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UNITS CONVERSION

APPROXIMATE CONVERSIONS TO SIUNITS

SYMBOL WHEN YOU KNOW MULTIPLY BY TO FIND SYMBOL
LENGTH
in inches 254 millimeters mm
ft feet 0.305 meters m
yd yards 0.914 meters m
mi miles 1.61 kilometers km
SYMBOL WHEN YOU KNOW MULTIPLY BY TO FIND SYMBOL
AREA
in’ squareinches 645.2 square millimeters |mm?
ft* squarefeet 0.093 square meters m?
yd? square yard 0.836 square meters m®
ac acres 0.405 hectares ha
mi* square miles 2.59 square kilometers |km?
WHEN YOU KNOW MULTIPLY BY TO FIND SYMBOL
SYMBOL
VOLUME
fl oz fluid ounces 29.57 milliliters mL
gal gallons 3.785 liters L
ft® cubic feet 0.028 cubic meters m®
yd® cubic yards 0.765 cubic meters m®




NOTE: volumes greater than 1000 L shall be shown in m®

SYMBOL WHEN YOU KNOW MULTIPLY BY TO FIND SYMBOL
MASS
0z ounces 28.35 grams g
Ib pounds 0.454 kilograms kg
T short tons (2000 Ib) 0.907 megagrams (or (Mg (or "t")
"metric ton")
SYMBOL WHEN YOU KNOW MULTIPLY BY TO FIND SYMBOL
TEMPERATURE (exact degrees)
°F Fahrenheit 5 (F-32)/9 |Celsius °Cc
or (F-32)/1.8
SYMBOL WHEN YOU KNOW MULTIPLY BY TO FIND SYMBOL
ILLUMINATION
fc foot-candles 10.76 lux Ix
fl foot-Lamberts 3.426 candela/m® cd/m?
SYMBOL WHEN YOU KNOW MULTIPLY BY TO FIND SYMBOL
FORCE and PRESSURE or STRESS
Ibf poundforce 4.45 newtons N
Ibf/in® poundforce per square |6.89 kilopascals kPa
inch
SYMBOL WHEN YOU KNOW MULTIPLY BY TO FIND SYMBOL
LENGTH
mm millimeters 0.039 inches in




m meters 3.28 feet ft
m meters 1.09 yards yd
km kilometers 0.621 miles mi
SYMBOL WHEN YOU KNOW MULTIPLY BY TO FIND SYMBOL
AREA
mm? square millimeters 0.0016 square inches in’
m* square meters 10.764 square feet ft*
m? square meters 1.195 square yards yd®
ha hectares 2.47 acres ac
km? square kilometers 0.386 square miles mi’
SYMBOL WHEN YOU KNOW MULTIPLY BY TO FIND SYMBOL
VOLUME
mL milliliters 0.034 fluid ounces fl oz
L liters 0.264 gallons gal
m® cubic meters 35.314 cubic feet ft®
m® cubic meters 1.307 cubic yards yd®
SYMBOL WHEN YOU KNOW MULTIPLY BY TO FIND SYMBOL
MASS
g grams 0.035 ounces oz
kg kilograms 2.202 pounds Ib
Mg (or "t") |megagrams (or "metric|1.103 short tons (2000 |T

ton")

Ib)




SYMBOL WHEN YOU KNOW MULTIPLY BY TO FIND SYMBOL
TEMPERATURE (exact degrees)

°c Celsius 1.8C+32 Fahrenheit °F

SYMBOL WHEN YOU KNOW MULTIPLY BY TO FIND SYMBOL
ILLUMINATION
Ix lux 0.0929 foot-candles fc
cd/m®  |candela/m* 0.2919 foot-Lamberts fl
SYMBOL WHEN YOU KNOW MULTIPLY BY TO FIND SYMBOL
FORCE and PRESSURE or STRESS
N newtons 0.225 poundforce Ibf
kPa kilopascals 0.145 poundforce per |Ibf/in
square inch
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EXECUTIVE SUMMARY

Many studies havanalyzel at the microscopic level thsites with high traffic safety risk
(e.g., segments, intersections, etmluding the HSM Part B (AASHTO, 2010)Recently,
several studies have begun to focus on zbaakd network screening at the macroscopic level.
Compared to microscopic safety studies, macrosdopiesed research is more efficient at
integrating zonalevel features into crash prediction madahd identifying hot zones. However,
macroscopic screening has accuracy limitations because it cannot identify and separate hot spots
from other sites within a single zone. Thus, this study developed a new integrated screening
approach to overcome the afeementioned shortcomings of current screening techniques and to
achieve a balancestween efforts towardccuracy and efficiency.

For conducting macro level safety analyses, the research team faced several challenges.
First, using current Traffic AnalysiZones (TAZs) as basic geographic units caused a high
percentage of boundary crashes because TAZs were delineated for transportation planning but
not for traffic crash analysis. In order to solve this problem, the research team used
regionalization to deelop a new study unit: Traffic Safety Analysis Zones (TSAZs) systems. In
other words, this regionalization can alleviate limitations of the TAZ system by aggregating
TAZs into a sufficiently large and homogenous zonal system. The research team used the
Brown-Forsythe test to select the optimal scale since it minimizes boundary crashes and zones
without rare types of crashée.g. fatal) Approximately 10% of boundary crashieave been
integrated in new zones afteggionalization but more than 60% of crashstill occur on the
boundary of TSAZs. Hence, a nested structure was proposed to estimate safety performance
models separately for boundary and interior crashes. This nested structure allows different

contributing factors for different crash types, s timodelstructurecan provide more accurate
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and predictable results than a single model. The six types of crashes in each model are varied
based on their locations (boundary or interior) and roadways (FACR, other state roads or non
state roads). They afSB (FACR State road Boundary crashes), FSI (FACR State road Interior
crashes), OSB (Other State road Boundary crashes), OSI (Other State road Interior crashes),
NSB (Nonstate road Boundary crashes) and NSI @§tate road Interior crashes). In additian,
Bayesian Poisson Lognormal Spatial Error Model (BPLSEM) was adopted for the SPF analysis
in this nested structure. The BPLSEM contains a disturbance term for handling the over
dispersion problem, and its spatial error term can control for the spababaedation of crash

data. In addition, the PSI (Potential for Safety Improvements), the difference between the
expected crash count and the predicted crash count, was used as our measurement to-define hot
zones.The PSI is the approach used in the HSMnficcroscopic network screening.

As for the micro level analysis, the research team developed SPFs based on the major
function classes of roads in our study area (Osceola, Seminole and Orange counties). For these
segments, there are rural 2 lanes undividadal 2 or 4 lanes divided, urban 2 lanes divided,
urban 4 lanes divided, urban 2 or 4 lanes undivided, six or more lanes inteffiugpteoiartial
access controljoads, one way roads, and 3 lane with Two Way Left Turn Lane (TWLTL). For
the intersectin, there are 4 Leg Intersections and 3 Leg Intersections. Overall, these road classes
are consistent with the HSM road classification. Moreover, this study includes rsame
roadway types that amot presented in the HSM, such as six or more lanes ipteduoads.
Because there is no existing SPF or reference group data available, a Full Bayesian model was
used to estimate the PSI value for different roadway types in the study area. A Poisson log
normal model with random eftt was employedror the segent, the independent variables

were Average Annual Daily Traffic (AADT) and segment length. For the intersection, the model
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fitting procedure was similar as with the segments. The research team still used the Full Bayesian
Poisson Lognormal models to predicrash frequency but tried four different variable
combinations to identify the best model.

After identifying hot spot areas at both the ma@aond microscopic levels, the research
team integrated these macroscopic and microscopic screening resulescdrotiis integration
task was challenging because we needed to (1) combine various SPFs from different scales, areas,
and roadway types; (2) determine an appropriate weight for each group; and (3) choose a
measurement for our final results.

In order tosolve the above mentioned problems, this study then developed a new
criterion to identify whether a zone has safety issues at the n@aatfor microscopic levels. All
TSAZs were classified into twelve categories that include two scale groups (macro@ranat
four safety levels (hot, normal, cold, or no data). These categories are: HH, HN, HC, HO, NH,
NN, NC, NO, CH, CN, CC, and CO. The first character of the classification represents the
macroscopic safety risk, and the second character illustrat@sithoscopic safety risk.

Then, the research team defined weights for different scales and roadway types. At the
macroscopic level, TSAZs were ranked by their zonal PSIs; at the microscopic level, the
calculation of average PSI was more complicated becaash TSAZ had several intersections
and segments. The PSIs of the intersections in each TSAZ were averaged by the number of
intersections, and the zones were ranked by their averaged intersection PSI. Simultaneously, the
PSls of segments in each zone avaveraged by the total length of the segments in the zone, and
zones were ranked by their averaged segment PSI. After that, both the intersection and segment

PSI ranks were averaged; the TSAZs were ranked by the final averaged intersection and segment

Xi



PSk. As was the case at the macroscopic level, TSAZs with top 10%-lev&loPSIs were
categorized as fAHoto zones at the microscopic

Finally, the percentile ranks of the PSIs were used in the integration (instead of the
original PSIs) because the itnof PSI intersections and PSI segments were different. The
research team analyzed hot TSAZs for both total crashes andddtalury crashes in order to
be consistent with the HSM. Moreover, by doing so the results also allowed an examination of
wheter there are any differences with regards to hot zone locations among various crash
severity levels. The total crash hot zone screening results display the overall crash distributions
within the study area, whereas the faattinjury crash hot zone sa@ging results represent the
more severe crash distributions.

In summary, this study presents an integrated screening method that can be used to
overcome the shortcomings of macind micrelevel approaches. In particular, our results
provide a comprehena perspective on appropriate safety treatments by balancing the accuracy
and efficiency of screening. Also, it is recommended that different strategies for each hot zone
classification be developed because each category has distinctive traffic safetyt esich of

the different levels.
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1. INTRODUCTION

Previousstudieshave been conducted to identify high ristaffic zones an examination of
these investigations has shown that they could have benefitted fnomeralevel screening of
the study area. All Highway Safety Manual (HSM) volunfexluding Part B are location
based, which isa more microscopitevel of screeningin Part B of the HSM, network screening
is key; howeversuch screeningg based on locations/sites. Transportation Safety Planning (TSP)

is macroscopic and deals wilbosely defined dreas. These arem might include a few

intersections, segments, etc. We focus on two levels of analysis: microscopic and macroscopic.

They are both relevano this type of investigation, eveéhoughthe HSM does not address this
point. The results of TSP couddfecttransportatiorsafety atthe network leveland could also

be uséul in policy decision making. For example, in the HSM Part B, locations are ranked
according teexpected crash frequency or rate, and then diaghosuntermeasusareseleced

etc. Usingsafety planningwe can f i r st rank the TAZO6s or
(potentially using the same approachssexpresseth the HSM). Then within these areawe
canscreen the network. This would be a tlgwel approach using both TSP aheé HSM. The
benefit is that wenvould be able tamprove whole areagacing multiple problems which is
especially pertinent becauggoritization is part of the HSM Part$isted objectives. This two

level approachwill improve screening bgimultaneouly examiningthe problemat both the
macroscopic and individual site levelsidtable toprovide areawide treatment in some zones,
anda combination of integrated treatments in othditserefore, the objectives of this research

are as follows:
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- To intggrate a macrtevel component with network screening methodologies in order to
identify and rankhosezones and sites where improvements hhegotential to reduce
the number of crashes.

- To provide a broader picture of safety scenanathin the conéxt of both zone and
micro-level network components (e.g., intersections, segments, etc.) for safety analysts.

- To present twdevel screening results as an added resource for plabeesisethe
process would allowfor the filtering of zones witha high safety risk and thus will
provide a window for proactive safety managementboth long amd shortrange
transportation plans.

- Practical implications for integrating safety and planning.

- Improvement taheHSM Part B

- A framework to find the approg@te mix of micre and macrdevel screeningwithin the
context oftheHSM Part B procedures.

This reportis divided intoten chapters A review of existingnetwork screening methods
is provided inChapter2. Data collection and preparation grmeesentedn Chapter 3Chapter4
lists the main challengesand corresponding solutiorfer macralevel screeningDeveloping
SPFS and defining hotspott the macrscopic level arediscussedin Chaptes 5 and 6,
respectiely. Chaptes 7 and 8 aradedicated to amicro-level analysisChapter 9 provides the

integrationresults.Finally, conclusions and recommendations n@videdin Chapterl0.
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2. LITERATURE REVIEW

This literature review focuses dhetwo major aspects of interest in this project: maertd
micro-level safety analysis.
2.1. Micro -level Traffic Safety Analysis

Network screening is a process for reviewing a transportation network to identify and
rank sites with respect to safety risk, th@ovide aranking from most likely to least likelya
realize a reduction in crash frequency with the implementation of a countermeasure.

There is a growing body of literature that has focused on the development of traffic safety
network screening. The majority of these studies are specifatiye micoscopiclevel, which
deals with the safety screening of road segments or intersecsngll asther types of spots.
Several methods have been developed in the last a few decades. The principal network screening
methods include:
- Table C method
- Levd of Safety Service (LOSS) method
- Empirical Bayes (EB) method
- Continuous Risk Profile (CRP) for highway segments
- Screening based on high proportions
- Detection of safety deterioration over time

The Table C method (Ragland et al., ZD(dentifies sies that have experienced
considerably greater number of crashes per unit of ADT than the average. For highway segments,
roadway units are screened by sliding window of 0.2 miles in increments of 0.02 miles.
Alternatively, r intersections the influee area is 250 feet from the intersectiah crashes

within the influence area are consideteeintersection crashes. The criteria for area to be
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consideredh hotspot aras follows 1) the observed crash frequency is more than the average for
therate group with 99.5% confidence level in eitaghree six, or twelve month periogland2)
four or more crashes in the given time period.

Level of Service of Safety was proposed by Kononov et al. (200@LOSS method is
similar to the Table C methadd that the observed crash frequency is compared to an expected
crash frequencgyand thenthe level of deviation is measured. The Table C method considers
whether the deviation is large enough &ostatisticaly significart indicationthat more crashes
occurred than would be expected for the averagelsitthhe LOSS methqdhe deviation from
the expected for an average site is shown by creébuagcategories of service levels. The
expected LOSS for similar sites is determiaedording to safety performance functions (SPFs)
using traffic volume, number of lanes, lane wijdtind so forthDue tothis use of SPFs, the
LOSS methods superior tathe Table C methogit remowesthe use of constant crash rates.

The EB methodeganwith its applicationto traffic safety by Abbess et al. (1981). The
EB methodis actuallya suie of screening methods based on the $iategyof estimating the
long-term expected crash frequency for a locationisTinethod vasa preferred method in the
Highway Safety Manual. The EB estimate of expected crash frequency for a location is a
weighted combination of the predict®abtainedrom an SPF and the observed crash frequency
for the given location. The weights are calculated basedaniEeB that makes usef ehe over
dispersion parametgwhich is an outcome of the SPF developmersing a negative binomial
mode).

The Continuous Risk Profile (CRP) method was introduced by Chung et al. (2007). CRP
deals only with observed crashes. The key consepindthe CRP methodis that a continuous

profile plot of risk along a roadway can be helpful to idemtdysites of high risk.
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Screening based on high proportions was suggested by Heydecker et al. (1991). This
method identifies and ranks the sites that hawertin proportion of a specific crash type
relative toa total number ofcrashes that is higher than some average or threshold proportion
value for similar road types.

Last but not least, Hauer (1996) developed a methodology that detects safety
deterioratiom over time. In this method, two tests are conduclée first dete any potentialy
gradually increasing trend in mean crash frequency. The secondsdatggbotential for a
sudden increase in mean crash,raitel can be ranked if necessary.

The Highway Safety Manual (HSM, 2010) summarized many of the previously
mentioned methods and presented a clear processdmreloping amicro-level network

screeningorogram,as shown in Figur 2-1.

1. Establish Focus

2. Identify Network and
Establish Reference Populations

3. Select Performance Measures

4. Select Screening Method

5. Screen and Evaluate Results

Figure 2-1 Network screeningsteps
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As can be seen from Fig, there arefive steps inour micro-level network screening
process First of all, establishing focus identifies the purpose or the intended outcome of the
network screening analysi$he second stepdentifying network and establishing reference
populations specifes the types of sitesand facilities being screened (e.gsegments,
intersections, etc.and groups togethersimilar sites or facilities. In the next stefgurteen
performance measuresegorovided to measure the expected crash frequency or other equivalent
valuesobtained from thesite. Followng this step,severalmethods are provided for screening.
There are three principle screening methdlasranking methodthe sliding window methd and
the peak searching method. The final step in the network screening process is iognithect
screening analysis and evalogttheresults.

2.2.Macro Level Traffic Safety Analysis

Severalresearchers have conducted studies aimayraffic safety at the macsoopiclevel.

Table 2-1 summarizeghe majority of previous macrebasedwork. As shown in Table2-1,
researcherprimarily havefocused on total, severe, fatal and bicycle/pedestrian related chashes
various areal units sucls §AZs, census tragtblock groups, ZIP areaand so forth.

Recently Siddiqui et al. (2011) found that the pedestrian and bicycle model with spatial
correlation (hierarchical Bayesian) performs bettemn alternative methodébdelAty et al.
(2013) compared TAZs, block groups, and census tracts models and concluded that &UP (
Modifiable Areal Unit Problem) presents in the macroscopic crash modeling and the new zone
system exclusively developed for the safety analysis is required.

