)

E:\Bike\new_crash1\25.shp

&

JOIN_ONE_TO_MANY

Keep All Target Features (optional)

Field Map of Join Features (optional)

[#- AREA_ID (Long)
(- DISTRICT (Text)
(- DOTCOUNTY (Text)
FSI_CRSH (Short)
OTHRINJCRS (Short)
28 PDO_CRSH (Shaas

CINCINEINCD

Delete
Rename
Merge Rule > First
Properties... —
Mini
Maximum
Count
Match Option (optional) | Sum
WITHIN_A_DISTANCE ] > ]
Mean
Search Radius (optional)
Standard Deviation 40 |Feet X;
Distance Field Name (optional) Median = —
Mode ‘
Range h
| OKj[ Cancel H... ][ShowHelp>>]
Figure4-24: Use fiSpatial Joino to

to the Singlepart Crash Lines Buffer Shapefile
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Step26: Addtheid CN T O F C fReftl kb dheSinglepart Crash Lines @ffer shapefile. Calculate
the CNTOFCRSH fieldusing the following queryCNTOFCRSH= Join_Count. Delete¢he
Join_Count field after using the field calculatéigure4-25 shows the attribute table of the Single
part Crash Lines Buffer shapefile witle CNTOFCRSH ield.

ERAR AT X
25 2
TARGET_FID | JOIN_FID | AREA_ID | DISTRICT | DOTCOUNTY| FSLCRSH | OTHRINJCRS | PDO_CRSH [ CHTOFCRSH -
7005 90 i
22160 90
19025 90
1179 90
3212 90
15872 90
19948 90
19954 90
5535 90
17611 90
17691 90
373 90
375 90
377 90
378 90
2382 90

9044 90
< |

o4 0 r n E (0 out of 24450 Selected)

njenfenfenjonfoni ol b bW W W W wN-=o
o|lo|o|lo|lo|o|n|n|anlsls|e|sslwn]=
8|88 8 8 3 5 588888888
oojlo|lo|o|lo|lo|lo|lo|=I=lOl0|0l0|l0|OC
alalolo]alalalalalolo|ofalalafala
QIO|=|=0|00|0|0|00|=l0o|0|00|lo
slalskshslalslslbslhslalsbslbslsbasls

-

25: Step 26 Result Attribute Table of Single-part Crash Lines Buffer Shapefile
with CNTOFCRSH Field

Figure 4

Step27: Use Jdind f un ct iteerBingtepart Crash hines @fer and theCrashLines
shapefiles based on the AREA_ID figlske Figurel-26).

Table 52
EML ML EEE
5 X
FSI_CRSH | OTHRINJCRS | PDO_CRSH | CNTOFCRSH| FID Join_Count | TARGET_FID | JOIN_FID AREA_ID* | »
» 0 1 0 1] 11938 1 119382 0 1]
0 1 0 1| 37374 1 373742 1 2
0 1 0 1| 32447 1 324472 2 3
0 1 0 1] 17335 1 17335 3 <
0 1 0 1] 17335 1 17335 3 4
0 0 1 1] 17335 1 17335 3 4
1 0 0 1] 17335 1 17335 3 <
1 0 0 1] 17335 1 17335 3 4
0 1 0 1| 92265 1 92265 4 5
0 1 0 1| 92265 1 92265 4 5
0 1 0 1| 92265 1 92265 4 5
0 1 0 1] 5336 1 5336 5 6
0 1 0 1] 5336 1 5336 5 6
0 0 1 1| 5336 1 5336 3 6
0 0 1 1] 5336 1 5336 3 6
0 1 0 1] 5336 1 5336 5 6
0 1 0 1] 5336 1 5336 3 6|~
< [ 1 ] »
o« 1 n B (0 out of 24450 Selected)

Figure 4-26: Singlepart Crash Lines Buffer Shapefile Joined with Crash Lines Shapefile
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Step28: Exportthe result from Step 26 a newshapefile Joined Buffer and Crash Lines shapefile

Step29: Run the Dissolve tool othis Joined Buffer and Crash Lingsapefile. Dissolve based on
the AREA_ID field.Add the crash counts fieldnd retrievehe first value foeachFDOT District
and County(see Figurel-27).

0o x
i

X

Shape* | AREA_ID | FIRST_DIST | FIRST_DOTC | SUM_FSI_CR | SUM_OTHRIN | SUM_PDO_CR| SUM_CNTOFC -
Polygon M 4077 | 07 15 0 2 0 2
Polygon M 4078 | 07 15 1 0 0 1
Polygon M 4079 | 07 15 1 7 1 9
Polygon M 4080 | 07 15 1 0 0 1
Polygon M 4081 (07 15 1 2 0 3

Polygon M 4082 | 07 15 0 4 0 < =

Polygon M 4083 | 07 10 0 1 0 1 L4
Polygon M 4084 |07 15 0 2 0 2
Polygon M 4085 | 07 15 0 1 0 1
Polygon M 4085 | 07 15 0 1 0 1
Polygon M 4087 |07 15 1 1 0 2
Polygon M 4088 | 07 15 0 1 0 1
Polygon M 4089 | 07 15 0 2 0 2
Polygon M 4090 | 07 15 0 5 2 7
Polygon M 4091 | 07 15 0 2 0 2
Polygon M 4092 | 07 15 1 0 2 3

Polygon M 4093 | 07 15 0 1 0 1 bs

< | 1} | »
o4 1 > » [E]5 | ©outof10831 Selected)

O x
ERAR AL L1 X
— B X
e

Shape * | AREA_ID | FIRST_DIST | FIRST_DOTC | SUM_FSI_CR | SUM_OTHRIN | SUM_PDO_CR} SUM_CNTOFC] MetaArea | ~
Polygon M 4077 | 07 15 0 2 0 2
Polygon M 4078 | 07 15 1 0 0 1
Polygon M 4079 | 07 15 1 7 1 9
Polygon M 4080 | 07 15 1 0 0 1
Polygon M 4081 | 07 15 1 2 0 3
Polygon M 4082 | 07 15 0 4 0 4

Polygon M 4083 | 07 10 0 1 0 1 3
Polygon M 4084 | 07 15 0 2 0 2
Polygon M 4085 | 07 15 0 1 0 1
Polygon M 4086 | 07 15 0 1 0 1
Polygon M 4087 | 07 15 1 1 0 2
Polygon M 4088 | 07 15 0 1 0 1
Polygon M 4089 | 07 15 0 2 0 2
Polygon M 4090 | 07 15 0 5 2 7
Polygon M 4091 | 07 15 0 2 0 2
Polygon M 4092 | 07 15 1 0 2 3
Polygon M 4093 | 07 15 0 1 0 1

| | Polygon M 4094 | 07 15 1 3 0 4 -

T 0 > » [E|S ©0outof10831 Selected)
{28y

T:igure 4-28: Crash Buffer Shapefile Attribute Table with New MetaArea Field
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Step31: Sortthelocations by the FDODistrict field in ascendingprderandthe count of crashes
( A SWNMNT OF fefd )n descendingrder (sed-igure4-29).

Advanced Table Sorting E
Sort by
[FRsT_DIST v | @ Ascending
(") Descending
Then sort by
|sUM_cNTOFC v | (©) Ascending
@ Descending
Then sort by
[(none) v] @ Ascending
Descending
Then sort by
[(none) v] (@) Ascending
Descending
ok J[ cancel |

Figure 4-29: Advanced Tablesorting Window

Step32: For the first district, select the top crash locat@as shown in Figuré-30.

able o x
ML NL TR
Boas x
FID | Shape* [ AREA ID ] FIRST_DIST | FIRST_DOTC | SUM_FSI_CR | SUM_OTHRIN | SUM_PDO_CR| SUM_CNTOFC| MetaArea | «
3319 | Polygon M 3820 | 01 13 13 57 3 73 |
144 | Polygon M 145 | 01 03 9 57 5 71
3678 | Polygon M 3679 | 01 17 9 45 4 )
3610 | Polygon M 3611 | 01 17 2 27 3 2
3640 | Polygon M 3641 | 01 17 5 18 3 27
516 | Polygon M 517 | 01 12 2 18 1 21
3477 | Polygon M 3478 | 01 17 1 13 3 17
321 | Polygon M 322 |01 12 1 1 4 16
3632 | Polygon M 3633 | 01 17 1 14 1 16
3654 | Polygon M 3655 | 01 17 5 9 1 15
185 | Polygon M 186 | 01 03 3 1 0 14
3697 | Polygon M 3698 | 01 17 1 12 1 14
5434 | Polygon M 5435 | 01 16 0 14 0 14
3762 | Polygon M 3763 | 01 13 3 9 1 13
3865 | Polygon M 3866 | 01 13 0 s 8 13
2906 | Polygon I 2907 | 01 03 1 1 0 12
3647 | Polygon M 3648 | 01 17 2 9 1 12
|| 3650 [ Polygon M 3651 | 01 17 1 10 1 12 -
4 0 M E (1 out of 10831 Selected)

Figure 4-30: Select the Highest Crash Location in District One
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Step33: UsefiSelecty Locatiord f u n c t i featurethatareswethine2s0tfeet of the selected
featurefrom the shapefilegenerated in Step 29 (Dissolved Joined Crash Buffer shapefile) (see
Figure4-31).

{ N
Select By Location &J

Select features from one or more target layers based on their location in
relation to the features in the source layer.

Selection method:

[select features from v

Target layer(s):
[ bci1_14 -
0 22 ‘
[0 17_merge
O s
O o7
[ o6p
[0 6.Export_Output
[ streets
29
[0 27_Export_Output
O 2s -

["] only show selectable layers in this list

m

Source layer:
[© 29 =]

Use selected features (1 features selected)

Spatial selection method for target layer feature(s):
are within a distance of the source layer feature v

Apply a search distance
250] Feet v

About select by location [ oK ‘ [ Apply ] [ Close J

Figure 4-31. Sélectby—Location Window to Identify High Crash Locations

Step34: Repeat the selection until the number of locations selected does not inErgase4-32
shows a high crash location in District One.

Step35: Populatehe MetaArea field for the selected records usingisérict.Rank format (e.qg.,
1.1, 1.2, 1.3, etc.)ps shown in Figuré-33. For example, a MetaArea value of 1.1 means that this
location is the top location (rank 1) in District One.