A novel approach as proposetty Siddiqui et al. (2011fo account for the spatial influence
of neighboring zones on pedestrian and bicycle crashes whichspemificallyon or near zonal

boundarieslt was found that crash modelstich separateljaccount for boundary and interior
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crashes) had better goodneédit measures compared to modelghano specific consideration
for crashes located atrr near zone boundarieSiddiqui (2012)described howmotor vehicle
crashes were classified as-gygem' and 'offsystem' crashedwo submodels were fitted in
order to calibrate the safety performance function for these crdshescluson, it was evident
by comparing this onand offsystem submodelframework to other candidate models that it

provided superior goodness-fit for both total and severe crashes.
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Table 2-1 Summary of macroscopicstudies

Year Author(s) Target Areal Units

1995 Levin, Kim, & Nitz Totalcrash Block Group

1998 Blatt & Furman Fatal crash (all, young, male/female, ZIP

drinkeré& child fatality)
2000 LaScala, Gerbe& Pedestriamrash Census Tract
Gruenewald

2000 Stamatiadis& Puccini Fatal crash ZIP

2002 Ng, Hung & Wong Fatal, Pedestrian crash TAZ

2003 HadayeghiShalaby & Total, Severecrash TAZ

Persaud

2003 Amoros & Laumon Injury crash County

2003 Noland Fatal Injury crash State

2003 Clark Fatal crash ZIP

2004 | De Guevara, Washingto# Fatal, Injury, PDCrash TAZ

Oh

2004 Noland & Quddus Fatal, Injurycrash Census Ward

2004 Noland & Quddus Bicycle, Pedestriammrash Standard Statistical
Regions

2004 Noland & Oh Fatal, Injurycrash County

2004 MacNab Injury cash Local Heath Areas

2006 Hadayeghi, Shalaby, Total, Severerash (duringnorningpeak) TAZ

Persaud& Cheung
2006 | AgueroValverde & Jovanis Injury, Fatalcrash County

2006 | Kim, Brunner & Yamashita| Total, Vehiclevehicle, Pedestrian and | Grid-based Structure
Bicycle crash

2006 Romano, Tippetts, Fatal crash ZIP
Blackman & Voas
2007 | LoukaitouSideris Liggett, Pedestriaratalcrash Census Tract
& Sung
2008 Quddus FatalandInjury crash Census Ward
2009 Wier, Weintraub, Pedestriamrash Census Tract
Humphreys, Set®& Bhatia
2010 Hadayeghi, Shalahg TotalandSeverecrash TAZ
Persaud
2010 Naderan & Shashi Total, SeverendPDOcrash TAZ
2010 Cottrill & Thakuriah Pedestriamrash Census Tract
2010 Huang, AbdelAty, & TotalandSeverecrash County
Darwiche
2011 AbdelAty, Siddiqui & Total, Severe, Pedhour and TAZ
Huang Pedestrian/Bicycle crash
2011 | Ukkusuri, Hasan& Aziz Pedestriamrash Census Tract
2011 Siddiqui & AbdelAty Pedesian crash TAZ
2012 | Siddiqui AbdelAty, & Choi Bicycle andPedestriamcrash TAZ
2012 Siddiqui Total, Severe, Pedestrian and Bicyaiash TAZ
2013 | AbdelAty, Lee, Siddiqui, & Total, Severand Rdestriancrash TAZ, BG, CT
Choi
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2.3. Comparison between Micro- and Macro-level Analyses

Previous studies have contributed to the understanding and application of traffic safety
network screening. However, there is much rofam improvementat both the micre and
macrascopiclevels of network sceening. For example:

At themicroscopiclevel:

U Some performance measures require the employment of Safety Performance Bunction
(SPFs) inthe HSM. These SPFs might be built with incomplete crash data. Fortunately,
the research group saollected complete crash dataothlong form and short form) in
Florida The validation of SPFs ithe HSM with complete data is necessary.

U Sincemany network screening methods have been developed, the selection of screening
methods is critical because some methods may noapable ofdentifying the actual
hotspots.Discoveringandbr developing the most appropriate methods can imelpe
FDOT more efficient in theitraffic safety planning.

U The application of methods ithe HSM is time consumingMaking the network
screening methods readily applicable for FDOT ergyisswould bedesirable.

At themacrescopiclevel:

U Even though much researchsleeen done at the masapiclevel with regards tdraffic
safety, stugtsof macrelevel network screening methodeerare. There is a neddr the
development of a complete methodology arset of guidelines for macrclevel zonal
screening.

U Previous studies have compared the performance of crash prediction methods with
different sets of demographic and other spatial factors. However, none developed

methoddor selecting variables for macréevel models that could optimize predictson
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U Boundaryandautocorrelation issues in spatial data analysis are very important in-macro
level studies. Though many scholars have proposed various solutions to these issues,
there is 8ll much room forimprovement

In addition, &hough many safetystudies have beeconductedeither at the macroscopic

level orin microscopicnetwork screeningno studieshave tried tantegratemacre and micre
level screening. Thereforaghe integraton of thesetwo levek of network screeningvould be
desirable The major objective of this project is tevelop a methodf simultaneously
investigaing safety issues at themacroscopic and individual site level§he results of this
project will help FODT engineers and planners make decisi@garding thedistribuion of

funding in traffic safety planning.
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3. DATA COLLECTION AND PRELIMARY ANALYSIS

For the macroscopic analysis, aflthedata were prepared based on TAZs. Since crash data
contains coordhate data, each crash can be displayed GiS map. The crashes were counted
based on TAZsThe US Census Bureau does not provide demographic data based on TAZs.
Instead,it provides datas a census block (CB). Since TAZs consists of one or more @B
combinations of CB, the CBbased dataan be aggregated into TABased data. On the other
hand, demographic and socioeconomic data from MetroPlan Orl@e@oprovided based on
TAZs. Roadway data frortne FDOT Roadway Crash Inventory (RCI) were gigepared based
on TAZs.

3.1.TAZ GIS Map

The TAZ GIS mays were obtained from MetroPlan Orlando. First of all, three TAZ maps
were merged using GIS because TAZ GIS maps of three cou(@esnge, Seminojeand
Osceolawere providedseparatelyrom the data proded byMetroPlan Orland@Figure3-1).

Table 3-1 describesthe basic informationfrom the TAZs asthe number of zones and their
respectiveareasThe average areas of Orange and Seminole Gesate relatively small (1.414
mi? and 1.519ni% respectively).because mosttbézones in Orange and Seminole Caesiare
urban or suburbarwhile many zones in Osceol@ountyare rural Osceola County alsoasa
larger average area (8.16i). After mergencethetotal number of TAZsvas found tde 1,116

in OSO.
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Figure 3-1 Merging of the TAZ GIS maps of Orange, Seminoleand Osceola Counties
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Table 3-1 Descriptive statistics of TAZs in OSO (2002009)

County Number of zones Area by each TAZ (mi?)
Average Stdev Min Max
Orange 711 1.414 4.553 0.021 71.662
Seminole 220 1.519 2.932 0.057 24.634
Osceola 185 8.107 23.770 0.061 170.664
Merged zones 1,116 2.544 10.710 0.021 170.664

3.2.Crash Data

Figure 3-2 summarizeshe overall process of crash data collectiofwo forms of crash
repors are used in the State of Floriddnort form and long form crash repoiin Florida,along
form is used when the following criteria are met:

- Death or personal injury

- Leaving the scene involving damage to attended vehicles or property (F.S. 316.061(1))

- Driving while under the influence (F.S. 316.193)

- Officer's dscretion

Theshort form is ged to report other types BDOtraffic crashes.
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Acquiring long form crash data from Obtaining short form crash data
FDOT CAR from MPO
(Orange, Seminole and Osceola in (Orange, Seminole and Osceola in
2008-2009) 2008-2009)
A\ Y
Extracting non-PDO crashes Extracting PDO crashes

Combining crash
_ data from short _

- form and long -
form crash reports

Complete Crash Data

Figure 3-2 Crash data collection process

Crashes reportenh the long form involveeithera higherinjury severity level or criminal
activities such akit-andruns or DUIs. Only long form crashearecoded and archived in CAR
(Crash Analysis Reporting) DB. €hefore previousresearchersould only get access ttong
form crashes for thecrash analyses. Fortunatetiiis research groupvas able tacollect short
form crashdatafor 20082009in OSO from MetroPlan Orlandand other sourced herefore,
the researckeamwas able to use more complete crash @atshis researciproject

Table 3-2 shows the descriptive statistics based on TAZs of traffic esaahOSO.On
average 80.503total crashes and 58.341 PDO (Property Damage Only) crasicesredin one
TAZ over thetwo yearperiod used for this studgevere crashes occurred much lesntRDO

crasheswith 2.272 severe crashes happenn a TAZ on average.
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Table 3-2 Descriptive statistics of traffic crashesbased on TAZs in OSO (2002009)

Crash types Mean Stdev Min Max
Total crash 80.503 90.207 0 745
PDO crash 58.341 68.903 0 586
Severecrash 2.272 2.778 0 21
Fatal crash 0.376 0.779 0
Bike crash 0.591 1.058 0 8
Pedestrian crash 0.811 1.351 0 12
Rear-end crash 20.838 35.112 0 437
Angle crash 5.871 7.985 0 66
Head-on crash 1.837 3.041 0 27
Sideswipecrash 3.272 4.922 0 39
Off-road crash 4.076 5.762 0 62
Rollover crash 0.652 1.608 0 20
Left-turn crash 4.487 7.855 0 73
Right-turn crash 1.315 2.729 0 26

3.3. Roadway/Traffic Data

Roadway data were collected from tadifferentsourcesFDOT RCI and MetroPlan Orlando.
Traffic data such as total AADT and truck AADT were acquired only from FDOT RCI. FDOT
RCI provides various types of roadway data including functional classificatiamberof lanes,
speed limits, median types, mawment conditiog, etc. Unfortunately, because FDOT focuses
mainly on interstate highways and state roads, mampetollector and local roadway data
could not be providedby RCI. The ioadway data from MetroPlan Orlanot@orporatedall types
of roadways including collectors and local roadwaydowever, MetroPlan Orlando roadway
data e@esnot have any trafficelatedfactorsexcept for speed linst thus only posted speed

limit data from MetroPlan Orlando were usefls shown in Figure3-3, it is evidentthat
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MetroPlan Orlando has considerably more complete roadway information, especially for local

roads.

Legend
Maximum Speed Limits (MPH)
IFDOT RCI
—o0-30

tqand o

ximum Speed Limits (MPH)
MetroPlan Orlando

——0-30

3144 3144

45.54 45-54

e 55+ — 0

Figure 3-3 Comparison of roadway sections between FDOT (left) and MetroPlan Orlando (right)

Other datasuch as functional classification, speed limits, median typasgement
conditions overall AADT, and truck AADTwere collected from FDOT RCI and were used in
this analysis.Table 3-3 summarizeghe roadway variables in OS®rigures 3-4, 3-5, 3-6, 3-7,
ard 3-8 preeent functional classificationggavement conditions, posted speed limaserall

AADT, and truck AADT, respectively.
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Table 3-3 Descriptive statistics of roadway/traffic variables based on TAZs in OSO (2012)

Variables Mean StDev Min Max Source
No of traffic signals 0.737 1.268 0.000 9.000 FDOT RCI
No of intersections 13.909 11.958 0.000 78.000
Roadway length of the bridge 0.066 0.206 0.000 3.078
Roadway length of 0.190 0.498 0.000 4.309
interstate/expressways
Roadway length of principle arterials 0.451 1.703 0.000 42.315
(except for interstate/expressways)
Roadway length of minor arterialy ~ 0.424 0.814 0.000 14.689
Roadway length of collectors 0.793 1.217 0.000 13.104
Roadway length of local roads 0.064 0.263 0.000 4.349
Roadway length with the speed linj  9.139 12.546 0.000 195.969 MetroPlan
less than 25MPH Orlando
Roadway length with the speed lim 1.649 4.057 0.000 72.168
45MPH orover
Roadway length without the medig ~ 2.101 2.619 0.000 45.825
Roadway length with the traversalj  0.577 0.937 0.000 13.074
median
Roadway length with the nen 0.617 1.088 0.000 23.121
traversable median
Roadway length witlthe pavement 0.150 0.448 0.000 5.126
condition: poor
Roadway length with the pavemer,  0.269 0.669 0.000 7.008
condition: fair
Roadway length with the pavemer  2.532 3.733 0.000 70.780
condition: good
Vehiclemiles traveled (VMT) 93948.387| 100954.250 0.000 839660.390
Truck vehiclemiles traveled (Truck] 2857.102 5036.736 0.000 86779.091

VMT)
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3.4.Demographics and Socioeconomic Data

Both demographic and socioeconomic data based on TAZs were acquired from MetroPlan
Orlandg and CBbasd data were collected froihe US Census Bureallhe US Census does
not offer data based on TAZs. Insteddyrovides the datan a census block (CB) basis. TAZs
consist of one or more GBor combinations of C8(Figure 3-9). Thus,CB-baseddata @n be

aggregated into TAZ based data. This procesansmarizedn Figure3-10.

(
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Figure 3-9 Censusblocks within TAZs
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1. Data collection of CB & TAZ GIS maps and
demographic data based on CB from US Census

Bureau.

2. Acquiring unique CB ID numbers within each TAZ

3. Aggregating CB demographic data into TAZs

Figure 3-10 Process of conversion of CB data to TADbased data

After the process of dataonversion demographic data such as total population,

proportion of African Americans, proportion by age group, and proportion by gender were

obtained based on TAZEhese datare summarized in Tabi4.
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Table 3-4 Descriptive statistics of demographic data based on TAZs in OSO (2010)

Variable Average StDev Min Max
Total population 852.592 | 1193.685 0 14401

Population ofAfrican American 153.895 | 352.764 0 3613
Population oHispanicPeople 234.435 | 515.084 0 9815
Population of gegroup (514 years old) 166.199 | 257.519 0 3380
Population of ge group(15-19 years old) 66.528 141.423 0 3160
Population of aggroup (2024 years old) 72.282 152.885 0 2255
Population of gegroup (2564 years old) 458.322 | 637.082 0 7666
Population of gegroup (over 64 years old) 89.262 133.005 0 1196
Male population 418.392 | 588.079 0 6892
Femalepopulation 434.201 | 612.307 0 7509

MetroPlan Orlando offered vehicle ownership data by household. They also provided
hotel, motel and timeshare roomemployment and school enrollmeniThe kasic descriptive

statistics othesocioeconomic data from &roPlan Orlando are presented in Tabke

Table 3-5 Descriptive statistics of demographic and socioeconomic data based on TAZs in OSO (2010)

Variable Average StDev Min Max
Households without vehicle 44.581 67.582 0 576
Households with one vehicle 270.487 337.795 0 2808

Households with two or more vehicles 434.875 516.957 0 3396
Rooms of hotel, motel and time shares 296.201 1355.119 0 14341
Total employment 875.103 1717.683 0 27088
Schoolenrollment 1042.441 1821.272 0 27732
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4. MAIN CHALLENGES FOR MACRO-LEVEL ANALYS ES

In this chapterseveral challenge for conducting mategel analysesare identified
First, the limitations of current TAZ as basic geographic units for mateeel analyss
are examined. Secondegionalizationis used to developur newzone systemTraffic
Safety Analysis ZonéTSAZ). Finally, we addressspatial autocorrelation and boundary
crash issues

4.1. Limitation of TAZs

TAZs have been widely used fbasicgeographicalnits in many studied\Ng et al,
2002; Hadayeghi et al2003; De Guevara et al2004; Hadayeghi, Shalaby, Persaud &
Cheung, 206; Hadayeghi et al2010; Naderan & Shashi, 2010; Siddiqui & Abdey,
2011; AbdelAty et al.,2011; Siddiqui & AbdelAty, 2011; Siddiqui et al.2012; Siddiqui,
2012. Usually TAZ systers are preferred by traffic researcheoser other areal units
such as census tracts, block grqupsZIP areas becauslee TAZ is the only unit that is
alsoa transportatiomelated geographical unit. Nevertheless, TAZse historically been
delineatedfor transportation planning fields to develop loegm transportation plans,
andnot for traffic crash analysis.

TAZs are usuallydefined based on several critefl@aass, 1981lin an effort to
acheehomogenous socioeconomic charadchesri sti cs
criteria include:

1. Minimizing the number of intrazonal trips;

2. Recognizing physical, political, jurisdictionand historical boundaries;

3. Generating only connected zones and avoiding zones that are completely

contained witin another zone;
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4. Devising a zonal system in which the number of households, population, area, or
trips generated and attracted aearly equbin each zone; and

5. Basing zonal boundaries on census zones.

Possible limitations of TAZs for crash analysis arise from nusmbeand 3 above.

First, TAZs were designed tiscoverO-D (origin-destination) pairs of trips generated

by each zoneln other words planners want to minimizéhe number oftrips insidea

particularzone because they cannot track wzomal trips ¢riteria number 2 above;

however, macroscopic traffic crash analysts want to tiaeerasheshat occur inside

eachzone sothatthey can relatéhe zonal characteristics witthe level oftraffic risk.

Therefore, TAZgnaybe too smalfor use inanalyzng traffic crashes at the macroscopic

level. Moreover, the small size tifie zoneresults inmany zero crash frequenciés

specifc typesof crashesuch as fatal, bicycle, pedestriand so forth.

Secondly, TAZs usually are divided based qysical boundaries such asajor

arterials(criteria number 3above. As a resultjt is difficult to count crashethat occur

on TAZ boundaries,which aremajor arterials ilrmany caseslt is also hard to collect

roadway dat@n boundares As depicted irFigure4-1, state roadsr(dicated byred lines)

divide the studyregions into several TAZs. In this case, crashes on state roads do not

belong to any of the adjacent TAZs because they are on the bgpuretareenthese

TAZs. Fortunately, mch of this boundary issuwas solved after combining severaf

the zones with homogeneous crash pattebecausestate roads and TAZ boundary

crashesvere theninsidea singlezone (Figured-2). However, for the remaining crashes

that occuron the boundaries of TSAZother solutions are stilequired.
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Figure 4-1 Boundary issues in TAZs
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Figure 4-2 Boundary crashes/roadways afteregionalization
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In conclusion,TAZs may not be the best choice for traffic crash analysis units.
Therefore, alternatives to TAZs for crash analysis pupaserequired.

4.2.Regionalization

Regionalization refers tthe process oftombininga number ofareal units into a
smaller number o&reas while simultaneouslyptimizing an objective functio(Guo &
Wang, 2011). The research team useziregionalization program REDCAIlgeveloped
by Guoatthe University of South Carolina.

The process of regionalization is shown in Figd#& First, numbers of crashes were
counted based on TAZs, arfe total lengths ofthe roadways inthe TAZs were
calculated using GIS. Then, crash rates by miles were calculated for each TAZ, and the

calculated crash rates were ussthe objective functiolf the regionalization.