Step36: RepeatSteps32-35 to identifytop 5 locationsAgain, repeathese steps fagach district.
Step37: Removeall the records with missinlyletaArea D, using the following queryNOT

Me t a Ar dlas step résidlted in a total of 181 recofeigure4-34 gives the screenshot of the
attribute table with the final liof top five bicycle high crash locations in each district.
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=

exliendes

i

—= ox
o RO xR x
_8 X l I P
CR— —
| | Fio | shape* | AREA_ID | FiRST piST | FIRST_DOTC | SUM_FSICR | SUM_OTHRIN | SUM_PDO_CR| SUM_CNTOFC| MetaArea
3819 | Polygon M 3820 | 01 13 13 57 3 73
|| 3846 | Polygon M 3847 |01 13 0 6 0 3
[ »] 3832 | Polygon M 3833 [01 13 1 4 0 5
|| 3601 | Polygon M 3802 | 01 13 0 3 0 3 B
[ | 3841 | Polygon M 3842 |01 13 0 3 0 3
| | 3787 | Polygon M 3788 | 01 13 ] [] 1 1 A
3845 | Polygon M 3846 | 01 13 0 1 0 1 —
o 3 0 » | B[S 7 outof 10831 Selected) J""IIJ"
(2| :'t-
% —+—+ l l l 1 L
T LA L A =t
—_— y —
- e > B
e

E |
Figure 4-32: High Crash Location in District One
““““ i N ox
G- - Ry O x| x
. _ X
FID | Shape* | AREA_ID | FIRST_DIST | FIRST_DOTC | SUM_FSI_CR | SUM_OTHRIN | SUM_PDO_CR| SUM_CNTOFC| MetaArea
3819 | Polygon M 3820 | 01 13 13 57 3 73|11
3846 | Polygon M 3847 | 01 13 0 6 0 6|11
3832 | Polygon M 3833 | 01 13 1 4 0 5[1.1
3801 | Polygon M 3802 | 01 13 0 3 0 3|11
3841 | Polygon M 3842 | 01 13 0 3 0 3|11
3787 | Polygon M 3788 | 01 13 0 0 1 1(11
» | 3845 | Polygon M 3846 | 01 13 0 1 0 1 [1.1] -
TR 7 > » | B[B)] 7 outof 10831 Selected)

Figure 4-33: Attribute Table with Populated MetaArea
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Table. o x
Bl B My O x
FID | Shape* | AREA_ID | FIRST_DIST | FIRST_DOTC | SUM_FSI_CR | SUM_OTHRIN | SUM_PDO_CR| SUM_CNTOFC [ MetaArea 7
72 | Polygon M 3783 | 01 13 0 0 1 1011 3
73 | Polygon M 3802 | 01 13 0 3 0 314
74 | Polygon M 3820 | 01 13 13 57 3 73111
75 | Polygon M 3833 | 01 13 1 4 0 & 144
76 | Polygon M 3842 | 01 13 0 3 0 3(11
77 | Polygon M 3846 | 01 13 0 5 | 0 1(1.1
78 | Polygon M 3847 | 01 13 0 (5] 0 6(1.1
S | Polygon M 132 | 01 03 0 1 0 1(1.2
6 | Polygon M 136 | 01 03 0 1 0 1(1.2
7 | Polygon M 145 | 01 03 9 57 5 71112
8 | Polygon M 154 | 01 03 0 7 1 8112
63 | Polygon M 3639 | 01 17 0 1 1 2.1 F3
65 | Polygon M 3651 | 01 17 1 10 1 12 (1.3 )
-3 Nahemmn M 28T n4 47 n 4 n 4 49
o4 0 M E (0 out of 181 Selected)

Figure 4-34: Attribute Table with the Final List of
Top Five High Crash Locationsin Each District

Step38: Run the Dissolve tool based on the MetaArea ID figlele Figure4-35). Add crash
counts/stats field, get the first value for FDOT District and Caufityotal of 36 records are
generated.

"\ Dissolve EL@_M
Input Features
o =)
Output Feature Class

E:\Bike\new_crash1\38.shp
Dissolve_Field(s] tional
[Fro

[7] AREA_ID

[] FIRST_DIST

[] FIRsT_DOTC

[F] sum_FsI_CrR

[] SUM_OTHRIN

[7] sumM_PDO_CR

[] sum_cNTOFC
MetaArea

[ selectal ][ unselectal | Add Field
Statistics Field(s) (optional)
-
Field Statistic Type E]
FIRST_DIST FIRST E]
FIRST_DOTC FIRST
SUM_FSI_CR SUM .
SUM_OTHRIN SUM
SUM_PDO_CR S
SUM_CNTOFC SuMm
< 1" ] »

Create multipart features (optional)

[T Unsplit lines (optional)

[ ok |[ cancel | [Environments...] [ Showhelp>> |

Figure 4-35: Dissolve Tool SettingWindow
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Step39 A d d
36.

el d farlleHod3e B ab@ BsBhe data type, as shown in Hgure

a fi
Add Field (s
Name: EPDO_SCORE]
Type: Double v]
Field Properties
| Precision 0 l
Scale 0
| ok || cancel |

Figure 4-36: Add Field Window to Add EPDO_SCORE Field

Step40: Calculae the Equivalent Property Damage OnlgRDO Weights. Table4-2 givesthe
standard crash costs for the five injury severity levels.

Table 4-2: Standard Crash Costs for Different Injury Severity Levels

Injury Level Crash Count Standard Crash Cost Total Crash Cost
PDO (PDO) 567,140 $7,600 $4,310,264,000
Possible (C) 231,458 $96,600 $22,358,842,800
Non-Incapacitating (B) 146,879 $155,480 $22,836,746,920
Incapacitating (A) 52,433 $574,080 $30,100,736,640
Fatal (K) 7,608 $10,120,000 $76,992,960,000

Source: 2013 Statewide Segment Averages from FDOT Crash Anabpisting (CAR) System.