1. Data collection of
Crash/demographic/SES/traffic/roadway from
FDOT, MetroPlan Orlando & US Census

2. Counting number of crashes and calculating the
length based on each TAZ

3. Regionalization using No of Crashes per Mile
until the Global Moran’s I shows the random
pattern.

4. Modeling various types of crashes based on the
newly developed Traffic Safety Analysis Zone
(TSAZ)

Figure 4-3 Regionalizationand modeling process
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One ofthe objectives of regionalization in this research projges to combine
TAZs as much as possible until all adjacent zones with similar crash patteras
aggregated. In order tachieve this objective, the research team usedtial
autocorrelatiorstatisticseandM o r alnndes.

As discussed in thprevious sectionregionalization can alleviatiae issueswith
and limitations ofcurrent zone systentsy aggregating TAZs intsufficiently large and
homogenougonesbased on majaonal characteristics.

In order todevelopthe zone system for macroscopic traffic safety analysis, the
research tearmsed the regionalization technique and determined the optimal zone scale
using BrownForsythe tests.

4.2.1. Background of Regioralization

MAUP (the Modifiable Areal Unit Problem) is present when artificial boundaries
areimposed on continuous geographical surfaces and the aggregation of geographic data
causs avariation inthe statistical results (Openshaw, 1984).

Assuming that @eal unitswithin a particular studwre specified differently, it is possible
that very different patterns and relationshgpsildbes hown up ( O6Sul Il i van
2002).

MAUP was first investigated by Gehlke and Biehl (1938hese researchers
found that the correlation coefficient increases as the unitiacesasesAccording to
Openshaw (1984), MAUP is composed of two effects: scale effects and zoning effect.
Scale effects result from the different levef spatial aggregation. For exampteaffic
crash patterns are differently described in lower aggregation spatial units such as TAZs

and higher aggregation units such as counties or stabesng effects a described
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according tothe different zoning configurationand at the same levelof spatial
aggregation.

4.2.2. RegionalizationProcess

As discussed in thprevioussection the majodimitations ofthe Traffic Analysis
Zone (TAZ) systemfor macroscopic safety anabgsare: 1)small zone sizs, and 2)
boundary problesy Regionalization canalleviate some of theselimitations for
macroscopic safety anabgs by aggregating TAZ into a sufficiently large and
homogenous zonalystem Regionalization is a process of aggregating large nusrdfer
units into smaller numbex of regions while optimizig an objective function (Guo &
Wang, 2011). The objective functiofor this research was th#te sum ofthe squared
differencescould be expresseds follows:

-ETEBBSB B o (4-1)
whereQis the number of regions, is the number of data objects in regigmo

is a variable valuat observation andajis the regional mean fathe variable The

constraintof the objective function is that onidjacentegions can be aggregated.

The study area (Orange, Semina@ded Osceola counties) is comprised q039
urban and77 rural TAZs. Neverthelessthe gross urban area is only0D1.394mi? while
the totalrural area is B37.952mi%. Hence, TAZs irurban areasremuch smaller than
those inrural areas (Tabld-1). As such,the research teamlecidedto focus on urban
zones forregionalization the rural zoneswere already relatively largeAlso, the rural

zones adjacent to urban zonesild be aggregated during the regionalizafwacess
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Table 4-1 Numbers and areas of urban/rural zones

Location Zones Totalmi® | Averagemi’ | Stdev Min Max
Urban 1039 1001.394 0.964 1.377 0.021 12.403
Rural 77 1837.952 23.870 34.113 0.889 170.664

In the regionalization process, the optimal number of zevesdeterminedby
using a Brown-Forsythe testThe number of @shes per mile was used as the target
variable toregionalizethe TAZs. The research team also tried other meassash as
craslesper VMT and crasisper square mile. However, crash rate normalized by VMT
wasproblematic because traffic volume data were only avaifablstate roads anthus
there were many zones without traffic dafaaslesper square mile erealsotested but
the regionalization wasost significantlyaffected by zone size rather thanmber of
crashes In contrast, crasts per mile dd not suffer from such issues and the
regionalization resulilsoseemed more reasonable. Therefore, the research teatadieci
that crasksper mile was the best target variable forriagionalization

4.2.3. Brown-Forsythe Test

The Fgr testwas used tevaluate whether the variance \@riablesof interest,
such as crasinate, were equalwhen thescale ofthe zoneschangd. The underlying
assumption of the testas thattherewas a greatervariancein the crash rates amornfe
smaller zones analower variance amonte larger zones. A high variance valweuld
mean that the crashsks were local, whereas a low varianesuld mean that they
capturel more global characteristics. The optimal zone seedelld ensure that the
variance ofcrashrate was somewhere in between. Root et al. (2011) and Root (2012)
used this method in medical studies for disease analysis.

Fge statisticsarecalculatedaccording tahefollowing formula:
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O (4-2)

wheren; is the number of samples in tlih zone systemN is the total number of
samples for all zone systenasdt is the number of neighborhood grougventhatw

is the crash rate of the jth sample from ithezone systerandw is the median of crash
rate from theith zone systemthenD;= @  w is the absolutedeviation of thejth
observation from théh zone system medig® is the mean ob;; for zone system, and
Ois the mean of alD;. The test assundethat the variances dhe different zonesvere
equal under the null hypothesiédn F testwith (t - 1, N - t) degrees of freedonvas used
to test for statistical significance.

Therewere two stepso the Fge test. First, the variance between each zone system
from N200 to N1000 and the largest zone system (NdM@Sromparedor a total ofnine
separate calculains of Fgg, as shown in thégg; column of Table4-2. Second, the
variance between each neighborhood group from N900 to N100 and the smallest zone
system (N1000ywas comparedKggz). A significant value ofgg; would imply that the
zone systemid not reflect the global pattern of crash data; in esseyad zonavas so
small that it only captucklocal crash patterns. On the contraaysignificant value of
Fsr2 Would indicate that the zone dateerenot local; theywere so large that local level
crash patternsvere undetectable. The zone systems between lower and upper limits
would identify a spatial scale at which lodalel variatiors would still be detectable but

alsowould capture larger zondével crash characteristics.
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4.2.4. Optimal zone scale forTSAZ

The Fgr test results fohomogeneityof variance for total crash rate (total crash
per mile) under various zone scales are listed in T&2leTheFgg; test statistics show
that zone systems smaller than N700 (i.e., N80O,ON&®fd N1000) have significantly
different variance from that of N100. Thus, zone systems smaller than N700 are too
small to capture global crash patterns. On the other lrgpgtest statistics indicate that
zone systems larger than N500 (i.e., N400, N30200 and N100) are so large that they
cannot capture local crash characteristics. Given the sesyftems with 50000 zones
should beconsideredptimal for total crashe#\s a result, he research teaselecteda
scale of500 zonesas the new zonesystemfor overall crashedecausat minimized
boundary crashes and zortkeat did not haveare types of crasheShenewzone system

for overall crashewas namedrraffic Safety Analysis Zone (TSAZdr this study

Table 4-2 Brown-Forsythe test for determining TSAZ scale

Zones Crashes per miles Brown-Forsythe test

Mean Var FBFl Ccv FBF2 Ccv
N1000 6.98 63.02 5.32 2.407 - -
N900 6.59 55.09 4.38 2.511 0.54 6.635
N800 6.27 44.94 3.53 2.639 1.31 4.605
N700 5.99 40.05 2.92 2.802 1.77 3.782
N600 5.65 35.18 2.02 3.017 2.6 3.319
N500 5.32 29.99 1.45 3.319 3.61 3.017
N400 4.71 24.99 1.31 3.782 4.2 2.802
N300 3.91 18.76 0.84 4.605 4.76 2.639
N200 3.18 12.53 0.4 6.635 5.23 2.511
N100 2.67 9.06 - - 5.32 2.407
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4.2.5. Comparisonof TAZ and TSAZ

As a result othe regionalizationthe original1,039 TAZs in urban aresand77
TAZsin rurd area were aggregated in#28 and 2 TSAZs for overall crashes urban
and rural aresm respectively. The descriptive statistics the TAZ and the new TSAZ

systems is presented in TaBia.

Table 4-3 Areas of TAZ and TSAZ

Zone system No of Average Stdev Min Max
zones | area (mf)

TAZ Total 1116 2.544 10.710 0.021 170.664
Urban 1039 0.964 1.377 0.021 12.403
Rural 77 23.80 33.890 0.889 170.664

TSAZ Total 500 5.678 15493 1.051 170.664
Urban 428 2.337 1.624 1.051 12403
Rural 72 25.541 34502 1.266 170.664

As a result othe regionalization, anes withzerocrasteswere reduced from 1.5%
to 0.8% Also, zones without severe crashes were significargtjucedfrom 30.6% to

14.2%(seeTable 44).
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Table 4-4 Zones without crashes in TAZ and TSAZ

Zone Total crashes Severe crashes
system Freq % Freq %

TAZ 17 1.5% 341 30.6%
TSAZ 4 0.8% 71 14.2%

Table 4-5 compares boundary crashes in TAAnd TSAZA. Before the
regionalization, 76.5% of crashes occurredtmboundaries of TAZ this wasreduced

to 61.9% after theegionalization.

Table 4-5 Boundary crashes in TAZ and TSAZ

Zone system Total crashes
Boundary Total Boundary %
TAZ 68,451 89,527 76.5%
TSAZ 55,411 89,527 61.9%

Figure 4-4 shows TAZ in the overall study area before the regionalization. As
seen in the downtown map (inside the blankd square)the TAZs in highly urbanized

area are very smalvhereaghe TSAZs in the downtowsre mucHarger (Figure4-5).
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TAZ
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Figure 4-4 Total crashes per mile based on TAZin the overall study area (left) and TAZsin downtown Orlando (right)
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TSAZ
Total crash / mi
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Figure 4-5 Total crashes per mile based on TSAZin the overall study area (left) and TSAZin downtown Orlando (right)
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4.3.Boundary crashes

Approximately 10% of boundary crashesrereduced after the regionalizatidout
more than 60% athe crashestill occuredon the boundaesof TSAZs(Table 45). The
problem is that most crashes occur on roadways that are boundary between TAZs, which
makes it difficult to determine the zone characteristics related oselcrabes.Luckily,
the research teatmad extensiveexperiencen dealing with ths boundary issuelt was
revealed thatising previous research studiesegiimae the safety models separately for
boundaies and interior crashewas a more reasonablapproachand made it easieto
develop models witl better goodnessf-fit (Siddiqui & AbdelAty, 2012).

For total crashesthe research teardivided crashes into boundas and interior
crashes Then boundary crashesere further classifiedby crash roadway typ These
categories included eithdr) onstate highway system (esystem road)pr 2) off-state
highway system (offystem road). Moreover, esystem road crashes weeparatedhto:
1) full access control (FAC) esystem road (i.e., interstate highwagd expressway)
crashespr 2) other onsystem road crasheAs a result, dur separatesafety modelsare

developedn the nextchapterbased on these classificatifrigure4-6).

Total/motor vehicle crash

|
! !

Boundary crash Interior crash
Crash on on-system road Crash on off-system
Crash on FAC on-system road Crash on other on-system road

Figure 4-6 Nested structure of total/motor vehicle crash models
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Table 4-6 summarizeghe descriptive statistics dahe total crashesategoryby
classification Figure 4-7 showsthe proportions of crashes by classification. Interior
crashes thabccurred completdy inside a TSAZ comprise 31.4% of the data,and
boundary crashes that occurred within 0®f a TSAZ bounday make up66.3%.
Among boundary crashes, FAC -epstem road crashes were the smallsgegory
(7.9%) whereas other eaystem road crasheomprisedthe largestcategory(38.1%).

Off-system crashevade uR2.6% ofthetotal crashes.

Table 4-6 Descriptive statistics of total crashes by classification

Crash classification Total Mean Stdev Min Max
Boundary Oon FAC 7054 14.11 29.85 0 195
system | Other 34129 56.23 112.27 0 963

Off-system 20241 40.48 60.67 0 505

Interior 28116 68.26 104.08 0 840

\ Onsystem: Ful

access contro
roads
7.9%

nsystem: Othe
roads

Boundary 38.1%

crashes
66.3 %

Off-system
22.6%

Figure 4-7 Proportions of total crashes by classification
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4.4. Spatial autocorrelation
Spatial autocorrelation ithe term for the tendenayf data from locationdut near
one another in spade be more similar than data from locations remtteeach other
(O&sullivan & Unwin, 2002). Most statistical models assume that the values of
observations in each sample ardependent or randomly distributed. A positive spatial
autocorrelation between zones, however, may violate this assumption if the samples were
collected fromnearby areas (Lai et al., 2008).section4.4.1, the spatial autocorrelation
effects in the resi duall. Aftemtieeregisteecg pfilsmatae d usi r
autocorrelations in the residuals was identified, the research team included the kerm in t
SPF to account for the spatial autocorrelatiared then compared the corrected SPF
using several spatial error terms from different conceptualizations to determine the
method with the best performance (Secdah2).
4.4.1. Detection of spatial autocorrelatonsin the residual
TSAZ (Traffic Safety Analysis Zone) is the zone systesedfor macrclevel
safety analysis. The research team developed TSAZ through the regionalization, process
as was explained in the previoctsapte. The Poissoiog-normal model in the Bayesian

framework that was adopted for estimating SPF in the curessiarchs specified as

follows:
aeEQ O — (4-3)
— G é1 adu (4-4)

where_ is the expected crash count in te TSAZ,
@ is a row vector of explanatory variables showing characteristics ahtAiSAZ,

T are the coefficient estimates of model covariates,
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—is the unstructured owvelispersion or unobserved heterogeneity component irthhESAZ,
and
t is the precision parameter, which is the inverse of the variance and given by a prior
gamma distribution.
In order to identify the existence of spatial autocorrelations in thduasi (),
Mor ahwas used. M r a h & 9ne of the measure of spatial autocorrelation

developed by Moran (195@nd is calculatefly thefollowing formula:

B B

© B B B (4-5)

wheren is the number of areal units indexeditandj,
y is the value of interest,

wis the mean of, and

wj is an element of the matrix of spatial weights.

The research teamxaminedthe spatial weights calculated using three different

conceptualizations:

1) Inverse distancay; is the inverse distance betwesomes andj;

2) Inverse distance squarem; is the inverse distance squared betwamres andj; and
3) First order polygon contiguityv; = 1 if zonesi andj are adjacenbased on the®1
order contiguity, otherwise; = 0.

A positive vlardexetandsffor Mumosit@enspasial autocorrelation,
whereas a negative value indicates a negative autocorrelation. The value rangds from
to +1, where-1 means that ggons are perfectly dispersed and +1 indicates that the
regions are perfectly correlated. On the contrary, if the index is close to theyo,

i ndicates a r andadngex paa tbd comverted tdMasEoeenfar she
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statistical test, in which vaéis greater than 1.96 or smaller thar®6 show that there is a
statistically significant spatial autocorrelation in the region.

Table4-7pr esent s t daleulatddiofrona thed residuals of SPF and the
corresponding-value® p-value for each conceptualization method. All of the values of
Mo r a h éhewed positive spatial autocorrelations, and they were all statistically
significant. The first order r ookerepscthey gon c o
inverse distanchad the smallest.

Since statistically significant spatial autocorrelatiaomsasiduals both in totand
severe crash SBRwvere detected, we must account &patial autocorrelations in the
estimations of SPF. One possible solution to account for sgattacorrelation is to
include a spatial random effect component in the model formulationd¢g)y).which is

discussed in the next section.

Table 4-7Mo r a hodrssiduals by spatial autocorrelation conceptukzation

Model Conceptualization Moranés | z p
Total crasks Inverse distance 0.075 11.376 <0.001
Inverse distance squared 0.126 8.045 <0.001
First order rook polygon contiguity|  0.178 6.681 <0.0aL
Severe Inverse distance 0.033 5.089 <0.001
craslkes Inverse distance squared 0.060 3.909 <0.001
First order rook polygon contiguity 0.134 5.032 <0.00L

4.4.2. Comparison of SPEwith different spatial effect conceptualizations
As mentioned in the previous section, the spatial error terjnwas included in
the SPFto account for the spatial autocorrelatiaring the following equation:

AEQ OF — o (4-6)
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The gatial distribution was implemented by specifyiag intrinsic Gaussian
Conditional Autoregressive (CARjrior with a() € i & diftt  distribution. The nean

of « is defined by

B « 0
B 0 (4-7)

wherevalues for)  are defined in Table 48 by the different spatial autocorrelation

conceptualizations.

Table 4-8 Definition of <. by different spatial autocorrelation conceptualizations

Conceptualization

No spatial error term e =0

First order rook polygon contiguity | 0 p, if zonei andj are adjacentp T, othewise

Inverse distance 0 pj Q

Inverse distance squared 0 pj Q

Each model's Deviance Information Criterion DIC) was computed for
comparison. The following equationas used to calculate DIC (Spiegelhaletr al.,
2002)
006¢ O O (4-8)
whereQO is theposterior mean of devian&

O=¢ nus—,and
—lis theposterior mean of-

Models with a smaller DIC are preferred to models with a larger DIC.

(Spiegelhalter et al., 23D Table 49 summarizesheDIC from thetotal and severe crash

models withdifferent spatial autocorrelation conceptualizations. It was found dhit
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the spatial error term conceptualizedtbgfirst order rook polygorslightly improvel the
performancs of boththetotal and severerash modelsThus,the final models will have
a spatialerror component based on first order rook polygon contigwasy will be
describedn the following chapters.

Table 4-9 Comparison of DICs by different spatial autocorrelation conceptualizations

Conceptualization DIC
Total crash model Severe crash model
No spatial error term 4122.53 2270.81
First order rook polygon contiguity 4122.32 2247.51
Inverse distance 4121.07 2270.79
Inverse distance squared 412166 2272.65
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5. DEVELOPMENT OF SPFSFOR MACRO-LEVEL ANALYSES

This section describes the overall procedure used to perform the-leaeranalyss.

A series of SP&for both total and FI crashewere developedin order to solve the
boundary crash missing problemgcamplex structuravas used teestimateseparately
bothboundary and interior crashes warious types ofoads §eeSection5.1). In Section
5.2, the research teasnggested a methad accouning for boundary crashes.

5.1. Nested modeling structure

This study adopted a nested structure which allows different contributing factors for
different crash types (such as boundaryinterior crashesand crashes located on
different roadway types). The resdarteam expected to achieve more accurate and
predictable results from this nested structure tivhat could be obtained from a single
model.