The informationgivenin Table4-2 is used to obtain the weighting scores for PDO, other injury,
and FSI crashes. The following steps are used to calculate the EPDO scores:

i Calculate the Cost per Crash for each grouping ubedpllowing equations

PDO

Il njury

Cost of PDO_Crashes

# of

Notethatthis will equal the standard crash cost for RDO

Ot her

I njur

Tot al
Tot a
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ES CrasTOt"anlo Cost of (K+A) Crashes
Total # of (K+A) Crashles

1 Using theCost per Crashalculated in Equations 1 throughca|culate the ratio between
the Other Injury and FSI crashes to the PDO cradfade4-3 gives the final weighting
scores for different injury severity levels.

PDO WelPDO Crash Cost 4
PDO Crast? Cost (4)

Ot her I njury Crash Cost

Other 1nj D CYash Cost (%)

ES WFSI Cr_ash Cost &
e1|588 Crash Cost ( )

Table 4-3: Weighting Scores for Different Injury Severity Levels

Injury Weight ' Crash Count Crash Costi Total Cost Per Crash ~ Weight

PDO 567,140 $4,310,264,00( $7,600.00 1.0000
Other Injury 378,337 $45,195,589,72( $119,458.55 15.7182
Fatal and Serious Injury 60,041 $107,093,696,64 $1,783,676.09 234.6942

Step41: Calculate th&PDO_SCORE field using the following Python code in the field calculator:

EPDO_SCORE= (IFSI_CRSH*FSI Weight) + (OTHRINJCRSH*Other Injury Weight) +
(IPDO_CRSH!)

Figure4-37 shows the screenshot of the attribute table with the final EPDO scores foe thglf
crash locations in each district.

Table o x
SRR R 5
38 X
FID | Shape® | MetaArea | FIRST_FIRS | FIRST_FI1 | SUM_SUM_FS| SUM_SUM_OT| SUM_SUM_PD| SUM_SUM_CN EPDO_SCORE
0 | Polygon M | 1.1 01 13 14 74 P 92 4452.8656 | [
1 |Polygon M |1.2 01 03 9 66 6 81 3155.649
2 [Polygon W | 1.3 01 17 14 68 8 90 4362.5564 | |
3 |Polygon M | 1.4 01 17 2 27 3 32 896.7798
4 | Polygon M | 1.5 01 17 7 19 3 29 19445052 | —
5| Polygon M | 2.1 02 26 15 159 25 199 60446068
6 | Polygon M |22 02 71 1 45 8 55 965.7314
7 | Polygon M | 2.3 02 72 14 56 4 74 4169.938
8 | Polygon M |2.4 02 26 5 28 2 35 1615.5806
9 | Polygon M |25 02 72 2 18 0 20 752.316
10 | Polygon M | 3.1 03 55 0 29 3 32 458.8278
11 | Polygon M | 3.2 03 55 < 20 3 27 1256.1408
12 | Polygon M 3 3 03 ./7 < 8 1 13 1065.5224 -
........... > 7 . = e o
oA 0r n .E (0 out of 36 Selected)

Figure 4-37: Attribute Table with the Final EPDO_SCORE Values
for the Top Five High Crash Locations in Each District
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4.2 Analysis ofBicycle Hot Spots

Table4-4 givesthefinal list of bicycle high crashocations in each district. For each location, it
also includes the total number of crashes by severity and the final EPDO Apgpeadix A
provides thesatellite imagesf these locations.

Table 4-4: District -wide List of Bicycle Hot Spots
Final Rank Total Total

Meta _ Total FSI : Total EPDO
In_ Each District County Crashes Other Injury PDO Crashes  Score
District Crashes Crashes
1.1 1 13 14 74 4 92 4,452.87
1.2 3 03 9 66 6 81 3,155.65
1.3 2 1 17 14 68 8 90 4,362.56
1.4 4 17 2 27 3 32 896.78
1.5 5 17 7 19 3 29 1,944.51
2.1 1 26 15 159 25 199 6,044.61
2.2 3 71 1 46 8 55 965.73
2.3 2 2 72 14 56 4 74 4,169.94
2.4 4 26 5 28 2 35 1,615.58
2.5 5 72 2 18 0 20 752.32
3.1 1 55 0 29 3 32 458.83
3.2 2 55 4 20 3 27 1,256.14
3.3 3 3 57 4 8 1 13 1,065.52
3.4 3 48 2 10 1 13 627.57
3.5 3 48 1 11 1 13 408.59
4.1 1 86 22 167 43 232 7,831.21
4.2 5 93 8 51 6 65 2,685.18
4.3 3 4 93 12 62 11 85 3,801.86
4.4 4 93 10 56 5 71 3,232.16
4.5 2 86 12 78 14 104 4,056.35
5.1 4 75 3 32 2 37 1,209.07
5.2 2 75 14 61 12 87 4,256.53
5.3 5 5 75 3 26 3 32 1,115.76
54 1 79 8 72 11 91 3,020.26
55 3 75 12 30 7 49 3,294.88
6.1 1 87 27 232 68 327 | 1,0051.37
6.2 2 90 45 186 31 262 | 13515.82
6.3 3 6 87 15 122 42 179 5,480.03
6.4 5 87 5 55 8 68 2,045.97
6.5 4 87 14 79 22 115 4,549.46
7.1 1 10 15 69 11 95 4,615.97
7.2 2 10 11 55 5 71 3,451.14
7.3 3 7 15 10 50 10 70 3,142.85
7.4 5 15 7 41 4 52 2,291.31
7.5 4 15 12 37 7 56 3,404.90
Total 359 2,201 394 2,954 | 119,244.9