The nested structure includes six sabdels which are named based on their location
(i.e., near the zone boundaoy in the interior) and roadway type (i.e., freewayd
expressway, other state roads, and-siate roads). The nested structure is presented in
Figure5-1. Both total crashes and fathdinjury crashes were modeled using this same
nested structure. Iraddition, a Bayesian Poisson Lognormal Spatial Error Model
(BPLSEM) was adopted for the SPF analysis in this nested structure. This model has a
disturbance term for handling the ovdspersion problem, and its spatial error term
controk for the spatial atocorrelation of crash data. See Appendix A for more details o
this model formulationThe research team assumed thators contributing t@rashes on

full access controlHACR) such as interstate highways and expresswaysdiierent
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than thosethat contribue to crashes omother state roadsThus, the research team
constructed a nested structure vathmodels as shown in Figurg-1.

The six types of crashes in each modaly based on their location (boundary or
interior) and roadways (FACR, other state rqamsnonstate roads). They are FSB
(FACR State road Boundary crashes), FSI (FACR State road Interior crashes), OSB
(Other State road Boundary crashes), OSI (Other SiatkInterior crashes), NSB (Non
state road Boundary crashes) and NSI @§tate road Interior crashedjigure 5-2
containsexamples of these six crash types.

Meanwhile, some zones have zero probabdftiiaving specific types of crashes. For
instance, zoe #1 in Figuré-2 has no FACR or other state roads. The expected numbers
of FSB, FSI, OSBand OSI in zone #1 shouldll be zero, regardless of zonal
characteristics. It is meaningless to include zones without FACR or state roads in the
estimatiors for FSB, FSI, OSBand OSI models Therefore, the research team excluded
zones without specific types of roads when esiimgainodels for crashes oarring on

those types of roads.
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Figure 5-1 Nested structurefor macroscopic crash modeling (with six submodels)
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Legend

TSAZ boundary
Full access control road
Other state road

Non-state road

(1) FsB
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(5) NSB

(2) FsI
(4) osI
(6) NsI

Figure 5-2 Examples of crashes by locatioswused in the nested structure
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5.2. Accounting for Boundary Crashes

It was assumed that interior crashes wefleienced only by the characteristics of the
zone in which thecrasheswverelocated Thus, the models for the interior crashes were
developed using individual zonal characteristics. In contrast, crashes occurriog ogar
zone boundaries, known as boang crashes, were hypothesized to be influenced not
only by the zonal characteristics of where the aerasbccurred, but also byhe
characteristicof the adjacent zones. Therefore, the models for boundary crashes were
estimated wusing O6transformedd variables pos
and any adjacent zones.

Let any TSAZi share its boundary with adjacent zopes1 , 2k, as ghownri

Figure5-3. An original variable< will be transformed too  using the following Eg5-1.

| Legend

| [ TsAz =1

| .

: - TSAZ adjacent to i=1
" Other TSAZ

Figure 5-3 lllustration of adjacent zones for crash zone
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o 6 p X Q® Qo E Qo | | (5-1)
where

Xagci = transformedvariablex for i zone,

x = variablex for i zone,

x; = variablex for the zonesdjacent ta" zone [=1, 2,& K),

dj = length of the shared boundary between zoaesl],

di+da+........ + dk = perimeter of zong and

w= weight

The first term in Eq5-1 representshe characteristics ofhe i zone the second
term denotetheweightaveraged features tfe adjacent zones. The weighted average is
based on the length tfeshared boundary betwe#readjacent zones.
The weight component () reflects the actual influence on boundary crashes fronei
andits adjacent zoned~or instance, if the boundary srawasuniformly affected by the
features of the crash zon#' (zond and the adjacent zones, the weightuld be0.5.
Meanwhile,if the boundary crash was solely influenced by the crash zone, the weight
would bel.O.

With the intemion of finding the apppriate weights, the research team developed
a wide array of Negative Binomial (NB) models with nine weights (from 1.0 to 0.1 by 0.1)
for each submodel. The modelsvith the lowest Akaike Information Crietrion (AIC)
values were selectedlhe AIC was devebped by Akaike (1974)andis calculated as
follows:

006 c¢Q ¢l 10 (5-2)
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where

kis the number of parameters in the model, and

L is the maximum likelihood for the model.

The AIC is an index which compares the relative qualdgi@®ngvarious models;
it is widely used for model selection. The AIC copes with the tradeoff between goodness
of-fit and the complexity of the model. Among the candidate models, the model with the
minimum AIC was chosen. Tablésl and5-2 present the AlCef candidate models for
total and fatakindinjury crashes, respectively.

The optimal weights for the FSB, OSB, and NSB are 0.7, 0.9, and 0.7
respectivelyfor thetotal crash modeland0.7, 0.8, and 0,8respectivelyfor the fatal
andinjury model These optimal weightswere usedto estimate the final SPHowever
future studiesshould use 0.8as an optimal weightfor boundary crashes and 1.0 for
interior crashe®ecauseao significantdifference was observed between thedels with

weighs equal t00.7, 0.8,0r 0.9.

75



Table 5-1 AIC table of candidate total crash models

Weights 1) FSB 2) FSI 3) OSB 4) OSI 5) NSB 6) NSI
1.0 1835.41 1083.89 3353.83 1514.34 4114.86 4134.00
0.9 1833.67 1084.92 3351.47 1516.03 4102.09 4137.71
0.8 1833.30 1087.79 3352.41 1520.01 4099.41 4150.41
0.7 1833.23 1093.23 3355.75 1526.46 4099.20 4170.31
0.6 1833.75 1102.28 3362.91 1535.29 4101.13 4199.80
0.5 1835.28 1115.46 3374.43 1545.71 4105.22 4236.48
0.4 1838.38 1132.19 3389.40 1556.25 4111.41 4273.68
0.3 1843.35 1150.42 3405.48 1565.51 4119.36 4306.42
0.2 1849.75 1167.25 3420.14 1572.85 4128.59 4334.83
0.1 1856.54 1180.64 3432.07 1578.46 4138.74 4361.82

Table 5-2 AIC table of candidate fatatand-injury crash models

Weights 1)FSB 2)FSI 3) 0SB 4) OSlI 5)NSB 6) NSI
1.0 1373.05 827.93 2466.38 1020.80 2951.42 2861.46
0.9 1373.39 833.08 2463.98 1024.11 2947.82 2867.83
0.8 1372.71 837.80 2462.60 1027.26 2947.23 2882.72
0.7 1372.33 844.98 2462.81 1032.17 2947.50 2905.83
0.6 1372.59 855.25 2466.17 1038.96 2948.88 2937.01
0.5 1374.10 868.68 2473.68 1047.12 2951.56 2971.64
0.4 1377.64 884.32 2485.10 1055.58 2955.51 3002.94
0.3 1383.48 900.12 2498.58 1063.18 2960.42 3027.24
0.2 1390.60 913.69 2511.61 1069.26 2965.87 3045.49
0.1 1397.36 923.51 2522.59 1073.77 2971.52 3060.60

In summary, boundary crash types were greatly affected by the crash zonre (70%
90%) and rarely influenced by adjacent zones ((B%). Moreover, it was proven that

interior crashes were affected only by the characteristics of the zone wherein the crash

occured because the optimal weight for all interior crash models kodvever these

optimal weights aremore applicable tocrash modeling with TSAZbased dataThe
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optimal weights may be different # model is developed based different scalezones

(i.e., census trast traffic analysis distric block groups, traffic analysis zasetc).
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6. MODELING RESULTS AND IDENTIFICATION OF HOT ZONES

FOR MACRO-LEVEL ANALYSES

A new model, the Nested Bayesian Poisson Lognormal Spatial Error ,meatel
proposed to account for boundary crash effects (referred to here as NBPLSEM) based on
the Traffic Safety Analysis Zones (TSAYZ Section6.1 explains certaimletailsabout the
modeling results an8ection 6.howsthe process of hot zone identificati.

6.1. Modeling Results

The research team developi crash prediction model by usilZdBPLSEM, with
the optimal weightssuggested ithe previous chapteThe modeling results for total and
fatalandinjury crashes are presented in Tabfel and6-2, respectively. As seen in
thesetables, each suimodel hal different sample sizeShisis because some zoneslha
zero probabilityof having specific types of crashes. For instanoee zone hd no state
roads. In this case, the expected numibershe FSB, FSI, OSB and OSI in ths zone
shouldall be zero, regardless of zonal characteristics. ibtsreasonablé include tlis
type of zonein crashprediction models. Therefore, the research team excluded zones
without specific types of roads when estimgtmodels for crashes oceing on those
types of roads.

In addition, thedtal crash modehdnd the fatabndinjury model bothshowthat each
submodelhas its ownvariable set. All modelseemto have reasonable and explainable
coefficients. For example with the FSB model theexposurevariable (vehiclemiles
traveled) was positively associated witlthe crash count Also, the coefficient of the
proportion of young people (14 yeas old, thenaturallogarithmof employment and

school enrollmentand theproportionof roads witha 20 mph or lower max speeuere
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all positive The first two variables are sedkplanatory. The third variablhe poportion

of roads witha low speed limit,refers to theproportion of residentialroads. It was
deterninedthat if a zone haa higher proportion of residential roads, therd be more

local drivers entang the freewayandexpressway from residential roads. Thus, the zone
may have more crashes on freewand expresswag Also, the resuls showthat the
spatial effects were significant. They reveal the existence of spatial autocorrelations
among the explanatory variables with associated total aneafadahjury crashes.

Interestingly  (the apportionment ofhe variability in the error comptent due to
spatial autccorrelatior) is always larger in the boundary models than in the interior
models of the same roadway type. For example, thaluesof the FSB and FSI in the

total crash model are 0.505 and 0.228, respectively. From tlti@sregarch team
concluded that the unobserved heterogeneity in the error component from the spatial
effects in the FSBvas 50.5%, whereas Was only 22.8% in the FSIn other words,
boundary crashes are more significantly influenced by spatial autocorretbettanse

theyareclose to other adjacent zones.
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Table 6-1 Nested Poisson Lognormal Spatial Error Model Accounting for Boundary Crashegotal crashes

Variable 1) FSB 2) FSI 3) OSB 4) OSI 5) NSB 6) NSI
N=213 N=155 N=325 N=174 N=439 N=465
mean s.d. mean s.d. mean s.d. mean s.d. mean s.d. mean s.d.
Intercept 0487 | 0.791 [ -1.690 | 0537 | -0.607 | 0.559 | -2538 | 0.747 | 0.806 | 0.485 | -0.804 | 0.243
Ln of population density 0.096 | 0.043 | 0.122° | 0.050 0.100° | 0.020
Proportion African Americas 0.911 0.243
Proportion of Hispanics 1.292" | 0552
Proportion of young people (28.yr) | 3.850 | 1.645
Proportion of old peoplé5yr+)
Proportion househalavithout car 3.098 | 1.439
Lnofhotel, motel and tineshajl g o57 | 0.040 0097 | 0034 | 0514 | 0091 0048 | 0014
Lnof employment and schooll 544" | 0.108 | 0.245" | 0.066 | 0.227 | 0.079 0256 | 0.064 | 0326 | 0033
Proportion of roads with 20 m
P or lower max speed P 5043 | 1673
Proportion of roads with 55 mp
or higher max speed
Roads with poor pavement o
iy sl 0210 | 0.047
Ln of VMT at FSB 0.097" | 0.020
Ln of VMT at FSI 0.173 | 0.018
Ln of VMT at OSB 0.137 | 0.016
Ln of VMT at OSI 0.145 | 0.025
Ln of VMT at NSB 0.051" | 0.017
Ln of VMT at NSI 0.094 | 0.010
s.d. of — 0.850 | 0.108 | 0.886 | 0.081 | 1.213 | 0.070 | 1.335 | 0.091 | 0.639 | 0.117 | 0.527 | 0.060
s.d. ofe 0.890 | 0.222 | 0.271 | 0.128 | 0402 | 0.236 | 0.180 | 0.146 | 1567 | 0.222 | 0.873 | 0.150
0505 | 0.087 | 0.228 | 0.090 | 0.236 | 0.109 | 0.113 | 0.076 | 0.707 | 0.065 | 0.620 | 0.065
DIC 1342.46 846.222 2349.98 1085.5 3007.29 3214.22

# not significant at 20%, ** significant at 5%, * significant at 1,G¥d all other variables are significant at 20%
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Table 6-2 NestedPoisson Lognormal Spatial Error Model Accounting for Boundary Crashes:fatal-and-injury crashes

Variable 1) FSB 2) FSI 3) OSB 4) OSl 5) NSB 6) NSI
N=213 N=155 N=325 N=174 N=439 N=465
mean s.d. mean s.d. mean s.d. mean s.d. mean s.d. mean s.d.
Intercept -3.153 | 1.043 [ -4.240 | 0.800 | -2525 | 1.046 | -10260 | 2.632 | -0.137 | 0451 | -1.796 | 0.286
Ln of population density 0.133 | 0.067 0.063 | 0.022
Proportion African Americas 1279 | 0425 | 0.925 0.261
Proportion of Hispanics 2.146 | 0.788
Proportion of young peopl#524 yr) | 4.813 | 2.129 -1.558 | 0.908
Proportion of old peoplé5yr+)
Proportion househalavithout car 5968 | 2.002
Ln ofthotel, motel and timeshall o 097 | 0,050 | 0.057 | 0087 | 0118 | 0039 | 0135 | 0.059 0045 | 0015
Lnof employment and school 547 | 0.121 | 0506 | 0.104 0234 | 0153 | 0226 | 0061 | 0285 | 0037
Proportion of roads with 20 m
B lower o speed P 3968 | 2098 2690 | 1.264
Proportion of roads with 55 m o
vk higher maxspeed P 2881 | 1.165 | 5308 | 2.031
Roads with poor pavement 0.109 | 0078 | 0.193 | 0.049
Ln of VMT at FSB 0.166 | 0.026
Ln of VMT at FSI 0.203 | 0.022
Ln of VMT at OSB 0.179 | 0.022
Ln of VMT at OSI 0.271 | 0.038
Ln of VMT at NSB 0.041 | 0.015
Ln of VMT at NSI 0.112° | 0.011
s.d. of — 1.173 | 0.105 | 0.903 | 0.108 | 1.364 | 0.135 | 1558 | 0.145 | 0.401 | 0.183 | 0.480 | 0.087
s.d. ofe 0.614 | 0.188 | 0.303 | 0.169 | 0.705 | 0.451 | 0.236 | 0.208 | 1.789 | 0.225 | 0.897 | 0.180
0.339 | 0.079 | 0.243 | 0.112 | 0.315 | 0.156 | 0.124 | 0.089 | 0.816 | 0.087 | 0.646 | 0.084
DIC 1037.090 672.768 1788.360 716.974 2337.760 2450.26

# not significant at 20%, ** significant at 5%, * significantl®%, and all other variables are significant at 20%
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6.2. Identification of Hot Zones

The PSI (Potential for Safety Improvement), or excess crash frequency, is a measure
of how many crashes can be reduced fpagicularsite andis suggested in the HSM
The PS for each zone ighe difference between the expectedsh count andhe

predictedcrash coun{seeFigure6-1).

g e observed crash #
= e expected crash #
e
S PSI
predicted crash #
- —
SPF

Figure 6-1 Schematic showing definition of PSI

The pedicted crash coustwere estimated using sixsubmodels in thenested
structure as was shown previously and the PSk were calculatedoy following the
eqguation proposed by AgueXalverde and Jovanis (2009s suggested in E®-1, the
PSI isthe gap between the expected crastandthe predictedcrashcount. Eg. 6-2 and

6-3 were derived from Ed-1, for convenience of calculation.

0 "Y'Ol 0 (6-1)
Ao 1 0O — - Ao 1 & (6-2)
Agb 1 & Agb - 0 (6-3)
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The PSls were calculated and th8AZs were rankedseparately for urban and
rural areasTables 6-3 and 6-4 presentthe TSAZs with the top10% PSk in rural and
urban areas, correspondinglyThe full tables with all TSAZ figures areincluded in
AppendixC.

Figures6-2 and6-3 show the spatial distributions of hot zones with top 10% PSlIs
in Orange, Seminole, and Osceola counties for both total crashes arantatgury
crashes, respectivelifor total crashegigure6-2 indicates that most of the hot zones in
rural areas wereloseto the fringes of urban areas, or they contained major arterials (i.e.,
SR50)or full access control roads (i.e., SR528, SR91, etc.). With regards to urban areas,
hot zoneamostly were locatd from downtown Orlando to eastern Orlando along SR50
(E. Colonial Drive). For fatatandinjury crasheshot zoneshad patterns very close to
those of the total crash hot zon@y slight differencesare indicatedin Figure 6-3).
These hot zonesere closer to high speed roads (freeways or expressways) in both urban
and rural areas. For example, some fatatinjury crash hot zones contained (urban)
and SR91 (rural).

Table 6-3 Ranking TSAZs with the top 10% PSis (rural areas)

Rank Rank Total crashes Fatal-and-injury crashes

an percentile | TSAZID PSI TSAZ ID PSI

1 1.4% 367 215.548 367 79.229
2 2.8% 337 152.669 337 70.096
3 4.2% 347 145.548 347 51.083
4 5.6% 406 130.475 281 48.928
5 6.9% 281 118.346 406 45.225
6 8.3% 49 103.374 464 31.660
7 9.7% 361 70.069 49 31.319
8 11.1% 247 61.156 394 26.761
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Table 6-4 Ranking TSAZs with the top 10% PSls (urban areas)

Rank Rank Total crash Fatal-and-injury crash

an percentile | TSAZID PSI TSAZ ID PSI

1 0.2% 56 1127.880 202 334.644
2 0.5% 15 971.440 8 272.738
3 0.7% 202 791.730 196 255.596
4 0.9% 8 651.180 2 234.250
5 1.2% 9 648.000 56 233.255
6 1.4% 196 625.459 15 204.740
7 1.6% 192 620.349 89 188.698
8 1.9% 89 595.207 207 179.557
9 2.1% 69 549.530 5 178.469
10 2.3% 104 510.150 43 175.275
11 2.6% 382 498.175 69 171.608
12 2.8% 130 492.320 3 156.202
13 3.0% 224 470.914 12 151.874
14 3.3% 0 433.720 192 150.154
15 3.5% 92 429.485 67 138.363
16 3. 7% 67 428.796 62 137.494
17 4.0% 62 413.550 130 134.979
18 4.2% 6 411.870 18 133.330
19 4.4% 43 402.370 104 131.018
20 4.7% 66 385.870 9 129.910
21 4.9% 146 384.350 0 125.090
22 5.1% 178 381.803 66 124.134
23 5.4% 18 376.160 58 118.026
24 5.6% 42 361.726 101 111.759
25 5.8% 212 354.540 65 111.366
26 6.1% 195 350.338 93 110.636
27 6.3% 29 345.127 212 110.133
28 6.5% 35 330.897 16 109.178
29 6.8% 180 327.315 180 104.254
30 7.0% 19 318.380 86 96.362
31 7.2% 207 318.163 57 96.124
32 7.5% 60 302.947 6 94.408
33 7.7% 14 293.278 224 94.395
34 7.9% 2 287.020 38 91.203
35 8.2% 28 280.342 105 87.838
36 8.4% 57 268.780 382 87.799
37 8.6% 3 257.644 195 86.882
38 8.9% 250 253.911 250 82.205
39 9.1% 98 252.000 19 80.906
40 9.3% 5 250.610 233 79.481
41 9.6% 38 248.007 345 79.408
42 9.8% 22 247.428 42 78.342
43 10.0% 93 235.027 333 76.341
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Normal zones

- Hot zones

Figure 6-2 Top 10% hot zones for total crashes in both urban and rural areas, rural areg and urban areas (left to right, respectively)
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Normal zones

- Hot zones

Figure 6-3 Top 10% hot zones forfatal-and-injury crashes in both urban and ural areas, rural areas, and urban areas (left to right, respectively)
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7. DEVELOPMENT OF SPFsFOR MICRO-LEVEL ANALYS ES

This section describes the overphlocedure used to perform theanw-level analyss. A
description of thedatapreparationprocedure was provided in Section 7Alseries of SPFfor
segments and intersection were develogeguhratelyseeSectiors 7.2 and 7.3).

7.1. Data preparation

In order toretainconsisteng betweerthe macre and micrelevel modesk, the researcteam
used the same crash data astlescribedabove.GIS techniquesvere usedo collect crah and
road characteristicdata. Thismethod can be considered both accurate and efficient because it
automatically generates crash mapping results, and no extra effort or time was required to
examine tle merged resultsThe inventory file of the intersections was based onRbadway
Characeristics InventoryRCI) dataset. For each signalized intersection, a buffer area with a 250
foot radius was createc&nd any crashes located within this buffer were counted for that
intersection.For the segment analysis, vexcludedall intersections andntersectiorrelated
area from the current road network. Tablel Bhows thestatistics othe different roadway type
The AADT data vasalsocollected from theRCl dataset for the years 2008 and 2008ually,
there wereonly two roadway IDs per intersection. In some casbsge or more different
roadway IDs intersected in the centeradgdingleintersection. In this caseve hal threeor more
roadway IDs instead dfvo. When that occurredhe average AADT was usedrthe tvo roads
on the same line/direction. For example, if theeee three different roadway IDs intersectisy
the same point, two of the three roasdsuld represent the major roacnd the thirdwould
represent the minor road. The average AARJuld then becalculated for the two roadway IDs

represenng the major road vth different AADTS.
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Road inventory data and traffic data for each type of roadanda were collected from the
Roadway Characteristics Inventory (RCI) system.

The researchteam developed SPFs fdine major function classes of roads in Osceola
Seminole and Orange countie§or the segments, thenere rural 2 lane undivided, rural 2 or 4
lane divided, urban 2 lane divided, urban 4 lane divided, urban 2 or 4 lane undsidedmore
lane interruptedpartial access controtpads, one way aus, and 3 lanwith Two Way Left
Turn Lane (TWLTL). For the intersectia) there were 4 Legs Intersectios and 3 Legs
Intersectios.

Overall, hese road classes are consisteith the HSM road classificatignwhile the SPFs
in the FIU report (Preparing Florida for Development of SafetyAnalyst for All Roads) were fitted
for theroad classes specified in SafetyAnalyst (Spreover,this study includegertainnew
roadway typs not presented in the HSM, such @®r more lane interrupted roads should be
noted thattwo categoriesith similar characteristicsvere combined and onedummy variable
was addedo the modewhen the sample siagas too small For example, ural 2 lanedivided
roadswere combined withlural 4 lane divided roadsAlso, urban 2laneundivided roadswere

combined withurban4 laneundividedroads
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Table 7-1 Collected data fordifferent typesof roads

Road segments

Classification min max total
Rural 2Lane Undivided Roads Segment (mi) | 0.2154 | 21.545 | 188.75588
(59 segments) Total Crashes 1 19 389
FI Crashes 0 13 208
Rural 2Lane Divided Roads Segment (mi) | 0.1009 | 0.4978 | 5.221026
(25 segments) Total Crashes 0 5 26
FI Crashes 0 5 12
Rural 4Lane Divided Road Segment (mi) | 0.1035| 26.947 | 149.00231
(47 segments) Total Crashes 0 175 1125
FI Crashes 0 70 503
Urban 2Lane Undivided Segment (mi) | 0.1001 | 3.5831 | 482.79878
(1066 segments) Total Crashes 0 126 7278
FI Crashes 0 52 3131
Urban 2Lane Divided Segment (mi) | 0.1005 | 2.2882 | 134.44159
(456 segments) Total Crashes 0 97 3051
FI Crashes 0 40 1251
Urban 4Lane Undivided Roads Segment (mi) | 0.1002 | 1.3211 | 21.469023
(69 segments) Total Crashes 0 92 761
FI Crashes 0 23 344
Urban 4Lane Divided Roads Segment (mi) | 0.1001 | 8.6769 | 654.40990
(778 segments) Total Crashes 0 348 21762
FI Crashes 0 144 8958
Six Lanes Interrupted Roads Segment (mi) | 0.1000 | 3.8197 | 169.05941
(296 segments) Total Crashes 0 317 10054
FI Crashes 0 116 4098
Six Lanes Uninterrupted Roads Segment (mi) | 0.1070 | 2.6523 | 58.139970
(102segments) Total Crashes 0 279 3699
FI Crashes 0 100 1507
: Segment (mi) | 0.1180 | 0.7483 | 7.264682
Elght L?;gss;gt;:zgf dRoads I ol Crashes| 0 112 501
FI Crashes 0 33 200
: . Segment (mi) | 0.1089 | 5.7876 | 43.303028
Eight Lar;;:z sUer;rrE;r; ;;)ted Roads Total Crashes 0 228 3385
FI Crashes 0 90 1524
Urban 3Lane with TWLTL Arterial Streets| Segment (mi) | 0.1000 | 3.1038 | 68.799244
(223 segments) Total Crashes 0 68 1253
FI Crashes 0 30 531
Urban 5Lane with TWLTL ArterialStreets| Segment (mi) | 0.1005 | 1.4906 | 40.530855
(101 segments) Total Crashes 0 101 1973
FI Crashes 0 42 924
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Urban #Lane with TWLTL Arterial Streets Segment (mi) | 0.1158 | 0.3920 | 1.092304
(5 segments) Total Crashes 3 23 61
FI Crashes 2 10 24
Segment (mi) | 0.1263 | 1.1063 | 17.832387
O(gg\;\/:gmiﬁgf Total Crashes 0 58 591
FI Crashes 0 28 268
Intersection
Classification min max total
4 Legs Intersection Total Crashes 2 250 8139
(140 segments) FI Crashes 0 53 1926
3 Legs Intersection Total Crashes 1 21 3903
(110 segments) FI Crashes 1 36 887

(*: Fl indicates fatal and injury crashes)

7.2.Model structure for SPFsat the Micro scopicLevel

Because therevas no existing SPF or reference group data availalfe]l Bayesian model

wasused to estimate the PSI vaduder the differentroadwaytypes in the study areA Poisson

log-normal modelwith random effect wasmployedfor this project. Tis regression model can

be derived from the Poisson model by assuming ttimtsameoadway type share one error

term overvariousyears.The detailedframework of the regression modsldescribedn greater

detail in Appendix A
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8. MODELING RESULTS AND ID ENTIFICATION OF HOT ZONES FOR

MICRO-LEVEL ANALYSES

8.1. SPFsfor Road Segments

As mentioned in the previous section, the SPFs were fitted using Negative Binomial model
by a Full Bayesian approach. Tablel §below) contains the summary statistics. For different
road types, the coefficients of intercept, the natural log of the major and minor AADT are
different. All coefficients of intercept are negative, while the coefficients of the natural log of the
major and minor AADT are positive. When comparing the SPFgh® total crashes and FlI
crashes, we found that their coefficients were close to each other except in Rara 2
Undivided Roads. For RuratlZane Undivided Roads, the segment length affected the expected

total crashes more than the AADT, while it veatrary for the FI crashes.

Table 8-1 SPFs for total crastes

Classification intercept Ln (AADT)

mean s.d. mean s.d.
Rural 2Lane Undivided Roads -0.441 2.868 0.593 0.312
Rural 2/4 Lane Divided Roads -6.702 1.785 0.700 0.1
Urban 2Lane Divided Roads -6.318 0.743 0.757 0.089
Urban 4Lane Divided Roads -4.40) 0.524 0.654 0.052
Urban 2/4 Lanes Undivided Roads -2.319 0.38L 0.335 0.043
6 or more Lanes Interrupted Roads -6.638 1.253 0.8% 0.119
6 or more Lanes Uninterrupted Roads| -2.007 1.049 0.417 0.0
3 or more Lanes with TWLTL Roads -3.347 0.844 0.4 0.093
One Way Roads -4.387 2.868 0.593 0.312
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Table 8-2 SPFsfor FI crashes

Classification intercept Ln (AADT)

mean s.d. mean s.d.
Rural 2Lane Undivided Roads -1.116 1.265 0.2% 0.150
Rural 2/4 Lane Divided Roads -6.685 1.888 0.59 0.209
Urban 2Lane Divided Roads -6.591 0.797 0.707 0.085
Urban 4Lane Divided Roads -4.941 0.516 0.618 0.051
Urban 2/4 Lanes Undivided Roads -3.147 0.432 0.332 0.048
6 or more Lanes Interrupted Roads -7.327 1.107 0.8 0.1®
6 or more Lanes Uninterrupted Roads| -4.061 1.056 0.524 0.093
3 or more Lanewith TWLTL Roads -3.705 1.048 0.381 0.115
One Way Roads -7.410 2.621 0.842 0.282

Based on theabove modek, PSk can becalculatedas the difference between the
predicted crash frequency and the expected crash frequency for each roeabke-3 to 8-20
present the topen hotspots fototal crashes and Fl crashes eachroadwaytype In Table8-2,
for rural 2lane roads, the PS$F the first hotspotlD: 77060000 is 10.09 which means that there
is the potential to decrease crash frequency by 1@t@Bis segmenin two years. The rankings
of sites based on the PSls of total and FI crashes idemnéfied separatelyln general, the PSI
values of the hotspots of the total crashes are higher than té@otsoof the fatahndinjury
crashes for the same roadway type. For example, the maximum PSI for Urhaestdivided
total crashes is 246.3 while the PSI for fatattinjury crashes for the same road segment is

71.67.
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Table 8-3 Screeningoutput for rural 2i lane undivided segmentgtotal crashes)

Rankk | RD_ID Length AADT | COUNT | Pred | Exp | PSI
1 77060000] 5.139170 6500 19 6.93 | 17.02| 10.09
2 77000214 3.253740 2300 17 4.744| 14.53| 9.786
3 75160500 5.807980 1200 16 4.982| 13.77| 8.788
4 92070000 7.048990 5800 18 7.794| 16.36| 8.566
5 77060000, 4.572620 6500 17 6.635| 15.19]| 8.555
6 77040000 3.908980 6100 16 6.226| 14.22| 7.994
7 75100000 0.778769 | 12000 15 5.815| 13.2 | 7.385
8 75100000 1.268880 | 12000 15 6.026| 13.29| 7.264
9 75000381 4.545580 3000 14 5.542| 12.31| 6.768
10 | 77000214 3.838810 2300 13 4.961| 11.24| 6.279

(pred: predicted crash frequency. exp: expected crash frequency adjust&dnieyhod)

Table 8-4 Screeningoutput for rural 2i lane undivided segmentgFI crashes)

Rank | RD_ID Length AADT | COUNT | Pred | Exp | PSI
1 | 77000214 3.253740 2300 13 2.386| 10.49| 8.104
2 | 77060000  5.139170 6500 12 3.45 ] 10.17| 6.72
3 192070000  7.048990 5800 12 3.85 | 10.31| 6.46
4 | 77040000  3.908980 6100 11 3.111|9.183| 6.072
5 | 77060000  4.572620 6500 10 3.309| 8.446| 5.137
6 | 92060000 4.127490 2200 9 2.505| 7.251| 4.746
7 | 75100000 0.778769 12000 9 2.96 | 7.446| 4.486
8 | 75100000  1.268880 12000 9 3.06 | 7.499| 4.439
9 | 77000214 3.838810 2300 8 2.48 | 6.442| 3.962
10 | 75000379  1.717150 1200 7 1.877|5.298]| 3.421
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Table 8-5 Screeningoutput for rural 2/4i lane divided segmentgtotal crashes)

Rank | RD_ID Length AADT | COUNT | Pred | Exp | PSI
1 75002000 10.833000 | 38759 138 65.87| 137.3| 71.43
2 92470000 13.177600 | 25000 116 71.87| 115.6| 43.73
3 75005000 4.736780 38759 52 23.65| 51.29| 27.64
4 75002000  0.463171 34000 38 10.69| 36.87| 26.18
5 75140000 4.624240 14100 36 11.21| 35.01| 23.8
6 92030000, 6.318820 5900 32 8.22 | 30.84| 22.62
7 92470000 2.612120 26000 35 12.45| 34.14| 21.69
8 75060000 1.562230 9900 28 5.29 | 26.58| 21.29
9 92030000 5.142790 8114 26 8.34 | 25.07| 16.73
10 75140000 7.595530 15500 36 19.7 | 35.49| 15.79

Table 8-6 Screening output for rural 2/4i lane divided segmentqFI crashes)

Rank | RD_ID Length AADT | COUNT | Pred | Exp | PSI
1 75002000, 10.833000 38759 70 27.39| 69.02| 41.63
2 92470000, 13.177600 25000 53 30.86| 52.45| 21.59
3 92030000 6.318820 5900 19 423 | 17.63| 134
4 75140000 4.624240 14100 19 532 |17.84| 12.52
5 75005000 4.736780 38759 21 10.13| 20.33| 10.2
6 75060000 1.562230 9900 14 2.643| 12.53| 9.887
7 75140000 7.595530 15500 19 9.124| 18.36| 9.236
8 75002000 0.463171 34000 14 4.733| 13.02| 8.287
9 75060000 3.940610 9900 12 3.86 | 11.02| 7.16
10 | 75140000 2.666190 14100 12 3.881|11.02| 7.139
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Table 8-7 Screening output for urban 2i lane divided segmentgtotal crashes)

Rank | RD_ID Length AADT | COUNT | Pred | Exp | PSI
1 92000103 0.381118 7800 92 3.22 | 89.02| 85.8
2 75000145 0.238122 13500 84 3.76 | 81.25| 77.49
3 75000321) 0.330305 4800 61 2.04 | 57.96| 55.92
4 75510501 0.217018 28500 63 6.38 | 60.96| 54.58
5 75000199 0.556225 10000 51 5.38 | 48.99| 43.61
6 75000304, 0.382950 23500 48 7.48 | 46.36| 38.88
7 75620000, 1.515710 21500 97 57.75| 96.54 | 38.79
8 92010000, 0.384625 24000 44 7.62 | 42.45| 34.83
9 75080000, 0.116237 18400 40 3.8 | 37.93| 34.13
10 | 75506503 0.170450 8100 36 2.25 | 33.55| 31.3

Table 8-8 Screeningoutput for urban 2i lane divided segmentgFI crashes)

Rank | RD_ID Length AADT | COUNT | Pred | Exp | PSI
1 92000103 0.381118 7800 40 1.42 | 36.87| 35.45
2 75000145 0.238122 13500 33 1.67 | 30.21| 28.54
3 75510501 0.217018 28500 19 2.74 | 17.25| 14.51
4 75000321 0.330305 4800 18 0.92 | 15.31| 14.39
5 75080000 0.116237 18400 18 1.71 | 15.86| 14.15
6 75620000 1.515710 21500 32 18.02| 31.44| 13.42
7 75000192 0.104974 15500 17 1.49 | 14.81| 13.32
8 75000199 0.556225 10000 17 2.22 | 15.18| 12.96
9 75000304 0.382950 23500 16 3.11 | 14.54| 11.43
10 | 75620000, 1.631590 21500 33 21.79| 32.57| 10.78

Table 8-9 Screening output for urban 4i lane divided segmentgtotal crashes)

Rank | RD_ID Length AADT | COUNT | Pred | Exp | PSI
1 75000156 2.557010 16100 305 38.2 | 302.5| 264.3
2 75060000 3.433220 37500 348 122.2| 346.8| 224.6
3 75000139 1.625300 35500 222 33.7 | 219.9| 186.2
4 75060000, 2.065010 37500 234 47.3 | 232.1| 184.8
5 75200000 1.578070 44000 210 37.6 | 208 | 1704
6 75230500, 2.378660 32000 224 53 | 222.3| 169.3
7 75000139 1.846740 35500 204 39.3 | 202.1| 162.8
8 75000156 1.210130 16100 169 15.1 | 166.2| 151.1
9 75000178 1.353070 14300 169 15.4 | 166.3| 150.9
10 | 75620000 2.159570 31000 186 44.6 | 184.4| 139.8
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Table 8-10 Screening output for urban 4i lane divided segmentqFI crashes)

Rank | RD_ID Length AADT | COUNT | Pred | Exp | PSI
1 | 75060000 3.433220 37500 144 | 53.22| 142.7| 89.48
2 | 75040000 0.987496 31000 95 8.53 | 91.7 | 83.17
3 | 75000156  2.557010 16100 91 17.05| 88.72| 71.67
4 | 75060000 2.065010 37500 90 20.38| 87.97| 67.59
5 75010000 1.666590 26500 75 12.44| 72.55| 60.11
6 | 75200000 1.578070 44000 75 16.01| 72.92| 56.91
7 | 75690500  3.028690 38000 95 40.37| 93.85| 53.48
8 | 75010000  1.596470 26500 67 11.84| 64.67| 52.83
9 | 75230500 2.378660 32000 74 23.01| 72.44| 49.43
10 | 75000156  1.210130 16100 59 6.65 | 56.01| 49.36