Note: The final rank in each district in based on total crashes.
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4.21 Data Preparation

The hcycle hot spotdisted in Table 44 experienced #otal of 2,954 bicycle crasheduring the
four year analysis periodPolice Crash Report Review SystéRCRRS) a webbased application,
was used to reviewolice crash reports of these 2,954 bicycle craghesllect information that is
not typically available in the crash summary recofde following information was collectddr
eachbicyclecrash:

i Bicycle Crash
A Yes
A No

1 At-Fault Road User
A Bicyclist
A Driver
A None

1 CrashLocation
A Signalizedntersections
A Unsignalizedocations (including unsignalized intersections and-biatk sections)
A Not on roadway

1 Presence of Bicycle Lanes

i Bicyclisﬁs Maneuver athe Time ofheCrash
A Bicyclistwas crossing the street
A Bicyclist wasriding along the roadway

" Bi c y<Tlip Dereiction at the Time aheCrash
A Bicyclist wasriding with traffic
A Bicyclist wasriding againstraffic

1 Presence of Sidewalk
1 Presencef OnStreet Parking

1 Position of Bicyclisat the Time ofhe Crash
A Sidewalk

Crosswalk

Travellane

Bicyclelane

Driveway

Pavedshoulder

Non-roadway

> > >

i Crash Cause
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Bicyclist ide-out atstop sign

Motorist driive-out atstop sign

Bicyclist nde-out atintersetion

Motorist dive-out at midblock section
Motorist turrs left facing bicyclist
Bicyclist ride-out at residential driveway
Bicyclist turrsleft in front of traffic
Motoristturnsright at intersection

Other

I I > I I D D

Note that all the above information was collected by reviewing descriptions and illustrative
sketches in the police reports and the aerial images of crash locdt@n#ollowing sections
discuss the bicycle crash patterns identified fremewing thepadlice crash repost

4.2.2Bicycle CrasitStatisticsat Hot Spots

Of the 2,954 bicycle crashes that occurred at the bicycle hot gpetsiified in Table 4, only

2,888 crashesvere foundto be bicyclerelated. In other words, 66 crashes (i.e., 2.2%) were
incorrectly identified in the crash summary records as bicycle crashes. The rest of the analysis is
based on the 2,888 bicycle crashes that occuttethg 20112014 at the bicycle hot st
identified inSection 4.1

4.2 .3At-Fault Road User

For eachbicycle crash, the afault road user (i.e., driver, ducyclist, or both) was identifiethy
reviewingthe descriptions in the police repoff@ble4-5 provides these statistidBrivers were

found to be afault in 45.7% (1,321 of 2,888 bicycle crashes)the crashes whileicyclistswere

at-fault in 30.2% (871 of 2,888 bicycle crashed)the crasheBoth bicyclists and drivers were
found to be afault in very few crashes (0.8%, 222888 bicycle crashes). Note thafailt road

users could not be determinfed about 22% of crashes (637 of 2,888 bicycle crashes) as the police
crash reports did not provide enough information. It can be inferred from the table that crashes
involving at-fault bicyclists resulted in a slightly greater percentage of fatal crashes compared to
those involving afault drivers.

Table 4-5: Statistics by At-Fault Road User

At-fault Road User Fatal Crashes Injury Crashes \ Total Crashes

Driver 4  (0.3%) 1,157 (87.6 %) 1,321  (100%)
Bicyclist 7 (0.8%) 742 (85.2 %) 871 (100%)
Bicyclist and Driver 0 (0.0 %) 21 (95.4 %) 22 (100%)
None 0 (0.0%) 32 (86.5%) 37 (100%)
Not Sure 6 (0.9%) 535 (84.0 %) 637 (100%)
Total 17 (0.6 %) 2,487 (86.1 %) 2,888  (100%)

! Total crashes include crashes with no injury and unknown injury.

When the driver was found to befatlt, the followingwere the most frequent contributing causes:
i failed to yield rightof-wayto bicyclists,

72



1 disregarded traffic signal or other trafiontrol, and
i careless driving.

When thebicyclistwas found to be dault, the most frequent contributing causese:

1 disregarded traffic signal or other traffic control, and
i failedto yield rightof-way to drivers.

4.2.4Crash Locations

Table4-6 givesbicycle crash statistics by crash location and crash sevégtyan be observed

from the table, kzycle crash locations were divided into two broader groups: signalized locations
(i.e., signalized intersections), and unsignalized locations (ngignalized intersections and mid

block sections). Bicycle crashes were found to be more frequent at signalized intersections,
constituting about 54%1,553 of 2,888)of all bicycle crashes that occurred at hot spots.
Unsignalized locations experienced eeajer proportion of fatal crash€8.8%, 10 of 1,302)
compared to signalized locatio(@&5%, 7 of 1,553).

Table 4-6: Statistics by CrashLocation

Crash Location \ Fatal Crashes \ Injury Crashes Total Crashes

Signalized Intersection 7  (0.5%) 1,309 (84.3%) 1,553 (100%)
Unsignalized Location 10 (0.8%) 1,148 (88.2%) 1,302 (100%)
Not Roadway 0 (0.0%) 9 (81.8%) 11 (100%)
Not Sure 0 (0.0%) 21 (95.5%) 22  (100%)
Total 17  (0.6%) 2,487 (86.1%) 2,888 (100%)

1 Total crashes include crashes with no injury and unknown injury.
4.2.5Presence of Bicycle Lanes

Table 4-7 provides bicyclecrash statistics bpresence of bicycle lanesd crash severityA
majority of bicycle crashes (77.1%, 2,227 of 2,888) occurred at locations with no bicycle lanes. It
can be inferred from the table that bicycle crashes at locations with no bicycle lanes (0.6%, 14 of
2,227) resulted in a greater proportion of fatalitespared to the bicycle crashes at locations
with bicycle lanes (0.3%, 2 of 614).