Table 8-11 Screenig output for urban 2/4i lane undivided segmentgtotal crashes)

Rank | RD_ID Length AADT | COUNT | Pred | Exp | PSI
1 | 75000059 0.622665 12000 87 5.36 | 84.38| 79.02
2 | 75000104 1.918320 2500 97 18.7 | 95.4 | 76.7
3 | 75000104 1.924420 2500 96 18.87| 94.39| 75.52
4 | 755200000 1.163680 12900 88 11.52| 86.03| 74.51
5 | 75000155 0.850311 21500 92 16.12| 90.3 | 74.18
6 | 75000087 2.519410 6900 126 |60.12| 125.3| 65.18
7 192000103  1.973910 7800 91 29.57| 89.89| 60.32
8 | 75040000 0.941903 22000 71 10.18| 69.1 | 58.92
9 | 92000103 0.370056 7800 65 3.29 | 62.16| 58.87
10 | 75000015/ 0.118409 7400 59 2.29 | 55.83| 53.54

Table 8-12 Screening output for urban 2/4i lane undivided segmentgFI crashes)

Rank | RD_ID Length AADT | COUNT | Pred | Exp | PSI
1 | 75000059 0.622665 12000 47 2.27 | 44.13| 41.86
2 92000103  1.973910 7800 52 12.43| 50.64| 38.21
3 | 75520000 1.163680 12900 45 4.86 | 42.89| 38.03
4 | 75000104, 1.918320 2500 42 7.89 | 40.41| 32.52
5 | 75000104 1.924420 2500 41 7.96 | 39.48| 31.52
6 |92000103  0.370056 7800 34 1.4 31 | 29.6
7 | 75000003  0.656769 2100 28 1.33 | 25.16| 23.83
8 | 75000087, 2.519410 6900 49 25.2 | 48.33| 23.13
9 | 75025501 1.589490 7700 28 7.32 | 26.75| 19.43
10 | 75080101 1.016250 14000 25 4.09 | 23.33| 19.24
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Table 8-13 Screeningoutput for 6 or more lane interrupted roads (total crashes)

Rank | RD_ID Length AADT | COUNT | Pred | Exp | PSI
1 | 75010000 1.425420 61000 271 80.3 | 269.6| 189.3
2 | 75037000 1.897670 59000 317 148.2| 316.1| 167.9
3 | 75002000, 0.154878 49000 145 12.1 | 142.2| 130.1
4 | 75010000, 2.071730 57000 305 182.5| 304.5| 122
5 | 75002000 0.775936 37000 140 22 | 137.9| 115.9
6 | 755180007 0.842210 53000 135 32.5|133.4| 100.9
7 | 75010000] 0.404445 53500 116 18.14| 113.9| 95.76
8 | 75050000, 0.993066 28500 119 |23.86| 117.2| 93.34
9 | 75000139  0.587495 35500 105 16.55| 102.9| 86.35
10 | 75000034 1.439420 39500 144 | 57.08| 143 | 85.92

Table 8-14 Screeningoutput for 6 or more lane interrupted

roads(FI crashes)

Rank | RD_ID Length AADT | COUNT | Pred | Exp | PSI
1 | 75037000, 1.897670 59000 116 |57.22| 115 | 57.78
2 | 75050000] 0.993066 28500 63 10.18| 60.42| 50.24
3 | 75010000, 1.425420 61000 80 32.59| 78.74| 46.15
4 | 75270000, 1.486750 51500 70 30.61| 68.87| 38.26
5 | 75000139 0.587495 35500 48 7.36 | 45.45| 38.09
6 | 75050000 1.012960 28500 50 10.44| 47.85| 37.41
7 | 75010000, 2.071730 57000 106 |69.18| 105.4| 36.22
8 | 75002000 0.154878 49000 41 5.6 | 38.28| 32.68
9 | 75037000, 0.696127 59000 45 12.79| 43.28| 30.49
10 | 75060000, 1.548350 49500 62 31.99| 61.1 | 29.11

Table 8-15 Screeningoutput for 6 or more lane uninterrupted

roads (total crashe}

Rank | RD_ID Length AADT | COUNT | Pred | Exp | PSI
1 | 75280000, 0.243255 | 180500 279 25.1 | 275.4| 250.3
2 | 75008000  2.652340 46000 243 81.5 | 241.4| 159.9
3 | 75280000, 0.919223 | 140000, 121 |45.15|119.5|74.35
4 | 77160000 1.838250 | 135500| 146 | 70.58|144.9|74.32
5 | 75280000f 0.633673 | 131500 110 |35.83|108.4|72.57
6 | 75280000] 0.338652 | 124000 96 22.99| 93.94| 70.95
7 | 752800000 1.283900 7500 86 14.41| 83.42| 69.01
8 | 75008000, 0.638744 99500 95 26.01| 93.13| 67.12
9 | 77160000, 0.872188 | 135500, 102 35.1 | 100.5| 65.4
10 | 75008000  0.579055 99500 91 24.91| 89.11| 64.2
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Table 8-16 Screeningoutput for 6 or more lane uninterrupted roads (FI crashes)

Rank | RD_ID Length AADT | COUNT | Pred | Exp | PSI
1 75008000, 2.652340 46000 100 29.98| 98.21| 68.23
2 75280000, 0.243255 180500 81 11.6 | 78.23| 66.63
3 75280000, 0.633673 131500 60 16.18| 58.15| 41.97
4 75280000, 0.670044 140000 56 17.15| 54.29| 37.14
5 75008000 1.037580 112500 54 19.69| 52.56| 32.87
6 75280000 0.189412 139000 46 12.3 | 44.17| 31.87
7 75280000 0.919223 140000 51 20.35| 49.69| 29.34
8 77160000 1.838250 135500 59 29.92| 58.03| 28.11
9 75280000 0.655409 131500 46 16.42| 44.53| 28.11
10 | 75280000 0.207153 182000 43 14.35| 41.45| 27.1

Table 8-17 Screeningoutput for 3 or more lane TWLTL ( total crashe9

Rank | RD_ID Length AADT | COUNT | Pred | Exp | PSI
1 75025500 0.955905 11500 68 9.54 | 65.87| 56.33
2 75025500 1.114230 11500 85 29.02| 83.77| 54.75
3 75590000 0.859996 31500 85 29.26| 83.78| 54.52
4 75000126 0.467922 14500 60 4.7 | 57.23| 52.53
5 75025500 0.356414 11500 46 8.27 | 44.09| 35.82
6 75000091 0.524702 7500 42 3.89 | 39.45| 35.56
7 92010000 0.744987 28500 59 23.16| 57.99| 34.83
8 75000091 0.768833 7500 41 5.82 | 38.9 | 33.08
9 77010000 0.654359 23500 51 18.34| 49.91| 31.57
10 | 75030000 0.377940 27500 43 12.44| 41.65| 29.21

Table 8-18 Screening output for 3 or more laneTWLTL (FI crashes)

Rank | RD_ID Length AADT | COUNT | Pred | Exp | PSI
1 75590000, 0.859996 31500 42 13.03| 40.71| 27.68
2 75025500 1.114230 11500 41 13.31| 39.73| 26.42
3 75000126 0.467922 14500 30 1.97 | 26.99| 25.02
4 | 92010000 0.744987 28500 35 10.47| 33.68| 23.21
5 75025500 0.356414 11500 23 4.04 | 21.09| 17.05
6 75012500 1.182130 8200 30 13.09| 29.07| 15.98
7 75000091 0.768833 7500 19 2.46 | 16.81| 14.35
8 75025500 0.955905 11500 20 3.9 | 18.23| 14.33
9 75000192 0.584452 15500 22 6.46 | 20.67| 14.21
10 | 75000091 0.524702 7500 18 1.68 | 15.46| 13.78
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Table 8-19 Screenirg output for onei way roads (total crashes)

Rank | RD_ID Length AADT | COUNT | Pred | Exp | PSI
1 75000408, 0.779566 7800 58 14.63| 57.08| 42.45
2 75000369 0.205179 7000 42 3.79 | 40.52| 36.73
3 75040102 0.614347 8400 48 10.33| 47.06| 36.73
4 75080000, 0.275668 7500 37 456 | 35.69| 31.13
5 75000184 0.621036 4800 35 7.53 | 34.04| 26.51
6 75000098, 1.106300 1500 39 13.34| 38.2 | 24.86
7 75080000 0.525832 14000 30 11.69| 29.41| 17.72
8 75080000 0.555808 14000 30 12.52| 29.43| 16.91
9 75080000, 0.471444 7500 24 6.97 | 23.23| 16.26
10 | 75000262, 0.339616 9000 21 5.82 | 20.21| 14.39

Table 8-20 Screening output for oneway roads (FI crashes)

Rank | RD_ID Length AADT | COUNT | Pred | Exp | PSI
1 75080000, 0.275668 7500 28 2.16 | 26.02| 23.86
2 75000408, 0.779566 7800 28 7.68 | 26.97| 19.29
3 75000098, 1.106300 1500 19 482 |17.82| 13
4 75000184 0.621036 4800 17 3.42 | 15.82| 124
5 75080000 0.471444 7500 16 3.43 | 14.86| 11.43
6 75040102 0.614347 8400 14 5.365| 13.29| 7.925
7 75080000 0.525832 14000 15 6.748| 14.4 | 7.652
8 75000369 0.205179 7000 9 1.741| 7.865| 6.124
9 75000184 0.353668 4800 9 1.798| 7.889| 6.091
10 | 75040000, 0.396734 13500 10 4.769| 9.486| 4.717

included:

8.2. SPFsfor Intersections

Model 1: two variables themajor AADT and the minor AADT,

Model 2: two variables the major AADT and the interaction between the major AADT

and minor AADT;
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For intersectiog the model fitting procedurewas similar to that used forsegments The
research teamised Full Bayesian Poisson Lognormal modelgredict crash frequengyput

tried four different variable combinations to identify the best model. These four combinations




(3) Model 3: two variables the minor AADT and the interaction between the major AADT
and minor AADT, and
(4) Model 4: one variable the sum of the major AADT and minor AADT.
The above models were developed for the total crashes and thanf@iajury crashes

8.2.1. Four-Leg Intersection

In Tables 8-21 and 822, the resuk show thatthere were no significant differense
amongthese four moded; to be consistérwith the HSM (2@0), model 1 was adoptddr both
cases

The crash predictiomodel fortotal crashes id-leg signalized intersections:

01 QQOwnp @Y moc tzd 166 0"Y ™ T PFhid 60"y (8-1)

For fatalandinjury crashes,hte selected model forl8g signalizedntersectionss:

01 QQOwnRp & p MPu Zx 1606 0"Y ™ Yeed 16607y (8-2)
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Table 8-21 Four different variable combination models:total crashes

Variable MODEL 1 MODEL 2 MODEL 3 MODEL 4
o AADT major T AADT inor 1 .
AADT | (AADTnaohRD. | (AADT mdhD. | 1O 000
minor) Tminor)
mean s.d. mean s.d. mean s.d. mean s.d.
Intercept -12.08* 1.098 | -12.3* 0.9492 | -11.74* 0.9009 | -14.04* 1.222
Ln AADT naior 0.9245* 0.106 | 0.4088* | 0.1132
Ln AADT inor 0.5489* | 0.0566 -0.333* | 0.1207
Ln (AADT major *AADT mino) 0.545* | 00563 | 0.888* | 0.0875
Ln (Total Volume Entering) 1.549* 0.1058
MAD 18.6368 18.59177 18.70905 19.83413
MSPE 731.7612 731.9605 733.8136 795.0376
DIC 1045.64 1046.33 1046.72 1048.4
** gignificant at 5%
Table 8-22Four different variable combination models: Fl crashes
Variable MODEL 1 MODEL 2 MODEL 3 MODEL 4
_ AADT major AADT inor ¥ .
AADT | (AADT s dhAD. | (AADT g xhAD. | O ECTS
Tminor) Tminor)
mean s.d. mean s.d. mean s.d. mean s.d.
Intercept -12.01* 1.324 | -12.23* 1.361 -12.1* 1.245 | -13.81* 1.32
Ln AADT paior 08527* | 0.1252 | 0.423% | 0.1702
Ln AADT minor 0.4812* | 0.0666 -0.376™ | 0.1465
Ln (AADT major *AADT mminor) 0.4647 | 0.0631 | 0.859* | 0.1137
Ln (Total Volume Entering) 1407 0.1138
MAD 5.425141 5.430646 5.42%02 5.614377
MSPE 53.81742 53.68212 53.86145 55.6275
DIC 819.266 819.3 819801 820.99
** gignificant at 5%

Based on thabove modelPSIcan becalculatedasthe difference between the predicted

crash frequency and the expected crash frequency for each road site. 8FaBland 8-24

present the topenhotspots fototal crashes and Fl crasHes eachroadwaytype
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Table 8-23 Top 10% hotspots for urban 4-leg signalized intersections: total crash models

Rank Roadway ID | Roadway ID | Roadway ID | Roadway ID ps|
1 2 3 4

1 75270000 75270000 75000103 75000139 118.9
2 75230500 75230500 75270000 75270000 75.83
3 75000208 75000208 75270000 75270000 66.4

4 75035001 75035001 75039000 75000279 63.44
5 75250000 75250000 75590000 75000161 57.87
6 75000155 75000155 75270000 75270000 55.32
7 92090000 92090000 92000055 92000054 49.96
8 75010000 75010000 75000319 75000017 43.3

9 75060000 75060000 75620000 75620000 39.91
10 75010000 75010000 75000156 75600000 38.45
11 75200000 75200000 75510500 75510501 38.26
12 77510000 77510000 77120000 77120000 34.89
13 75050000 75050000 75000087 75000087 32.18
14 75020000 75020000 75190000 75190000 30.81

Table 8-24 Top 10% hotspots for urban 4-leg signalized intersectionsFl crash models

Rank Roadway ID | Roadway ID | Roadway ID | Roadway ID ps|
1 2 3 4

1 75270000 75270000 75000103 75000139 22.01
2 75000155 75000155 75270000 75270000 19.45
3 75000208 75000208 75270000 75270000 15.8

4 75190000 75190000 75250000 75250000 13.16
5 75250000 75250000 75000086 75000087 13.05
6 75020000 75020000 75190000 75190000 11.49
7 75060000 75060000 75000142 75000142 11.09
8 75080000 75080000 75003000 75003000 11.01
9 75050000 75050000 75190000 75190001 10.66
10 92090000 92090000 92605000 92000076 10.4

11 75250000 75250000 75590000 75000161 9.794
12 75060000 75060000 75040000 75040000 9.617
13 92090000 92090000 92000055 92000054 9.586
14 75230500 75230500 75190001 75190001 9.074
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8.2.2. Three-Leg Intersectiorns

In Table8-25, the resuls show thattherewere no significant differenseamongthe four

modesk; to be consistérwith the HSM (2@0), model 1 was adoptddr both casesThe crash

predictionmodel fortotal crashes a 3leg signalized intersectiaas:

01 QQOwRY8 weTmdy pl 1606 0"Y

e il 160"y

(8-3)

As for fatatandinjury crashes(Table 826), only models 3 and 4ad significant

coefficientsat a95% confidence leveFor calculation convenienci the following sectionshe

research team selected modéb predictthe PSL

Forfatalandinjury crashes, the selected model fdeg signalized intersections is:

01 QQOw/Yd ¢ om@omtdyl 166 0"Y 1 160"y (8-9)
Table 8-25 Four different variable combination models:total crashes
Variable MODEL 1 MODEL 2 MODEL 3 MODEL 4
AADT aior | AADT rinor | .
AADT major - maor minor Total Entering
AADT o (AADT ajor XAAD | (AADT pajor XAAD Vehicles
Tminor) Tminor)
mean s.d. mean s.d. mean s.d. mean s.d.
Intercept -8492° | 1401 | 8286 | 1489 | -8507 | 1.309 | 9427 1.77
Ln AADT paior 0.876 0126 | 058" 0.178
Ln AADT minor 0206 | 0.080 0687 | 4146
Ln (AADT pajor *AADT inor) 0.28" 0088 | 0.8% 0.111
Ln (Total Volume Entering) 1113 0.154
MAD 14800 14.69 14.85 14.6
MSPE 467.965 463.5@ 467.795 45358
DIC 780.194 780.289 780.237 779.919

** gignificant at 5%
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Table 8-26 Four different variable combination models fatal-and-injury crash models

Variable 1) MODEL 2) MODEL 3) MODEL 4) MODEL
AADT paior 1 AADT pinor 1 .
AADT major - mae e Total Entering
AADT pinor (AADT mAa“”) AAD | (AADT '“f"’°r) AAD Vehicles
mean s.d. mean s.d. mean s.d. mean s.d.
Intercept 833 | 1.802 | 848 1675 | -8419 179 | 8528 | 1.774
LN AADT pmajor 082" | 0157 | 08® | 0.178
Ln AADT minor 0.026 0,08 -0.85 01
Ln (AADT pajor *AADT inor) 0026 | 05 | og0d 0.15)
Ln (Total Volume Entering) 0.908 | 0.5
MAD 28.67648579 28.6788 28.68016364 28.66561771
MSPE 1380.108356 1378.210243 1378.579235 1370.715375
DIC 583.995 579.267 579.414 584.116

# not significamat 20%, ** significant at 5%.

Based on thabove modelPSIcan becalculatedasthe difference between the predicted

crash frequency and the expected crash frequency for each road site 8T2ibte 8-28 present

the toptenhotspots fototal crashes and Fl crasHes eachroadwaytype.

Table 8-27 Top 10% hotspots for urban 3-leg signalized intersections: total crash models

Rank Roadway ID | Roadway ID | Roadway ID pS|
1 2 3
1 75270000 75270000 75000106 74.24
2 75270000 75270000 75505500 64.66
3 75037000 75037000 75000001 60.64
4 75060000 75060000 75160501 57.96
5 77000064 77080000 77080000 52.8
6 75037000 75000288 77170000 44.15
7 75270000 75050000 75050000 41.02
8 75260500 75060000 75060000 36.1
9 75060000 75060000 75000179 34.98
10 92000079 92030000 92030000 33.48
11 75000229 75060000 75060000 33.2

Hotpots for both 4eg and 3eg intersections can be sdarfigure8-1, which showsthat

several hotspot®ound in 4leg and3-leg signalizedintersectionsvere locatedalong thesame

roads, such as SB0 and SR 435
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Figure 8-1 Top 10% hotspots for4-leg and 3-leg signalizedintersectionsfor total crashes(red circle: hot 4-leg

and 3-leg signalized intersectiongblack circle: normal 4-leg and 3-leg signalized intersections)
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The same procedumaentionedabovewas adoptedto define thehotspotsfor fatatand
injury crashesTable8-28 lists the bp 13% hotspots for urbaB-leg signalized intersectionés
was mentiored above, several hotspotsvere locatedalong thesame roadsin addition, the
locations of the hotspots for total crashes and-fatdlinjury crashedor both 4leg and 3leg

intersections we similar (seeFigure8-2).

Table 8-28 Top 10% hotspots for urban 3-leg signalized intersectios: fatal-and-injury crash models

Rank Roadway ID | Roadway ID | Roadway ID ps|
1 2 3

1 75270000 75270000 75505500 20.99
2 75270000 75270000 75000106 18.37
3 75060000 75060000 75000179 13.68
4 75060000 75060000 75160501 9.777
5 92000079 92030000 92030000 8.634
6 75039000 75039000 75000280 8.625
7 75270000 75050000 75050000 8.11

8 75010000 75010000 75000139 6.977
9 92030000 92030000 92000038 6.834
10 75000229 75060000 75060000 6.489
11 75010000 75010000 75000016 6.409

106



N
* e o 0o .
.
o L
®
[ 4
oo o o
e ®
. o. :d
«® 0... | 1 /
° s 4 ;
soe B ° . °
4 : : N PR |
% °®® °
(] e 3 @aric®
o 00 % o o o ®
N 2
. ° .....:....“.
2 : ? .!; 3... AR = o o
o o0 ® noooooooo‘ el or o o .
F.. °
oo .
°
° H o ®
b g s
] o o =it *
® L ]
° ) .: -
° ] b
°
°
°
L3
°
oo ?
.
®
e °0 o
.
o 00 030 o o
L] [ ]
%
.
.
o000 oo

Figure 8-2 Top 10% hotspots for 3-leg signalizedintersections for fataland- injury crashes (red circle: hot 4-

leg and 3leg signalized intersections, black circle: normal 4egand 3-leg signalized intersections)
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9. INTEGRATION OF MACRO - AND MICRO -LEVEL SCREENING

In the previous chapters, the research team identifiedspatisareas at both the
macre and microscopic levels. The next step is to integrate these macroscdpic an
microscopic screening results, and then provide a comprehensive, strategic, and effective
traffic safety improvement plan. The integration strategy of combining theséeweb
screening results is described in Secdh below. In Sectio®.2, the inegration results
for both total and fatadndinjury crashes are provided as GIS maps and tables. Lastly, a
summary that can be drawn from this chapter are provided in S8&ion

9.1.Integration Process

This section describes the overall procedure used to integrate the screening results
from both the macroand microscopic levels. Secti®il.1 describes a brief integration
strategy; Sectiof.1.2 explains the overall procedure of the integration work.

9.1.1. Integration Strategy

Numerous studies have been done to analyze at the microscopic level certain
locations and sites with high traffic safety risk, including the HSM Part B (Hauer, 1996;
Heydecker et al., 1991; Kononov et al., 2003; Chung et al., R8Jland et al., 200
AASHTO, 2010). Recently, several studies have begun to focus ontmmsed network
screening at the macroscopic level (Abdgy et al., 2013; Pirdavani et al.,, 2013).
Compared to microscopic safety studies, macroseopigsed resarch is more efficient
at integrating zondkevel features into crash prediction models and identifying hot zones.
However, macroscopic screening has accuracy limitations because it cannot identify and
separate hotspots from other sites within a singfezdhus, a new integrated screening

approach is needed to overcome the aboeationed shortcomings of current screening
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techniques, and to achieve a balance between efforts towards accuracy and efficiency. In
accomplishing such a goal, we can obtain mm@hensive perspective from two levels
of screening, and therefore develop more appropriate traffic safety treatments.

However, this integration task is challenging because we need to (1) combine
various SPFs from different scales, areas, and roadwags;ty(2) determine an
appropriate weight for each group; and (3) chose a measurement for our final results.
Moreover, the integration requires considerable GIS work to determine and visualize the
spatial relationships between the segments/intersectiontb@i®AZs.

In order to identify whether a zone has safety issues at the macddor
microscopic levels, all TSAZs are classified into twelve categories which include two
scale groups (macro or micro) and four safety levels (hot, normal, cold, or no data)
These categories are: HH, HN, HC, HO, NH, NN, NC, XiBi, CN, CC, and CO (see
Table9-1). The first character of the classification represents the macroscopic safety risk,
and the second character illustrates the microscopic safety risk. Thus, HHhawees
both macre and micrelevel safety problems; HN zones are risky at the macroscopic
level, but their micrdevel risk is moderate. Alternately, HC zones have safety problems
only at the macroscopic level. NH zones face moderate crash risk at théexehabut
their microscopic crash risk is quite high. NN zones are intermediate for traffic safety
both at the macroand microscopic levels. Likewise, NC zones have a moderate risk at
the macroscopic level but their safety risk at the microscopic levehi. CH zones have
high safety risk only at the microscopic level, such as at intersections and segments,
while CN zones have a low crash risk at the macroscopic level but an intermediate crash

risk at the microscopic level. CC zones are safe at betmt#ctre and microscopic levels.
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HO, NO, and CO zones are dangerous, moderate, and safe, respectively,

macroscopic level, but they do not have segment or intersection data at all.

Table 9-1 Hot Zone Classification

Micro Level
Hot Normal Cold No Data
Hot HH HN HC HO
Macro Level Normal NH NN NC NO
Cold CH CN CC CO
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9.1.2. Integration Procedure

The following integration was conducted based on the macroscopic and
microscopic screening results illustrated in grevious chapters (see Figudel). The
integration preedure is summarized in FiguBe2. At the macroscopic level, TSAZs
were ranked by their zonal PSIs; TSAZs with top 10% mbmrel PSIs were classified
as fAHoto zones. TSAZs with bottom 10% zona
and other TSAZs which were neither AHot 0 no
These percentiles could be changed as neddethe microscopic level, the calculation
of average PSI was more complicated because each TSAZ had several intersections and
segments. The PSIs of the intersections in each TSAZ were averaged by the number of
intersections, and the zones were rankecby tiveraged intersection PSI.

Simultaneousl, the PSIs of segments in each zone were averaged by the total
length of the segments in the zone, and zones were ranked by their averaged segment PSI.
After that, both the intersection and segment PSI ranks were averaged; the TSAZs were
ranked by the fial averaged intersection and segment PSIs. As was the case at the
macroscopic level, TSAZs with top 10% midroe v e | PSI's were categor
zones at the microscopic level. Finally, TSAZs were classified into twelve categories
based on macraand mico-level screening results. It should be noted that we used the
total length of the segments to normalize the segment PSls because the lengths of the
segments could vary. Also, the percentile ranks of the PSIs were used in the integration
(instead of the mginal PSIs) because the units of PSI intersections and PSI segments

were different
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9.2.Integration Results

Section9.2 provides the integration results of the maenod micrelevel tests. The research
team analyzed hot TSAZs for both total crashes and-dathinjury crashes in order to be
consistent with the HSM. Moreover, by doing so the results alsoedldaran examination of
whether therewere any differencesvith regards to hot zone locations among various crash
severity levels. The total crash hot zone screening results display the overall crash distributions
within the study area, whereas the fatattinjury crash hot zone screening results represent the
more severe crash distributions. Sectidh®.1 and 9.2.2 explain the detailed hot zone
classifications for total crashes and faabiinjury crashes, respectively. Finally, the two
screening results are compared3action9.2.3.

9.2.1. Total Crashes
Table9-2 shows the number of zones by hot zone classification for total crashes. Overall,

26 HH zones were identified, which is top priority for safety treatments because this type of zone
has a higher crash risk at both the macroscopic and microscopic levelsvétotaere are 20
HN zones and 21 NH zones, the next highest priority for treatment. HN zones have serious safety
problems at the macroscopic level and an intermediate level of risk at the microscopic level,
whereas NH zones have a high traffic crash aisthhe microscopic level and an intermediate risk
at the macroscopic level. It is also necessary to pay attention to HC and CH zones. Both HC and
CH zones have contradicting hot zone identifications at different levels. There are three HC
zones, each of kch is exceedingly risky only at the macroscopic level but safe at the
microscopic level. Overall, two CH zones were identified and both are very dangerous at the
microscopic level but safe at the macroscopic level. Eight zones were identified as A€, whic

means they are safe both at the macroscopic and microscopic levels. There is no significant
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difference in the hot zone identification of urban and rural areas, except for with the NO zones.
NO/CO zones, which have no mielevel components, appear in h& percentages in rural

areas (25%) than in urban areas (7%). This is because the density levels of major roadway
networks in rural areas are much lower than those in urban areas, even though such zones in rural

areas are much larger.

Table 9-2 Number of zones by hot zone classification (total crasly

Classification Urban Rural =um
Zones % Zones % Zones %

HH 22 5.1% 4 5.6% 26 5.2%
HN 18 4.2% 2 2.8% 20 4.0%
HC 2 0.5% 1 1.4% 3 0.6%
HO 0 0.0% 0 0.0% 0 0.0%
NH 19 4.4% 2 2.8% 21 4.2%
NN 261 61.0% 32 44.4% 293 58.6%
NC 34 7.9% 6 8.3% 40 8.0%
NO 29 6.8% 17 23.6% 46 9.2%
CH 1 0.2% 1 1.4% 2 0.4%
CN 34 7.9% 5 6.9% 39 7.8%
CC 7 1.6% 1.4% 8 1.6%
CO 1 0.2% 1 1.4% 2 0.4%
Sum 428 100.0% 72 100.0% 500 100.0%

Figure 9-3 presents the spatial distribution of TSAZs by hot zone classification for total
crashes in urban areas. It was observed that many HH/HN/NH zones are located along State
Road 50 (Colonial Drive), State Road 435 (Kirkman Road), State Road 408WEsist

Expressway), US Route 17/92/441 (Orange Blossom Trail), and Interstate 4.
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There are two large clusters containing multiple HH zones. The first HH cluster is located
in the center of the map, adjacent to Interstate 4, State Road 435 (Kirkman Road), and US
17/92/441 (Orange Blossom Trail). The second cluster is in the East Orlando area. This research
shows that several principle arterial roadways (such as State Road 408 and State Road 50) cross
the second HH cluster.

On the other hand, it seems that CC zonesi@oform clusters. Some CC zones are

located in the downtown area, whereas other zones are located in suburban areas.
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Figure 9-4 displays the spatial distribution of TSAZs by hot zone classification for total
crashes in rural areas. It was found that HH/HN/NH zones could be found near principle arterial
roadways including State Road 528 (Beachline Exguvag), State Road 520, and State Road 91
(Fl oridads Turnpike), or adjacent to urban ar

However, compared to urban areas, HH zones for total crashes in rural areas form no
clusters and all are spatially isolated. Two zones are located in the eas$tateaRoad 520).

The first HH zone in the northwest has a mixed land use of residential and commercial, and a
collector road crossing the zone (County Road 435). The other HH zone is in the southwest
corner of the area and its land use is a mixture ofleaesial and commercial. County Road 531
provides the boundary for this zone, and functions as a collector. Only one zone in this rural area
is classified as a CC zone for total crashes. This zone is mainly in an agal@rdar with some

residential builings.
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Table9-3 compares the local features of HH and CC zones in urban and rural areas. For

HH zones in urban areas, it was shown that t h
than three times | arger than in tclsé®d amtdi rodN uumb
of hotel, mot el |, and ti meshare rooms per squa
to the overall urban area. Moreover, OProport

is higher in HH zones, as well. This suggestt #tones containing more high speed roadways

are more vulnerable to traffic crash occurrences.

CC zones in wurban areas also have | arger
However, the OProportion of Hi s pasemgeclskéwise,n CC
the O&é&Number of hot el |, mot el , and timeshare r
roadways with 55 mph or higher speed | imitso

As compared to the average, HH, and CC zonal feataoresral areas (Table-2), the
OPopul ation densityéd in HH zones is much | ar ¢
half the average. OProportion of Hispanics©é i

in CC zones it is slightly lower.
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Table 9-3 Comparison of zonal features between the average, HH, and CC zones (total cregh

Zonal factors Urban Rural
Average HH CC Average HH CC
Population density | 410.0 1258.0 1297.5 124.4 551.9 62.4
Proportion of 0.274 0.340 0.240 0.279 0.399 0.238
Hispanics
Number of hotel, 139.7 590.9 65.86 51.05 1.138 0.000
motel, and timeshare
rooms per square mil
Proportion of 0.052 0.077 0.045 0.075 0.000 0.000
roadways with 55
mph or higher speec
limits

9.2.2. Fatal-and-Injury Crash es

In the previous sulection, the total crash hot zone screening results showed the general
crash distributions. However, it is also necessary to examine where more severe crashes occur,
and their corresponding features. Thus, i #ubsection the results of a fatahdinjury crash
hot zone identification are described and compared with the results of the total crash hot zone
identification.

Table9-4 summarizes the number of zones by hot zone classification foafadahjury
crashes. In the first section, we start from the zones that are consistent at both theanehcro
microscopic levels. There are only 12 HH and two CC zones identified. Considering that there
are 26 HH and eight CC zones for total crashes, the number &fGHEines for fatahndinjury
crashes is quite small when compared to the total crash case. It seems that consistency in the hot
zone/cold zone classifications betwdbha macre and microscopic levels is reduced in the case

of fatalandinjury crashes. Iicould thus be concluded that fataldinjury crashes are more
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significantly influenced by networlevel characteristics than zonal factors, as compared to total
crashes.

Furthermore, it was observed that there is little difference in the percentageshof
category in urban and rural areas. The proportion of HH zones in urban areas is 2.1% and in rural
areas 4.2%. Similarly, the proportion of CC zones in urban areas is only 0.2%, while in the rural
areas 1.4%. This shows that the hot zone classificafrom the two levelsremore consistent

in therural area tham theurban area
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Table 9-4 Number of zones by hot zone classification (fatand-injury crasheg

Classification Urban Rural =um
Zones % Zones % Zones %

HH 9 2.1% 3 4.2% 12 2.4%
HN 26 6.1% 4 5.6% 30 6.0%
HC 7 1.6% 0 0.0% 7 1.4%
HO 0 0.0% 0 0.0% 0 0.0%
NH 31 7.2% 4 5.6% 35 7.0%
NN 253 59.1% 30 41.7% 283 56.6%
NC 35 8.2% 7 9.7% 42 8.4%
NO 24 5.6% 16 22.2% 40 8.0%
CH 2 0.5% 0 0.0% 2 0.4%
CN 34 7.9% 5 6.9% 39 7.8%
CC 1 0.2% 1 1.4% 2 0.4%
CO 6 1.4% 2 2.8% 8 1.6%
Sum 428 100.0% 72 100.0% 500 100.0%

As seen in Figur®-5, the majority of the HH/HC zones in urban areas are located along
State Road 50 and State Road 408. However, the HH/HN zones near Interstate 4 showed a
considerably reduced number as compared to total crash hot zones. As mentioned earlier, NH
zones fortotal crashes are concentrated in the downtown Orlando area. However, the NH zones
for FI crashes are dispersed from the center of Orlando and most are located in suburban areas.
This implies that more severe crashes are more likely in suburban are&s tihban areas. It
can be concluded, then, that the total crash risk is higher in urban areas because such areas have
more significant exposure to traffic; at the same time, driving speeds in urban areas are slower

than in suburban areas.
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It was also obsrved that HH zones form two clusters. The first cluster is located between
State Road 435 (Kirkman Road) and US 17/92/441 (Orange Blossom Trail) near Interstate 4 in
the center of Orlando. The second cluster is located in East Orlando along State Road 50

(Colonial Drive) and surrounds the University of Central Florida.
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As for rural areas, Figur8-6 shows the spatial distribution of the TSAZs by hot zone
classification. Similarly, in the total crash case the majority of HH/HN zones of FI crashes are
located near main arterial roadways such as State Road 528, State2BpaddbState Road 91.

Only a few HH/HN zones are close to urban areas.

One HH zone in the northwest (which was also classified as an HH zone for total crashes)
has a mixed land use of residential and commercial. It was the only zone in a rural amea that
classified as a CC zone for fatahdinjury crashes; it is in a residential area. It was found that
most HH/HN zones for fatandinjury crashes can also be categorized into HH/HN zones. This
indicates that zones that are vulnerable to total crasfeslso likely to see fatahdinjury
crashes. This may be because crashes occurring in rural areas tend to be more severe than those

in urban areas.
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Table9-5 compares zonal features between the average values of all areas, HH, and CC

zones for fataandi nj ury cr ashes. I n urban areas, t he ¢
and CC zones are largéran aver age. However, ONumber of he
per square miled in HH zones is nearly triple

and timeshare rooms per square mil eortionmf CC zo
roadways with 55 mph or higher speed | imitso

average (5.2%).