Table 4-7: Statistics byPresence oBicycle Lanes

Presence of Bicycle Lane\ Fatal Crashes \ Total Crashes

Injury Crashes

No 14  (0.6%) 1,911 (85.8%) 2,227  (100%)
Yes 2 (0.3%) 532 (86.6%) 614  (100%)
Not Sure 1 (2.1%) 44  (93.6%) 47  (100%)
Total 17 (0.6%) 2,487 (86.1%) 2,888  (100%)

! Total crashes include crashes with no injury and unknown injury.
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4.2.6Bi c y<Mamnesvera@t the Time tie Crash

Crossing a roadway was found to be a critical maneuver for bicyclists; 73% of bioi&; €3 of
2,888)were hit while crossing the stregésmd 13 out of 2,103 crashes resulted in fatalities. Riding
along the roadway also constituted about 25% of bicycle créshésf 2,888)Crossing the street

was found to result in a greater proportion of fatal crashes compared to riding along the/roadwa
Table4-8 summarizes these results.

Table 4-8: Statistics byBicyclistss Maneuver at the Time ofthe Crash
Bicyclist Maneuver at the

Ti Fatal Crashes Injury Crashes Total Crashes
ime of the Crash

Crossing the Street 13 (0.6%) 1,816 (86.4%) 2,103 (100%)
Riding alongthe Roadway 3 (0.4%) 615 (85.8%) 717 (100%)
Not Sure 1 (1.5%) 56 (82.4%) 68 (100%)
Total 17  (0.6%) 2,487 (86.1%) 2,888 (100%)

! Total crashes include crashes with no injury and unknown injury.
4.2.7Bi c y <Trip Dsrectdn

Bicycles are considered as vehicles and therefore the law requires bicyclists to ridéhalong
roadway wi t h stcrasa prdéportton wheniriding albtinesoadvay with traffic was

found to be three times higher compared to riding atbagoadway facing traffic. This could be
because of the fact that a majority of bicyclists follow the law and ride #h@rgadway in the

same direction as other vehicles on the road. However, as is evident from the statistics provided in
Table4-9, crashesrnivolving bicyclists riding alongheroadway facing traffic are severe compared

to those involving bicyclists riding with traffic.

Table 4-9: Statistics byB i ¢ y sTrip Biréction When Riding along the Roadway

B.' cy silnp Bsrecwon when Fatal Crashes Injury Crashes Total Crashes
Riding along the Roadway

With Traffic 2 (0.4%) 464 (85.9%) | 540  (100%)
FacingTraffic 1 (0.7%) 133 (85.8%) | 155  (100%)
Not Sure 0 (0.0%) 18  (81.9%) 22 (100%)
Total 3 (0.4%) 615 (85.8%) | 717  (100%)

1 Total crashes include crashes with no injury and unknown injury.
4.2.8Presence of Sidewalk

Table 4-10 provides the bicycle crash statistics by presence of sidewalk and crash severity.
Locations with sidewalks experiencedraallerpercentage of fatal crashes compared to locations
without sidewalks. In terms of bicycle crash frequency, a majority of bicycle crashes were found
to occur at locations with sidewalk. However, these statistics needittelgretedwith caution

as exposuw is not reflected in these statistics.
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Table 4-10: Statistics by Presence of Sidewalk
Fatal Crashes \

Presence of Sidewalk

Injury Crashes

Total Crashes

Yes 16  (0.6%) 2,411 (86.1%) 2,799  (100%)
No 1 (1.5%) 53 (81.5%) 65  (100%)
Not Sure 0 (0.0%) 23 (95.8%) 24 (100%)
Total 17 (0.6%) 2,487 (86.1%) 2,888 (100%)

! Total crashes include crashes with no injury and unknown injury.
4.2.9Presence of Oitreet Parking

As can be observed from Tablell, a majority of bicycle crashes occurred at locations with no
onstreet parking. As very few crashes occurred at locations wisitreat parking, no conclusion
could be made on the impact of-stmeet parking on bicycle crash severity.

Table 4-11: Statistics byPresence of OrStreet Parking
Presence of OrStreet
Parking

Total Crashes

Fatal Crashes Injury Crashes

No 17 (0.7%) 2,131 (86.1%) 2,474 (100%)
Yes 0 (0.0%) 294  (85.5%) 344  (100%)
Not Sure 0 (0.0%) 62 (88.6%) 70 (100%)
Total 17 (0.6%) 2,487 (86.1%) 2,888 (100%)

! Total crashes include crashes with no injury and unknown injury.

4.2.10Position of Bicyclists at the Time thie Crash

Table4-12 presents the statistics based on the position of bicyclists at the tiheeadsh. AlImost

56% (1,607 of 2,888pf bicycle crashes occurred at crosswalks. Travel lane and driveways are the
next two locations where bicycle crashes occufrequently More fatal crashes occurred at
driveways compared to other locations. Although crosswalks expedienogajority of bicycle
crashes, they resulted irsmallerproportion of fatal crashes.