Table 9-5 Comparison of zonal features between the average, HH, and CC zofiegal-and-injury crasheg

Zonal factors Urban Rural
Average HH CcC Average HH CcC
Population density | 410.0 733.4 1612.2 124.4 287.2 18.6
Proportion of 0.274 0.221 0.213 0.279 0.466 0.233
Hispanics
Number of hotel, 139.7 338.5 61.83 51.05 1.227 0.000
motel, and timeshare
rooms per squamile
Proportion of 0.052 0.080 0.000 0.075 0.000 0.000
roadways with 55
mph or higher speec
limits
As for rur al areas, the O6Popul ation density

average, but quite a stnaller than the average in CC zones. This implies that poputigitse

areas (i.e., residential areas) are more dangerous in terms edrfdtajury crashes in rural
areas. Al so, there is a significantnesgqdghei n t h
average. Hispanics in HH zones in fadaldinjury crashes make up 46.6% of the total

population, whereas the average for Hispanics is 27.9% in all rural areas.
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9.3. Summary of Integration

A novel screening methodology for integrating two lewelss developed and used in this
research for hotspot/hot zone determination. TSAZs were classified into twelve categories with
considerations made for both macend micrelevel results. It is recommended that different
strategies for each hot zone cléisation be developed because each category has distinctive
traffic safety risks at each of the different levels. For HH zones, both Aea@idreatments (i.e.,
education, campaigns, enforcement, etc.) and rhésr@l treatments (i.e., engineering sauos)
are required to improve the traffic safety of the entire area. For example, assuming that one zone
has a high safety risk related to bicycle crashes at both the naackanicroscopic levels, only
applying engineering treatments at the network lduel, adding bike lanes) might not be
effective or efficient because the zone also has zonal level factors that contribute to bicycle
crashes. Therefore it would be ideal to begin bicycle safety campaigns and education programs at
bike facilities.

On theother hand, HN and HC zones might need a greater level of focus on-lenzgro
treatments because no specific safety problems emerge at the microscopic level. For CH zones,
applying micrelevel treatments for specific hotspots could alleviate traffic niskge efficiently
than other types of measures. As seen in the results of this research, no HO zones were identified
by our case study. However, they might be observed in other study areas. If HO zones exist, it
would mean that such zones do not have magadways or intersections, but rather only local
residential roads with high traffic crash risk. Thus, we would need to screen residential areas and
provide macrdevel solutions to prevent local traffic crashes (such as installing a tcatfiting
zong. Admittedly, NC, NO, CC, and CO zones are not priority zones for safety treatments

because they are safe for now. Nevertheless, it is necessary to keep monitoring these areas
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because traffic crash patterns are unstable and traffic crash risks camsberried to these zones

from other adjusted zones, especially for NC and NO zones.
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10. CONCLUSION

Many studies have analyzed at the microscopic level the sites with high traffic safety risk
(e.g., segments, intersections, etc.), inclgdine HSM Part B (AASHTO, 2010).Recently,
several studies have begun to focus on zbaakd network screening at the macroscopic level.
Compared to microscopic safety studies, macrosdopiesed research is more efficient at
integrating zonalevel features into crash prediction malahd identifying hot zones. However,
macroscopic screening has accuracy limitations because it cannot identify and separate hot spots
from other sites within a single zone. Thus, this study developed a new integrated screening
approach to overcome the afeementioned shortcomings of current screening techniques and to
achieve a balance between efforts towards accuracy and efficiency.

For conducting macro level safety analyses, the research team faced several challenges. First,
using current Traffic Analys Zones (TAZs) as basic geographic units caused a high percentage
of boundary crashes because TAZs were delineated for transportation planning but not for traffic
crash analysis. In order to solve this problem, the research team used regionalizai@ioi d
a new study unit: Traffic Safety Analysis Zones (TSAZs) systems. In other words, this
regionalization can alleviate limitations of the TAZ system by aggregating TAZs into a
sufficiently large and homogenous zonal system. The research team usadwing=8rsythe
test to select the optimal scale (500 zones as the new zone system for overall crashes) since it
minimizes boundary crashes and zones without including rare types of crashes. Approximately
10% of boundary crashes have been eliminated afterethionalization but more than 60% of
crashes still occur on the boundary of TSAZs. Hence, a nested structure was proposed to
estimate safety performance models separately for boundary and interior crashes. This nested

structure allows different contriing factors for different crash types, so this model can provide
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more accurate and predictable results than a single model. The six types of crashes in each model
are varied based on their locations (boundary or interior) and roadways (FACR, otherasiste ro

or nonstate roads). They are FSB (FACR State road Boundary crashes), FSI (FACR State road
Interior crashes), OSB (Other State road Boundary crashes), OSI (Other State road Interior
crashes), NSB (Noatate road Boundary crashes) and NSI (State rod Interior crashes). In
addition, a Bayesian Poisson Lognormal Spatial Error Model (BPLSEM) was adopted for the
SPF analysis in this nested structure. The BPLSEM contains a disturbance term for handling the
overdispersion problem, and its spatial erramtecan control for the spatial autocorrelation of

crash data. In addition, the PSI (Potential for Safety Improvements), the difference between the
expected crash count and the predicted crash count, was used as our measurement to-define hot
zones.

As for the micro level analysis, the research team developed SPFs based on the major
function classes of roads in our study area (Osceola, Seminole and Orange counties). For these
segments, there are rural 2 lanes undivided, rural 2 or 4 lanes dividad, 2ifbnes divided,
urban 4 lanes divided, urban 2 or 4 lanes undivided, six or more lanes interrupted roads, one way
roads, and 3 lane with Two Way Left Turn Lane (TWLTL). For the intersection, there are 4 Leg
Intersections and 3 Leg Intersections. Ouetakese road classes are consistent with the HSM
road classification. Moreover, this study includes some new roadway types that are even not
presented in the HSM, such as six or more lanes interrupted roads. Because there is no existing
SPF or referencergup data available, a Full Bayesian model was used to estimate the PSI value
for different roadway types in the study area. A Poissomtognal model with random effect
was employed in this project. For the segment, the independent variables were Arerage

Daily Traffic (AADT) and segment length. For the intersection, the model fitting procedure was
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similar as with the segments. The research team still used the Full Bayesian Poisson Lognormal
models to predict crash frequency but tried four diffexemtable combinations to identify the
best model.

After identifying hot spot areas at bothacre and microscopic levels, the research team
integrated these macroscopic and microscopic screening results. However, this integration task
was challenging bexise we needed to (1) combine various SPFs from different scales, areas,
and roadway types; (2) determine an appropriate weight for each group; and (3) choose a
measurement for our final results.

In order to solve the above mentioned problems, this shetydeveloped a new criterion to
identify whether a zone has safety issues at the maaa/or microscopic levels. All TSAZs
were classified into twelve categories that include two scale groups (macro or micro) and four
safety levels (hot, normal, coldr no data). These categories are: HH, HN, HC, HO, NH, NN,

NC, NO, CH, CN, CC, and CO. The first character of the classification represents the
macroscopic safety risk, and the second character illustrates the microscopic safety risk.

Then, the researcleam defined weights for different scales and roadway types. At the
macroscopic level, TSAZs were ranked by their zonal PSIs; at the microscopic level, the
calculation of average PSI was more complicated because each TSAZ had several intersections
and segmats. The PSIs of the intersections in each TSAZ were averaged by the number of
intersections, and the zones were ranked by their averaged intersection PSI. Simultaneously, the
PSls of segments in each zone were averaged by the total length of the s@gthereene, and
zones were ranked by their averaged segment PSI. After that, both the intersection and segment

PSI ranks were averaged; the TSAZs were ranked by the final averaged intersection and segment
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PSIs. As was the case at the macroscopic leveh\ZESwith top 10% micrdevel PSIs were
categorized as fAHoto zones at the microscopic

Finally, the percentile ranks of the PSIs were used in the integration (instead of the original
PSIs) because the units of PSI intersections and PSI segmenudiffezemt. The research team
analyzed hot TSAZs for both total crashes and fanalinjury crashes in order to be consistent
with the HSM. Moreover, by doing so the results also allowed an examination of whether there
are any differences with regards totlzone locations among various crash severity levels. The
total crash hot zone screening results display the overall crash distributions within the study area,
whereas the fataindinjury crash hot zone screening results represent the more severe crash
distributions.

In summary, this study presents an integrated screening method that can be used to overcome
the shortcomings of macrand micrelevel approaches. In particular, our results provide a
comprehensive perspective on appropriate safety treanigntbalancing the accuracy and
efficiency of screening. Also, it is recommended that different strategies for each hot zone
classification be developed because each category has distinctive traffic safety risks at each of
the different levels. However, ghould be noted that there are some limitations to this study.
First, the research team only used data for three counties to estimate the SPFs. It is suggested
that future research evaluate the transferability of the SPFs developed in this resedtwtr for o
areas in Florida. Second, the research team did not include the variance of PSIs when calculating
the average PSI in each zone. As a result, even two zones could both be classified as hot zones at
the microscopic level. It is possible that one zonaildohave consistently high PSI
segments/intersections with low variances, whereas the other zone could have

segments/intersections with high variances in their PSIs. In the former case, the zone would be
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uniformly risky at the microscopic level, so awale engineering treatments should be
considered. In contrast, the zone in the latter case would have some extremely high risk
segments/intersections but other segments/intersections would not be that dangerous. In this case,
it is recommended that counteraseres be applied only for the specific sites. Also, if the
highway agencies are more concerned about the crash cost, PSls could be replaced with other
hotspot identification methods such as the equivglespertydamageonly crash frequency
method. Lasil, only two types of crashes (total crashes and -tatdiinjury crashes) were
analyzed in this research. It would be useful if hot zones for other various types of crashes could
be identified, considering both macroscopic and microscopic levels, sotiprecs could
comprehensively recognize the hot zone locations of specific crash types and apply appropriate

safety treatments.

This report includes also 2 Spreadsheets (one for total crashes and the other for Fatal and Injury

crashes) to help practitiorseto implement the methods developed in this study. Please refer to

Appendix D for a short user guide to use these tools.
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APPENDIX A

MODELING FORMULATION FOR MACRO -LEVEL ANALYSIS

The Nested Bayesian Poisson Lognormal Spatial Error Model (NBPLSEM) was adopted
for the SPFRanalysisbecause this modélas a disturbance term for handling the edispersion

problem andits spatial error terncancontrol for the spatial autocorrelatiofcrash data

The model is specified as follows:

Gx B&Qi 1k E

Ao 1 — -
— 0 €1 & di
where

&: aggregated total (or fatahdinjury) crashes of thi" TSAZ,
I :intercept,

I s are the coefficient estimates of covariate$,

—is the random effect term,

* is the spatial effect ternand

t is the precision parametewhich is the inverse of the variance aadjiven prior

gamma distributiorf0.5, 0.005).

(A-1)
(A-2)

(A-3)

TheBayesiarmodelis fit with vague prior distributionsNormal(0, 10°) forf s.

The spatialeffect term € ) is included to account for the heterogeneigyised bythe spatial

correlation. The spatigbatternuses an intrinsic Gaussian Conditional Autoregressive (CAR)

with aprior distribution,) £ i & ditt . The mean ofe is defina by

B o 0

143

(A-4)



where
w; = 1, if zonesi andj are adjacenbased on the®lorder contiguity, otherwises; = 0.

In order toevaluatethe contribution of spatial autocorrelations in the error component,
the apportionments dfpatialvariability in the error due to the spatial autocorrelation in each
submodelare calculated using the following formula:

GBd £) B £ GBE A& (A-5)

where
s.d. is standard deviation,
—is the random effect termand

* is the spatial effect term

Thus,ahigh valuemears that crasbsare affected by the spatial effectherthan the

random effect.
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APPENDIX B

MODELING FORMULATION FOR MICRO -LEVEL ANALYSIS

A Poisson lognormal modelwith random effects wasmployedfor each of the crash
types (total crashes and fataidinjury crashes) The regression modeis derived from the
Poisson model by assuming thiaé same intersectisshare one error term ovevo years.The
framework of the regression modgkxpressed as follows:

w 0&£Qi et

Own..T - ‘C Z0MmAR (B.1)

- 0 &l & dant

T "O®a & a8t mu

wherey _is the observed crash frequency of sitetime period,

ais the mean predicted crash frequency forisitetime period,

xis a vector otheindependent variablescluding the IogAADT) on major roads (AADT_mj)

and the lIo¢AADT) on minor roads (AADT_mn),

b is a vector of the coefficients ,andr each in

#is the variance of .the nor mal di stribution f
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APPENDIX C

THE PSISFOR ALL TSAZ

Table C-1 Ranking TSAZs using PSils (urban areas)

Rank Rank Total crash Fatal-and-injury crash

an percentile TSAZ ID PSI TSAZ ID PSI

1 0.2% 56 1127.880 202 334.644
2 0.5% 15 971.440 8 272.738
3 0.7% 202 791.730 196 255.596
4 0.9% 8 651.180 2 234.250
5 1.2% 9 648.000 56 233.255
6 1.4% 196 625.459 15 204.740
7 1.6% 192 620.349 89 188.698
8 1.9% 89 595.207 207 179.557
9 2.1% 69 549.530 5 178.469
10 2.3% 104 510.150 43 175.275
11 2.6% 382 498.175 69 171.608
12 2.8% 130 492.320 3 156.202
13 3.0% 224 470.914 12 151.874
14 3.3% 0 433.720 192 150.154
15 3.5% 92 429.485 67 138.363
16 3.7% 67 428.796 62 137.494
17 4.0% 62 413.550 130 134.979
18 4.2% 6 411.870 18 133.330
19 4.4% 43 402.370 104 131.018
20 4.7% 66 385.870 9 129.910
21 4.9% 146 384.350 0 125.090
22 5.1% 178 381.803 66 124.134
23 5.4% 18 376.160 58 118.026
24 5.6% 42 361.726 101 111.759
25 5.8% 212 354.540 65 111.366
26 6.1% 195 350.338 93 110.636
27 6.3% 29 345,127 212 110.133
28 6.5% 35 330.897 16 109.178
29 6.8% 180 327.315 180 104.254
30 7.0% 19 318.380 86 96.362
31 7.2% 207 318.163 57 96.124
32 7.5% 60 302.947 6 94.408
33 7.7% 14 293.278 224 94.395
34 7.9% 2 287.020 38 91.203
35 8.2% 28 280.342 105 87.838
36 8.4% 57 268.780 382 87.799
37 8.6% 3 257.644 195 86.882
38 8.9% 250 253.911 250 82.205
39 9.1% 98 252.000 19 80.906
40 9.3% 5 250.610 233 79.481
41 9.6% 38 248.007 345 79.408
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42 9.8% 22 247.428 42 78.342
43 10.0% 93 235.027 333 76.341
44 10.3% 295 232.700 161 75.700
45 10.5% 155 231.279 91 75.388
46 10.7% 65 228.712 172 75.240
47 11.0% 218 222.240 146 74.688
48 11.2% 292 220.560 200 74.208
49 11.4% 172 219.390 121 73.262
50 11.7% 121 217.267 160 72.618
51 11.9% 52 216.758 151 72.402
52 12.1% 16 213.589 52 72.197
53 12.4% 399 211.038 78 68.422
54 12.6% 12 197.873 208 67.546
55 12.9% 80 195.390 32 66.875
56 13.1% 50 194.917 178 65.854
57 13.3% 99 194.685 92 65.710
58 13.6% 45 192.949 292 63.797
59 13.8% 107 190.951 117 63.661
60 14.0% 333 190.680 305 63.121
61 14.3% 77 189.101 11 62.572
62 14.5% 78 186.910 50 62.409
63 14.7% 144 185.992 280 61.649
64 15.0% 7 183.210 17 61.047
65 15.2% 74 180.490 126 58.846
66 15.4% 297 180.270 26 57.957
67 15.7% 345 180.270 20 57.839
68 15.9% 375 178.819 29 57.059
69 16.1% 160 178.285 22 56.378
70 16.4% 20 176.797 165 55.250
71 16.6% 405 174.015 375 54.958
72 16.8% 105 166.435 137 54.901
73 17.1% 13 164.186 73 54.421
74 17.3% 94 163.361 94 53.906
75 17.5% 117 162.874 295 51.866
76 17.8% 197 160.625 218 51.827
77 18.0% 126 159.799 187 51.611
78 18.2% 305 159.440 107 51.294
79 18.5% 249 157.915 149 50.325
80 18.7% 404 155.897 271 48.850
81 18.9% 90 154.480 98 48.289
82 19.2% 182 152.978 229 47.793
83 19.4% 111 152.543 276 47.685
84 19.6% 359 148.271 405 47.543
85 19.9% 280 148.107 341 46.986
86 20.1% 177 143.234 156 46.744
87 20.3% 129 139.367 68 46.516
88 20.6% 230 138.655 37 46.407
89 20.8% 203 135.401 125 46.067
90 21.0% 161 135.080 46 45.860
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91 21.3% 58 134.929 7 45.587
92 21.5% 101 134.060 129 45.214
93 21.7% 374 130.267 75 44.929
94 22.0% 364 129.627 154 44.620
95 22.2% 23 127.527 322 44.429
96 22.4% 103 127.174 339 44.011
97 22.7% 142 126.915 205 43.977
98 22.9% 366 122.990 188 43.876
99 23.1% 322 119.860 297 43.777
100 23.4% 200 118.584 302 43.685
101 23.6% 229 118.537 404 43.663
102 23.8% 302 113.629 74 43.130
103 24.1% 233 112.898 366 42.956
104 24.3% 339 111.555 256 42.537
105 24.5% 32 110.656 111 41.469
106 24.8% 86 110.280 21 41.382
107 25.0% 100 109.111 289 40.889
108 25.2% 346 107.389 182 40.425
109 25.5% 30 106.505 142 39.762
110 25.7% 187 105.500 364 39.592
111 25.9% 298 105.421 103 39.127
112 26.2% 68 105.025 463 38.790
113 26.4% 175 103.346 213 38.681
114 26.6% 438 101.793 127 38.580
115 26.9% 26 100.800 13 38.123
116 27.1% 226 99.346 230 36.904
117 27.3% 72 98.984 110 36.741
118 27.6% 54 98.622 48 36.681
119 27.8% 289 98.484 25 36.657
120 28.0% 357 92.948 359 36.557
121 28.3% 256 91.000 155 36.039
122 28.5% 271 89.975 45 35.828
123 28.7% 179 88.970 112 35.766
124 29.0% 350 85.277 60 35.615
125 29.2% 213 84.685 141 35.598
126 29.4% 153 84.680 374 35.346
127 29.7% 194 84.092 261 35.042
128 29.9% 391 82.887 88 34.977
129 30.1% 227 82.188 227 34.947
130 30.4% 201 79.026 395 34.901
131 30.6% 381 77.428 132 34.840
132 30.8% 53 76.521 399 34.252
133 31.1% 276 76.044 47 33.814
134 31.3% 395 74.510 222 33.026
135 31.5% 467 70.820 385 32.695
136 31.8% 266 70.665 242 32.563
137 32.0% 88 70.528 90 31.427
138 32.2% 96 69.675 173 31.324
139 32.5% 398 68.654 304 31.240
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