Table 4-12: Statistics byBicyclistés Position at the Time ofthe Crash

Fatal Crashes \ Injury Crashes \ Total Crashes

B i c y sHositisntDairing Crash

Crosswalk 5 (0.3%) 1,382 (86.0%) 1,607 (100%)
Travel Lane 4  (0.6%) 539 (85.0%) 634 (100%)
Driveway 6 (1.9%) 285 (88.2%) 323  (100%)
BicycleLane 1 (0.7%) 135 (88.8%) 152  (100%)
Sidewalk 1 (0.8%) 110 (86.6%) 127 (100%)
Paved Shoulder 0 (0.0%) 3  (100.0%) 3  (100%)
Non-Roadway 0 (0.0%) 1 (100.0%) 1 (100%)
Other 0 (0.0%) 19 (76.0%) 25 (100%)
Unknown 0 (0.0%) 13 (81.3%) 16  (100%)
Total 17  (0.6%) 2,487 (86.1%) 2,888 (100%)

I Total crashes include crashes with no injury and unknown injury.
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4.2.11CrashType

Table 4-13 provides the statistics by bicycle crasfpe and crash severity. Bicycle crashes
involving motorists turning right (17%, 477 of 2,888¢mefound to be the most frequent bicycle
crashtype Bicycle crashes occurring at an intersection, signalizegnsignalized, where the
bicyclist failed to yield (i.e., ride out at intersection) was found to be the second most frequent
bicycle crash scenarid-urthermore, these crashes were found to be relatively more seithre,
1.09% of then resulted in fatalitis.

Table 4-13. Statistics by BicycleCrash Type

Crash Type Fatal Crashes \ Injury Crashes Total Crashes

Motorist Right Turn 2 (0.4%) 426  (89.3%) 477 (100%)
Ride out at Intersection 4 (1.1%) 315 (85.6%) 368 (100%)
Drive out at Stop Sign 0 (0.0%) 244  (89.4%) 273 (100%)
Motorist Left Turn- Facing Bicyclist 0 (0.0%) 123  (90.4%) 136 (100%)
Ride out at Stop Sign 0 (0.0%) 90 (88.2%) 102 (100%)
Drive out at Midblock 0 (0.0%) 61 (87.1%) 70 (100%)
Bicyclist Left Turn in frontof Traffic 0 (0.0%) 25 (89.3%) 28 (100%)
Ride out at Residential Driveway 0 (0.0%) 6 (85.7%) 7 (100%)
Other 11 (0.8%) 1,150 (80.6%) 1,427 (100%)
Total 17 (0.6%) | 2,487 (86.1%) 2,888 (100%)

! Total crashes include crashes with no injury and unknown injury.

4.3 Collision-Condition Diagrams

The bicycle hot spots identified in Tablel€xperienced a total of 2,954 bicycle crashes. Locations

of these crashes were reviewed closely to identify crash clusters. Top four clusters that experienced
at least five bicycle crashes in each district from 20214 were identified. A total of 28 clas
clusters were identified and analyzed. TablBists thebicycle crash clusters by district ranked
based on total bicycle crash frequency during 22014.
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Table 4-14: Bicycle Crash Clusters

Crash Severity

No. Location ist. Fatall .  No Total
S — Severe
Cortez Rd W near 26th St W in Bradenton 1304000C 4 4 0 8
2 | Estey Ave near Airport Pulling Rd S in Naples 03000000 D1 1 5 0 6
3 | 17th St near N Washington Blvd in Sarasota 17120000 D1 2 4 1 7
4 | Bee Ridge Rd ned&® Beneva Rd in Sarasota 17008000 D1 0 6 0 6
5 | NW 13th St neaNW 10th Ave in Gainesville 26010000 D2 0 7 0 7
6 | SW 34th St near SW Archer Rd in Gainesville 26250000 D2 1 5 0 6
7 | NW 13th St near Wniversity Ave in Gainesville 26070000 D2 1 3 1 5
8 | W University Ave near SW 2nd Ave in Gainesville [26070168 D2 0 6 0 6
9 | N 9th Ave near Springhill Dr in Brent 480030040 D3 1 5 1 7
10 g:;g;rack Rd NW nedichpien Rd in Fort Walton 57003004 D3 > 3 > 7
11| W Call St near Conradi St in Tallahassee 55000004 D3 0 5 1 6
12 | N Macomb St near W Tennessee St in Tallahassee 55000000 D3 0 5 0 5
13 Eg;ecsg HillBlvd near S Military Trail in West Palm 9307000d D4 0 9 0 9
14| S Ocean Blvd near E Atlantic Ave in Delray Beach |9306000(¢ D4 2 5 1 8
15| S Military Trail near Cresthaven Blvd in Lake Worth|93070000 D4 1 5 1 7
16| SMilitary Trail near Clemens St in Lake Worth 9307000C¢ D4 1 4 0 5
17| N Alafaya Trail near Lokanotosa Trail in Orlando |75037000 D5 2 2 2 6
18| N Alafaya Trail near Challenger Pkwy in Orlando |75037000 D5 2 2 2 6
19| W MichiganSt near S Orange Ave in Orlando 75040000 D5 0 7 0 7
20 ga’\\l/(t)gr?aR;egiﬁrW International Speedway Blvd in 2906000d D5 1 5 0 6
21| Duval St near Angela St in Key West 9000000¢ D6 1 4 1 6
22| Washington Ave near 9tft in Miami Beach 87000000 D6 0 5 1 6
23| N Roosevelt Blvd near 5th St in Key West 9001000¢ D6 1 4 0 5
24| 5th St near Washington Ave in Miami Beach 87060000 D6 1 3 2 6
25| 34th St N nea62nd Ave N in St. Petersburg 15150000 D7 0 10 0 10
26| 34th St N near 70th Ave N in Pinellas Park 15150000 D7 0 4 3 7
27| E Floribraska Ave near N Nebraska Ave in Tampa |10040000 D7 2 2 2 6
28| E Busch Blvdnear N Nebraska Ave in Tampa 10040000 D7 2 4 0 6

Figures 438 through 465 plot the collisioncondition diagrams of the 28 bicycle crash clusters in
Florida. In these diagrams, the locations of all bicycle crashes were plotted on the satellite images.
The figures also provide additional information on the injury severity obityelist using the
following color codes:

1 redi bicyclist fatality/severe injury

91 yellowT injury to bicyclist
1 greeni no injury to bicyclist
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https://www.google.com/maps/@24.5612328,-81.7785872,159m/data=!3m1!1e3
https://www.google.com/maps/@25.7745192,-80.1335309,143m/data=!3m1!1e3
https://www.google.com/maps/@27.8285184,-82.6802653,359m/data=!3m1!1e3
https://www.google.com/maps/@27.8354312,-82.6817809,301m/data=!3m1!1e3
https://www.google.com/maps/@27.9705583,-82.4517906,193m/data=!3m1!1e3
https://www.google.com/maps/@28.03261,-82.450559,199m/data=!3m1!1e3
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Figure 4-38: Cortez Rd W near 26th St W in Bradenton

(Roadway 1D 13040000)Map)
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Figure 4-39: Estey Ave near Airport Pulling Rd S in Naples
(Roadway ID: 03000000 Map)
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https://www.google.com/maps/@27.4623144,-82.5866348,176m/data=!3m1!1e3
https://www.google.com/maps/place/26%C2%B008'33.1%22N+81%C2%B045'59.5%22W/@26.1421871,-81.7667588,108m/data=!3m1!1e3!4m5!3m4!1s0x0:0x0!8m2!3d26.14252!4d-81.766527
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Figure 4-40: 17th St near N Washlngton Blvd in Sarasota

(Roadway ID: 17120000 \Map)
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Figure 4-41: Bee Ridge Rd near S Beneva Rd in Sarasota
(Roadway ID: 17008000 Map)
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https://www.google.com/maps/@27.3520978,-82.5303801,180m/data=!3m1!1e3
https://www.google.com/maps/@27.2988112,-82.4976873,127m/data=!3m1!1e3
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Figure 4-42: NW 13th St near NW 10th Ave inGainesville

(Roadway ID: 26010000Map)
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Figure 4-43: SW 34h St near SW Archer Rd in Gainesvillek?dédway ID: 262
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https://www.google.com/maps/@29.6608748,-82.3391396,176m/data=!3m1!1e3
https://www.google.com/maps/@29.6266022,-82.3729792,295m/data=!3m1!1e3
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Figure 4-45. W University Ave near SW 2nd Ave in Gainesville(Roadway ID: 26070168)
(Map)
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https://www.google.com/maps/@29.6516891,-82.338969,178m/data=!3m1!1e3
https://www.google.com/maps/@29.6518864,-82.3526823,200m/data=!3m1!1e3

Fatal/Severe
= Injury
No Injury

)

Redbox @ (
, a4

£ Injury
: No Injury

’

e ——

Book‘and@amcn-y;m;_.‘ Tha| Peppers.
JEmporium e o B 4,.)

Webb'silransSmission

.. 4 . -
Figure 4-47. Racetrack Rd NW near Richpien Rd in Fort Walton Beach
(Roadway ID: 57003000 )¥Map)
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https://www.google.com/maps/@30.4714036,-87.2132978,235m/data=!3m1!1e3
https://www.google.com/maps/@30.4493529,-86.6277844,231m/data=!3m1!1e3
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https://www.google.com/maps/@30.4473728,-84.3081723,77m/data=!3m1!1e3
https://www.google.com/maps/@30.4446446,-84.2876274,503m/data=!3m1!1e3
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Figure 4-50: Forest Hill Blvd near S Military Trail in West Palm Beach
(Roadway ID: 93070000) Map)
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Figure 4-51: S Ocean Blvd near E Atlantic Ave in Delray BeactiRoadway ID: 93060000)
(Map)
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https://www.google.com/maps/@26.6515317,-80.1125222,215m/data=!3m1!1e3
https://www.google.com/maps/@26.4623058,-80.0583002,465a,20y,270h/data=!3m1!1e3
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Figure 4 52 S Mllltary Trall near Cresthaven Blvd in Lake Worth (Roadway ID:
93070000)¢ap)
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Figure 4-53 S Military Trail near Clemens Stin Lake Worth (Roadway ID 93070000)
(Map)
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https://www.google.com/maps/@26.6373402,-80.1128191,261m/data=!3m1!1e3
https://www.google.com/maps/@26.625035,-80.1133839,219m/data=!3m1!1e3
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Figure 4-54: N Alafaya Trail near Lokanotosa Trail in Orlando

(Roadway ID: 75037000) Map)

Figure 4-55: N Alafaya Trail near Challenger Pkwy in Orlando
(Roadway ID: 75037000) Map)
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https://www.google.com/maps/@28.5829642,-81.2082602,298m/data=!3m1!1e3
https://www.google.com/maps/@28.5734591,-81.2073432,299m/data=!3m1!1e3































































































































































































































































































































